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The ALOS Kyoto & Carbon (K&C) Initiative is an international collaborative project led by the Japan 
Aerospace Exploration Agency, JAXA. The Initiative builds on the experience gained from the JERS-1 
Global Rain Forest and Boreal Forest Mapping (GRFM/GBFM) projects, in which SAR data from the 
JERS-1 satellite were used to generate image mosaics over the entire tropical and boreal zones of Earth. 
While the GRFM/GBFM projects were undertaken already in the mid 1990's, they demonstrated the utility 
of L-band SAR data for mapping and monitoring forest and wetland areas and the importance of providing 
spatially and temporally consistent satellite acquisitions for regional-scale monitoring and surveillance. 
 
The ALOS K&C Initiative is set out to support data and information needs raised by international 
environmental Conventions, Carbon cycle science and Conservation of the environment. The project is led 
by JAXA EORC and supported by an international Science Team consisting of some 30 research groups 
from 18 countries.  
 
The objective of the ALOS K&C Initiative is to develop regional-scale applications and thematic products 
derived primarily from ALOS PALSAR data that can be used to meet the specific information requirements 
relating to Conventions, Carbon and Conservation. Phase 3 of the Initiative has been undertaken within the 
context of two themes which relate to three specific global biomes: Forests and Wetlands. Each theme has 
identified key products that are generated from the PALSAR data including land cover (forest mapping), 
forest change mapping and forest biomass and structure (Forests), global wetlands inventory and change 
(Wetlands). Each of these products is generated using a combination of PALSAR, in situ and ancillary 
datasets.     
 
This report presents results obtained by the K&C Science Team during Phase 3 of the project, comprising 
the period 2011 – March 2014. 
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Abstract— Important progress was made in methodological 
development, radar capacity building in the project areas 
(Indonesia and Brazil), validation efforts and development of 
demonstration products. New methodologies include practical 
approaches for consistent annual mapping and an advanced 
two-stage approach for slope corrections. Multi-temporal 
speckle reduction techniques were applied in some of the new 
Phase 3 products. The integration of PALSAR Fine Beam data 
time series with Landsat time series, C-band radar or 
ScanSAR time series was studied. Demonstration products 
cover the use of PALSAR for flood frequency mapping in 
Borneo and degradation/deforestation mapping in Guyana. 
The latter was done in combination with Landsat. Other 
demonstration products cover wide areas such as the biomass 
stratification map of Borneo, the land use and land cover map 
of Surinam and the (25 m res.) shifting cultivation dynamics 
map of the Calha Norte in Northern Para, Brazil. The work on 
the new 25 m path data is still limited because of the late 
delivery of new K&C phase 3 data, and the associated initial 
pre-processing problems. 

 

Index Terms—ALOS PALSAR, K&C Initiative, forest 
monitoring, forest degradation, biomass, flood frequency 

I. INTRODUCTION 

A. Background and general research objectives 
Development of UNFCCC REDD+ agreements and the 

Ramsar convention require the availability of credible and 
regularly updated spatial information on forest, forested 
wetlands and land use and land cover change at the local to 
national levels. Persistent cloud cover in tropical rain forest 
areas, in particular in areas such as Insular SE Asia and the 

Guiana Shield, severely limits the practical use of optical 
satellite observation. 

Monitoring land cover change on an annual basis requires 
consistent year-to-year mapping. This implies that the 
localised and temporal effects of environmental factors on the 
backscatter level (such as inundation or El Niño drought) and 
variation due to differing observation dates/cycles (related to 
change of season) have to be accounted for path by path. 

The project primarily aims to develop techniques to 
improve time-consistency (and avoid error propagation) over 
wide areas, which includes the automated handing of radar 
signature change due to changing environmental conditions 
and the use of ScanSAR data to support classification in 
dynamic and irregularly inundated areas (for more details see 
also K&C phase 2 final report [1]). The availability to date of 
more than four years of systematic PALSAR observation 
allow the study of long time series and assessment of 
robustness and consistency of classification under varying 
conditions in several key ecological regions in the tropics.  

The research is carried out in two very different tropical 
forest biomes. The first main biome is called the Guiana 
Shield   and   comprises   the   three   Guiana’s   (French   Guiana,  
Suriname,  Guyana)  and  the  ‘Calha  Norte’.  The  latter  area  (17  
million ha) is located in the North of the Brazilian states of 
Pará  and  Amapá,  adjacent  to  the  Guiana’s.  The  Guiana  Shield  
area is older then the rest of the Amazon and, consequently, 
has a higher complexity and diversity of forest types, with 
some types unique for the Guiana Shield. The second main 
biome studied is Insular SE Asia with the Dipterocarp forests 
of Borneo and Sumatra, but also Papua, which has different 
eco-regions, notably in the valleys (such as Mamberamo). 
Both study areas comprise important mangrove complexes 
(and as such can contribute to the K&C Mangrove Watch). 
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Secondary objectives of the Phase 3 study relate to the 
development of techniques that may further enhance the 
quality of the (time-consistent) products. These techniques are 
(a) improved slope correction, (b) use of image texture and (c) 
multi-temporal speckle filtering. 

To address the primary and secondary research objectives 
use was made of the K&C slant-range path data, rather then 
the more widely distributed mosaic data. This was done for 
three important reasons. (1) Fine beam path data are available 
for three or more observation times per year, while fine beam 
mosaic data are available only for one observation per year. 
More observations per year allow for the development of 
better quality products. Moreover, it would allow better 
preparation for the PALSAR-2 mission where 4-6 FBD 
observations per year are planned over the tropical forests. (2) 
The original path radiometry/geometry is needed to handle the 
varying environmental conditions (such as flooding, drought, 
heavy rain) causing radar signatures between adjacent paths to 
change significantly within very short periods of time. (3) 
Using K&C path data allows study of pre-processing steps, 
such as the study of slope correction models.  

 

B. Phase 3 data availability limitations and its impact on 
research planning  
During the Phase 2 study use was made of 50 m K&C path 

data. For the Phase 3 study (April 2011 – March 2014) it was 
intended to use 25 m K&C FBS/FBD path data and/or 25 m 
FBD mosaic data instead. Due to late delivery this was only 
possible to a very limited extent. Most 25 m K&C path data 
were delivered early 2013. Because of an incompatibility 
between the file header information and the Gamma software 
used for orthorectification it took until autumn 2013 before the 
path image pre-processing could be completed. Other Phase 3 
research objectives (as stated in the Phase 3 research proposal) 
entailed (1) the comparison of the quality of products made 
with path image data and products made with mosaic data and 
(2) the production of a decadal change map based on re-
processed JERS-1 data. These objectives could not be 
achieved because mosaic data were not delivered (during 
Phase 3). 

As a consequence of late data availability most work in 
Phase 3 was still based on Phase 2 data. In relation to the 
primary and secondary research objectives as stated above this 
has the following consequences. Most work on the 
continuation of consistent time-series analysis could be 
conducted on 50 m data. The work on 25 m data is still in a 
very early stage but is likely to give significant results because 
of the availability of more FB observations (13 instead of 8) 
and higher spatial resolution. The intended work on improved 
slope correction and multi-temporal speckle reduction was 
done for 50 m data, while the work on texture (where spatial 
resolution is of primary importance) has been postponed. 

 

C. Paper overview  
In this paper an overview of progress achieved during 

Phase 3 will be given. Section 2 starts with the new 
methodological developments. After a short recapitulation of 
the achievements of Phase 1 and 2, techniques for multi-
temporal speckle reduction and advanced slope correction will 
be discussed. This is followed by some of the latest results of 
consistent time-series wide area land cover mapping in 
Borneo.  New  efforts   to   ‘harmonise’   consistent   time   series  of  
land cover obtained with PALSAR and similar results 
obtained with Landsat will be discussed. Section 2 concludes 
with the discussion of the merits of C- and L-band radar 
integration and of PALSAR FB and WB integration.  

Section 3 discusses the cooperation with local partners in 
both areas and achievements in local radar capacity building. 
Section 4 summarises achievements in collection of reference 
data used for legend development, algorithm tuning and 
validation. Section 5 discusses a number of demonstration 
products such as (1) the Mahakam watershed flood frequency 
map, (2) the biomass stratification map of Kalimantan, (3) the 
land use / land cover map of Surinam, (4) the map of forest 
degradation in mining areas in Mahdia, Guyana and (5) the 
map of shifting cultivation in the Calha Norte, Pará, Brazil. 
Section 6 discusses some activities aimed at dissemination of 
results. Section 7 concludes with a summary of the main 
achievements of Phase 3 and an outlook to the exploration of 
PALSAR-2 data. 

 
The number and variety of techniques and demonstration 

products is quite large and, therefore, cannot be discussed in 
full technical detail. For technical details readers will be 
referred to other publications. 
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II. METHODOLOGICAL DEVELOPMENT 

A. Main Phase 1 & 2 achievements 

The main achievement of Phase 1 is the production of the 
forest and land cover map of Borneo. Borneo is one of the 
main  prototype   areas   for   demonstrating  PALSAR’s  wide-area 
mapping methodology in the framework of the GEO-FCT. 
Borneo, the third largest island in the world (750,000 km2), 
was almost entirely covered by tropical evergreen broadleaved 
forest until the 1950s. Intensive logging of predominantly 
commercial dipterocarp species and conversion to cropland, oil 
palm and timber plantations has reduced forest cover 
significantly. Other major natural vegetation types include: 
peat swamp forests, which are found in the coastal and sub-
coastal lowlands of Borneo, freshwater swamps along rivers 
inland, and mangrove forests in the coastal plains along the 
coastlines. The classification is based of Fine Beam Single 
(FBS) and Fine Beam Dual (FBD) polarisation (path) image 
pairs of the year 2007. To cover Borneo the equivalent of 554 
standard images is required. The Phase 1 map features 18 land 
cover classes. A Bayesian approach based on (unsupervised) 
mixture modelling followed by Markov Random Field (MRF) 
classification has been selected for its suitability and flexibility 
to deal with a situation where ground truth is sparse and 
sometimes ambiguous. Qualitative and quantitative validation 
results and findings have been undertaken and the accuracy 
achieved (85.5% full agreement with the independent reference 
dataset   and   7.8%   ‘partial   agreement’)   is   widely   considered  
adequate, a very promising result for a sub-continental high 
resolution (50 m) map based on just single-year radar data [2, 
3]. 

During Phase 2 similar maps for the years 2008, 2009 and 
2010 were produced. Since monitoring land cover change on 
an annual basis requires consistent year-to-year mapping the 
methodology had to be amended. In particular, the localised 
and temporal effects of environmental factors on the 
backscatter level (such as inundation or El Niño drought) and 
variation due to differing observation dates/cycles (related to 
change of season) have to be accounted for strip by strip. New 
concepts for (a) automated intercalibration of radar data, (b) 
time-consistency and (c) automated adaptation of radar 
signatures to changing environmental conditions were 
evaluated extensively during Phase 2 for its usefulness to 
improve the classification and the consistency of annual 
monitoring [1]. 

 

B. Consistent time-series mapping Phase 3 
The consistent annual forest and land cover map series of 

Borneo for the years 2007, 2008, 2009 and 2010 was 
completed during Phase 3. Some of the new methodological 
elements developed during Phase 2 were applied such as the 
intercalibration approach and the temporal filters [Hoekman et 
al., 2011]. In addition some new methodological elements 

developed during Phase 3 were used such as multi-temporal 
speckle filtering (see section 2.3) and the application of rules 
based on models of land cover change. Results from a new 
airborne survey (see section 4.B) were helpful for further 
improvement of legend development and validation. The 
accuracy of these time-series of maps is higher than the 
accuracy of single year maps. Work to quantify this increase 
in accuracy and to prepare a publication is still in progress.  

In the remaining of section 2, notably section 2.5, some 
more details of the consistent annual mapping results will be 
discussed. It is noted that this version of the map series is still 
based on 4 FBD and 4 FBS 50m path image observations. The 
original intention was (and still is) to complete a new version 
based on 8 FBD and 5 FBS 25m path image observations. 

 

C. Multi-temporal speckle reduction 
Multi-temporal filtering of radar images can decrease the 

effect of speckle significantly [4]. Best results are obtained 
with adaptive filters like the modified Lee filter [5]. Though 
[4] work with linear scaled intensities, it may be better (and 
simpler) to work with logarithmically scaled (dB) data [6]. 
The latter was implemented for K&C data processing and 
seems to perform better in texture preserving capabilities. The 
adaptive filtering is crucial for preservation of small spatial 
details while obtaining large speckle reduction in large 
homogeneous  areas.  More  methods  to  handle  the  ‘scale-space’  
and a good overview of speckle filter approaches in general 
can be found in [7]. 

An algorithm was developed and optimised for K&C data 
processing. Note that FBS and FBD data have different 
speckle levels. This multi-temporal approach performs well. It 
reduces speckle close to the theoretical maximum, while at the 
same time preserves texture, creates no offset or spatio-
temporal deformation. Examples are shown in Figure 1. These 
clearly show that speckle filtering makes sense, even for 50m 
path data, which have a high number of independent looks, 
and that fine spatial features, such as 1-2 pixel wide mangrove 
strips and roads, are well-preserved. 

It should be noted that alternatives for speckle filtering 
exist. The MRF filtering used for classification also handles 
speckle. The Phase 1 single year Borneo map was made 
without a speckle-filtering step prior to the classification step. 
However, when larger time series are available (± four images 
or more) the speckle reduction can be very large, and the use 
of prior speckle reduction should always be considered. 
 

D. Relief mitigation  
Steep slopes in SAR images are notoriously difficult to 
handle. Even when an accurate DEM is available and a proper 
orthorectification has been achieved, slopes are still visible. 
Slopes modulate the radar backscatter level in a complex way 
depending on slope steepness, slope aspect, land cover type, 
radar observation geometry, radar frequency band and 
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polarization. Many applications of radar monitoring require a 
proper handling of slope effects. Practical approaches for the 
implementation of terrain type dependent radiometric slope 
correction have been studied in the framework of K&C Phase 
3 [8]. 

The modulation of backscatter by slopes is described by 
three angles (inc. angle, slope steepness angle in range and 
slope steepness angle in azimuth), from which the local 
incidence angle can be derived (see e.g [8]). Many of the 
radiometric slope correction models to date only use the local 
incidence angle, and fail to provide good solutions valid for a 
wide range of terrain type and topographic conditions.
  

Radiometric slope effects in [8] are modeled as the 
products of two models. It is a two-step approach. The first 
step normalizes for slope-induced variation of the amount of 
scatterers. Since uniform isotropic (volume or surface) 
scattering is assumed, this step is independent from terrain 
type, frequency band and polarization [9-11, 3]. There are two 
versions of the first step, viz. Model 1 for volume and Model 2 
for surface scattering. It can be shown these models have a 
simple relationship depending on the slope and incidence 
angles. The second step takes the (variation in) scatter 
mechanisms into account, and depends on terrain type, 
frequency band and polarization. Since the first step already 
mitigates slope effects to a large extent, depending on the 
terrain types, the image resulting from application of the first 
step is a good basis to extract samples to derive the (semi-
empirical) models for the second step.  An example for the 
Rupununi savannah in Brazil is shown in Figure 2. It shows 
the original FBD image (Fig. 2a), the image after application 
of   the   first   step   or   ‘Model   1’   (Fig.   2b)   and   the   image   after  
application of the two-step   approach   or   ‘Model   3’   (Fig.   2c).  
The difference between Model 1 (simple approach) and Model 
3 (new two-step approach) is shown for HV-polarization in 
Fig 2d. 

The multi-model approach described in [8] can be used to 
improve classification (accuracy and number of sub-classes) 
but is also very important for biomass estimation. See for 
example Fig. 2d. In case the first step single-model result was 
used instead of the multi-model two-step approach, a +20% to 
-40% error range was estimated for the low biomass open 
woodland on steep slopes. For dense opaque volume scatterers 
a simple normalization (the first step; Model 1) may be 
sufficient, especially for HV-polarization. For more open and 
less opaque vegetation the second-order terrain-type 
dependent correction (Model 3) is necessary to obtain good 
biomass estimations. Therefore the longer the wavelength, the 
more prominent these effects become. For X-and C-band the 
effects may be less, however, for P-band, the second-order 
correction may be necessary for even more land cover types as 
compared to L-band, and of special concern for   ESA’s  
BIOMASS mission [12]. Since carbon monitoring systems 
focus on accurate estimation of biomass change, rather then 

elimination of small systematic errors, it is important to note 
that over- and underestimation of biomass increase can occur, 
because  the  forest  changes  in  a  more  ‘pure’  volume  scatterer.   

A point of concern is the resolution of the SRTM DEM. In 
areas with long steep slopes such as the Rupununi, the SRTM 
DEM suffices to get reliable values for the slope steepness 
angles. However in other areas, such as parts of Borneo, 
featuring very dissected landscapes with short steep slopes, a 
higher resolution DEM may be needed. Another point of 
concern   is   the   provision   by   space   agencies   of   ‘terrain-
corrected’   images   or   image   mosaics.   In   case   a   single-model 
type of radiometric slope compensation was applied (to 
mitigate slope effects), it is important to provide in addition 
the model that was used and a data layer with the three angles 
(such as incidence angle, slope steepness angle in range and 
slope steepness angle in azimuth). In this way full flexibility is 
kept and the correction applied can be reversed or extended 
with a multi-model correction. 

It is noted that application of this methodology would 
increase mapping accuracy, for example for the wide-area 
Borneo maps. As yet, it is only tested in relatively small  
areas, but with very good results. 

 

E. Consistent time series examples 
Consistent time-series classification is a technique to 

classify a multi-annual series of radar images (in principle all 
Fine Beam images collected during the PALSAR-1 mission) 
into a consistent series of (annual) maps, rather than taking 
images of a single year and process each year completely 
independently. The consistent time-series classification is far 
more complex, however may yield significantly higher 
accuracies as well as more thematic detail. The work is still 
on-going and focuses on validation, the upgrade from 50m to 
25m path data and reporting to journals. Some examples of the 
resulting maps will be given here (Figs. 3 and 4). 

Figure 3 shows a series on intermediate results that may 
well illustrate some strengths of the methodology. The top row 
shows four FBD-FBS image pairs for the years 2007 until 
2010, of an area located East of Palangkaraya, Central 
Kalimantan. The yellow arrows point to an area of low-density 
peat swamp forest surrounded by denser peat swamp forest. 
Because of environmental conditions, in this case soil surface 
flooding under the canopy, the radar backscatter signature 
varies considerably. In 2007 and 2009 it appears as a quite 
‘normal’  blueish  colour,  while  in  2008  it  is  dark  and  in  2010  it  
has a pinkish colour.  Apparently the radar signature of 2007 
cannot easily be used for classification in other years. 
Moreover, the 2007 signature for this area cannot easily be 
used to map similar peat swamp areas in the same year but at 
other locations in Borneo. The radar signature is very 
dynamic, depending on environmental conditions, and the 
PALSAR only captures (in this case) two moments per year.  
However, when a long time-series is available (such as the 
entire PALSAR-1 mission period) the dynamical range can be 
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described, especially when this time period spans extremes. 
This was the case in Borneo where 2007 and 2008 were 
‘normal’  years,  2009  was a very dry El Niño year and 2010 a 
very wet La Niña year. The consistent time-series 
classification utilizes this knowledge and, consequently, can 
distinguish to a large extent backscatter change caused by 
environmental factors and backscatter change caused by land 
cover change. This is well illustrated by the second row of 
images, which are preliminary land cover maps.  

Another important consideration is the consistency of 
boundaries in transition zones between closely related land 
cover types. The middle row shows that the boundary between 
more open and denser peat swamp forests shifts a little bit 
between years due to environmental factors, not to land cover 
change. To mitigate this the hypothesis of land cover change is 
tested statistically. The image at the bottom shows a single 
land cover map of areas that do not change. Now the transition 
zone   boundary   is   a   kind   of   ‘PALSAR-1   mission   averaged’  
boundary. This boundary is used in all final maps simply by 
superimposing the latter map on the maps of the middle row. 

Figure 4 shows another feature of the consistent time-
series map. The signature of forest degradation is subtle and 
visible for short periods of time only. This is because of rapid 
regeneration of vegetation cover in (selective) logging areas. In 
time series such a short dip in backscatter can be recognised 
and mapped. It is not well possible to map this land cover class 
(and several others) in single year data only. Therefore the map 
series contain more classes than the Phase 1 Borneo 2007 map. 
All land cover classes are listed in the table 1 legend. 

 

F. Harmonisation PALSAR - Landsat 
The Indonesian Carbon Accounting System (INCAS) uses 

consistent time-series of forest non-forest maps produced at 
LAPAN, which are based on Landsat data of the period 2000 
until present. As part of the radar capacity building program at 
LAPAN (see section 3) consistent time-series of forest and 
land cover (identical to the ones presented above) were made, 
but now based on PALSAR.  One of the current key interests 
of LAPAN   is   the   ‘harmonisation’   of   optical   products   as  
currently being produced by the INCAS team and the new 
radar products. It is expected that the combination of radar and 
optical data eventually will increase thematic content and 
accuracy considerably.  

During a dedicated workshop Landsat products, which 
were generated using approaches developed by CSIRO and 
UMD, were compared with the PALSAR K&C products. An 
example is given in Figure 5a. It shows an area in Central 
Kalimantan for the year 2009. The two maps (PALSAR left 
and CSIRO Landsat right), which were created completely 
independently, show similarities to a very high degree, both in 
land cover as well as in fine spatial patterns. A comparison for 
the entire area of Kalimantan showed a very large agreement 
for dryland forest and dryland low biomass areas. 
Disagreement is mainly confined to classes that may be 

characterized as  ‘lower  biomass’  and  degraded  forests (Table 
1). An example of disagreement is given in Figure 5b. On the 
aerial photograph (see section 4) the forest on the left is a 
pristine dipterocarp forest, classified as forest both by 
PALSAR and Landsat. The forest on the right is a tall (much 
higher than 5 m), dense and closed secondary forest. In the 
INCAS Landsat forest non-forest classification this is non-
forest;;   in   the   PALSAR   classification   this   is   the   class   ‘forest  
mosaic’,   which   can   be   degraded   primary   or   secondary  
regrowth forest.  Other examples can be found in more rural 
areas. Here PALSAR maps show the small strips of trees 
concentrated  near  roads  (mainly  fruit  trees)  as  ‘forest  mosaic’  
and  other   ‘non-forest’   cover   such   as   coconut  palms   as   ‘palm  
plantation’.  This  type  of  tree  cover  (i.e.   in  small  strips)  is  not  
included in the Landsat forest non-forest maps. Radar is side-
looking and tree trunks cause a relatively strong signal.  

Sometimes PALSAR and Landsat complement each other 
well. For example, mature oil palm is mapped with much 
higher accuracy with PALSAR than with Landsat, while for 
very young plantations the reverse may be true. The full range 
of complementarity still has to be assessed. PALSAR is also 
superior in distinguishing wetland forest types.  

 
 

TABLE I 
Harmonisation result. The legend units of the annual consistent land 
cover map for PALSAR in Borneo are divided in three groups: (a) 
forests,  (b)  ‘lower  biomass’  and  degraded  forests  and  (c)  non-forests. 
For each legend unit the percentage of pixels falling in the INCAS 
non-forest and forest classes are summarised. The agreement is 
generally high for clear forest and for clear non-forest classes. 
Disagreement is probably mainly related to differences and 
incompatibilities in definitions used. . The class riverine forest in the 
PALSAR map for example is related to ecological – hydrological 
characteristics (cf. FAO LCCS), while  ‘forest’  in  the  INCAS  map  is  
an area complying to certain thresholds. In Indonesia, these values 
have been fixed as follows: land area of at least 0.25 ha, 30 % crown 
cover and 5 m   tree   height.   Consequently,   ‘riverine   forest’   can   fall  
partly in forest and partly in non-forest. 
 PALSAR  LANDSAT 

 Forest/Land cover type  
 

INCAS 
NF 

INCAS 
F 

 Forests    
 Lowland forest  0.64% 99.36% 
 Riverine forest   17.58% 82.42% 
 Mangrove forest   9.44% 90.56% 
 Peat swamp pole forest   12.59% 87.41% 
 Peat swamp padang forest  32.02% 67.98% 
 ‘Lower   biomass’   and  

degraded forest types 
   

 ~Swamp forest   29.19% 70.81% 
 Nipah mangrove forest   16.82% 83.18% 
 Burnt peat swamp forest  72.14% 27.86% 
 New deforestation  22.75% 77.25% 
 ~Degraded psf/f  80.79% 19.21% 
  Forest mosaics  36.33% 63.67% 
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 Non-forests    
 Shrubs  86.25% 13.75% 
 Ferns / grass  97.95% 2.05% 
 Grasslands, Alang-alang  96.45% 3.55% 
 Cropland (upland)  62.68% 37.32% 
 Cropland (irrigated)  98.45% 1.55% 
 Plantations (Oil palm)  65.71% 34.29% 
 Open Water   99.28% 0.72% 
 Savannah  ‘grass’  95.40% 4.60% 

 
The agreement is generally high for clear forest (in 

particular pristine forest) and for clear non-forest classes. 
Disagreement may partly be related to differences and 
incompatibilities in definitions used. For example, the class 
‘riverine  forest’  in  the  PALSAR  map  is  based  on  ecological  – 
hydrological  characteristics  (cf.  FAO  LCCS),  while  ‘forest’  in  
the INCAS map is an area complying with certain thresholds. 
In Indonesia, these values have been fixed as follows: land 
area of at least 0.25 ha, 30 % crown cover and 5 m tree height 
[13].   Consequently,   ‘riverine   forest’   can   fall   partly   in   forest  
and partly in non-forest. 

The area with most disagreement is the area which 
probably is the most significant for REDD.  The UMD 
Landsat map has the largest forest fraction, the CSIRO 
Landsat map the lowest fraction, while the PALSAR map is in 
between.  

In the PALSAR map this transitional area is mainly 
classified   as   ‘forest   mosaics’,   which   mainly   comprise   the 
strongly degraded primary forests and the secondary forests. It 
may be advisable (for Indonesia) to adopt the use of maps with 
more forest classes, both forest type classes as well as 
degradation classes. Maybe this can be achieved by optical-
radar integration 

 

G. C- and L-band combinations 
Combining C-band data with PALSAR data is helpful to 

increase the discrimination of classes. During the radar 
capacity building activities at LAPAN a C-band radar mosaic 
of Borneo was made with Radarsat-2 wide beam data in VV- 
and HV-polarisation. A comparison with the PALSAR 
mosaics was made. An example is shown in Figure 6.  

Contrasts between many land cover classes increase when 
C-band (such as Radarsat-2, VV-HV) is used in addition to 
PALSAR (HH-HV). These classes include acacia and mature 
oil palm plantations. In forest areas, such as pristine dryland 
dipterocarp, heath forest (kerangas) and peat swamp forest, 
much more spatial detail is visible, possibly related to 
differences in forest sub-types and/or biomass levels.  

This is of main interest since the Sentinel-1 C-band radar 
data (which also has the VV-HV polarisation combination) 
will soon be available and can be used in combination with 
new PALSAR-2 data. 

 

H. FB and WB combinations 
Besides combinations of PALSAR with Landsat and 

combinations of PALSAR with C-band radar, also the 
combination of PALSAR Fine Beam data with PALSAR 
ScanSAR data is of special interest. 

PALSAR ScanSAR data analysis can amend maps based 
on PALSAR Fine Beam data. Because of the higher temporal 
resolution of ScanSAR data it can better capture dynamical 
events. Time series analysis can reveal the existence of land 
cover classes with high degree of temporal irregularity.  
Figure 7 gives an example. It shows aquatic vegetation such as 
water hyacinth and reeds, which appear irregularly (not every 
year, or same season) and often during short periods only. 
This example shows rice fields that show up in relatively dry 
years only, when river floods are not too high. See also [14]. 

It is also noted that (land cover) maps based on Fine Beam 
data and (flooding) maps based on ScanSAR data are very 
consistent.   For   example,   the   class   ‘swamp   forest’   occurs   in  
areas where ScanSAR data show flooding under closed 
canopy for at least 90% of the observations. 

 
 

III. CAPACITY BUILDING 
 
During Phase 3 new research activities with partners in the 

two major project areas were developed. These research 
activities were part of larger radar capacity building programs. 
The ultimate goal of these programs is the implementation of 
radar monitoring components to complement existing optical 
monitoring systems. 

 

A. INDF project in Indonesia 
The Netherlands Ministry of Foreign Affairs, in the 

framework of its INDonesia Facility (INDF) 2010 program, 
supported the implementation of the project “INDF10/RI/23 
Building   advanced   radar   capacity   for   Indonesia’s   national  
forest and carbon accounting systems”, which was carried out 
by LAPAN, Wageningen University and SarVision in the 
period 2011-2012.  

The project’s  short-term objective was the introduction of 
new radar satellite image processing capacity in Indonesia, 
building on on-going programmes and existing infrastructure. 
The long-term objective is the establishment of sustainable 
capacity in Indonesia for systematic (radar) monitoring of 
Indonesia’s   forest   resources   and   land   cover,   enabling  
payments for reduced deforestation. About 20 staff members 
of LAPAN, and some of the Ministry of Forestry and 
Bakosurtanal were trained in radar data pre-processing and 
land cover mapping, with a special focus on wide-area 
mapping and monitoring using PALSAR. The main 
application was forest monitoring in support of the Indonesian 
Carbon Accounting System (INCAS). 
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B. Moore Foundation project in Brazil 
 
Moore   Foundation   Grant   3550   “Augmenting Forest 

Monitoring Capacity in the Brazilian Amazon through Radar 
Remote Sensing”   aims   to   develop   radar   data   processing  
capacity in the state of Pará in the Brazilian Amazon. This is 
achieved through training and technology transfer from 
Wageningen University and the company SarVision, both 
from The Netherlands, to IMAZON (a research institute for 
sustainable development of the Amazon) and SEMA (the State 
Secretariat for Environment), both based in Belém. ECAM (a 
civil society organization for bio-cultural protection of the 
Amazon, based in Brasilia) participates for specific activities 
in the Calha Norte region. The work focuses on the 
Paragominas municipality and the adjacent Tembé indigenous 
area, as well as selected sites in the Calha Norte region. The 
project period is December 2012 until November 2014. 

   Even though there is already significant capacity for 
remote monitoring in the state of Para through IMAZON, 
radar technology is not yet widely available.  

   Calha Norte is a remote region composed of a mosaic of 
protected areas including state and federal conservation units 
as well as large indigenous territories. The area is one of the 
most remote in the Brazilian Amazon and perennially covered 
by large cloud decks. Remote monitoring needs include 
support to ongoing biodiversity monitoring projects in the 
region as well as threats analysis of (legal and illegal) logging 
and mining operations. 

 
The approach consists of the following key elements. 
A. Establishing an extensive radar data archive for the 

state of Pará. This database includes the K&C 25 m 
path data of the Calha Norte and TerraSAR-X data of 
areas prone to illegal selective logging. 

B. Radar capacity building courses in Wageningen and 
Belém 

C. Development of demonstration products, including 
K&C products. 

D. Preparation for operational implementation 
 

Training took place during two workshops in Wageningen 
(three weeks: 16/9-4/10, 2013) and in Belém (two weeks: 4-
14/11, 2013).  During the first workshop 6 specialists from the 
three institutes were trained in radar data pre-processing, 
including a first introduction in radar remote sensing and 
initial discussions on operational system implementation for 
the state of Pará. 

   During the second workshop 16 persons of the RS/GIS 
staff from the three institutes (including the ones already 
trained in Wageningen) were trained in radar remote sensing 
and radar thematic map development. The discussion on 
operational system implementation was continued. The radar 
database was used to make some initial products.  Making a 

plan for the development of demonstration products concluded 
the workshop. Field visits were made to Paragominas (before 
the first workshop) and to Tembé (after the second workshop). 

IV. FIELD DATA CAMPAIGNS 
The following data collection campaigns were conducted 

during Phase 3. 
 

A. Mahdia, Guyana 
In October 2011 a field survey in the Mahdia district in 

Guyana was executed, followed by an aerial photo 
reconnaissance flight. The focus was on small-scale legal gold 
mining activities and other forest degradation activities such as 
small-scale agriculture and selective (legal) logging. See also 
example demonstration product 4 (section 5) and [15].  

B. Aerial photo reconnaissance flight East and Central 
Kalimantan 
Over 6000 geo-tagged photographs were collected along a 

1300 km route in East and Central Kalimantan at 4 December 
2012. Using a Cessna-Caravan from Balikpapan airport, the 
route carried along the main land cover types: the rubber and 
oil palm plantations in Penajam, crossing the Meratus 
mountain range, into forest conversion areas, wide river 
floodplains and peat swamp complexes in Central Kalimantan, 
extensive areas of wasteland, oil palm plantation and rice 
cultivation, into the kerangas (or heath forests), mining areas 
(for white sand, gold and coal), and, on the way back, major 
logging areas, coal mines, the Meratus range, tree plantations 
and gold mining. Since the route was too long a stop was 
made in Palangkaraya. During the flight oblique aerial 
photography was made in sideward direction with 6 cameras.  

The route was planned using the PALSAR forest and land 
cover maps, with the objective to cover all main forest and land 
cover types, and include some areas of special interest. The 
photo flight was part of the INDF radar capacity building 
project and enabled the Indonesian participants of the thematic 
mapping course to understand and validate their mapping 
products. It was also used in the harmonisation process with 
LAPAN, CSIRO and UMD to understand the nature of 
disagreements between the two optical maps and the radar 
map. An example is given in Figure 5d. 

 

C. Field data collection Mawas, Central Kalimantan 
In June 2013 filed data collection took place along a 

transect in the peat swamp forest of Mawas. Nine plots of 0.2 
ha were established at 1 km intervals covering the forest from 
the relatively dense edge of the peat dome, until the less dense 
top of the peat dome. In each plots all trees with a dbh above 
10 cm were measured (girth, height, crown dimensions, 
species) and in 10% of the plot all trees above 5 cm dbh were 
measured. The measurements will continue in the summer of 
2014.  
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D. Field visits to Paragominas and Tembé, Para, Brazil 
In April 2013 a field visit was made to the Paragominas 

municipality to make observations of all main land cover 
types. These include agricultural plots (such as soy and 
maize), pastures, secondary forest, forest plantations (such as 
eucalyptus and pine), pristine forests, including riparian 
forests, and forest logging areas. 

In November 2013 a field visit was made to the adjacent 
Tembé indigenous reserve. The landscape comprises some 
agricultural fields, but is mostly primary and secondary forest. 
The indigenous villages are mainly located in the North. In the 
central part of Tembé a lot of illegal logging occurs which can 
be monitored well (this is part of the capacity building 
activities) with monthly TerraSAR-X 3m stripmap data. An 
aerial overflight is planned for April 2014. 

Field visits and an aerial overflight to the Calha Norte are 
planned for 2014. 

.  

V. DEMONSTRATION PRODUCTS 
During Phase 3 several K&C demonstration products and 

publications were made. Five examples will be discussed in 
this section. 

 

A. Mahakam watershed flood frequency map 
Floodplain lakes and peatlands in the middle Mahakam 

lowland area are considered as ecologically important wetland 
areas in East Kalimantan, Indonesia. However, due to a lack of 
data, the hydrological functioning of the region is still poorly 
understood. Among remote sensing techniques that can 
increase data availability, L-band radar proved well suitable 
for the identification, mapping, and measurement of tropical 
wetlands, both for its capability to collect unimpeded by 
clouds and its capability to observe flooding under closed 
canopies. 

Water level measurements were carried out along the river, 
in lakes and in peatlands, using pressure transducers. For 
validation of the open water flood occurrence map, 
bathymetry measurements were carried out in the main lakes.  

Figure 8 shows a flood frequency map of Mahakam 
watershed, derived from PALSAR ScanSAR images 
2008/2009. Both open water flood frequency and below 
canopy flood frequency is show. Details of the study can be 
found in [14, 16-17]. 

 

B. Biomass stratification map Borneo 
Accurate wall to wall above ground biomass mapping 

approaches are required to address information needs on 
carbon distribution and carbon change for implementation of 
policies regarding reducing emissions from deforestation and 
degradation (REDD+). 

In [18] a methodology is introduced for wall-to-wall 
biomass mapping using a multistep approach to integrate SAR 
data, field information and GLAS height derived data.  This 
approach starts with a stratification of the radar data into 
vegetation structural classes based on radar classification 
techniques. Next, the distributions of the radar backscatter 
values per cover type class and the distributions of the heights 
derived from GLAS-LIDAR are linked. Field observations for 
different vegetation structural types are used to constraint the 
GLAS LIDAR data and to exclude outliers. Heights are 
converted into biomass values using available allometric 
equations from the literature. Validation is done using biomass 
estimates from the field. This is the first time such a technique 
is applied covering such a large area at 50 m resolution. 

The resulting K&C demonstration map is shown in Figure 
9. More details can be found in [18]. 

 

C. Land use / land cover map Suriname 
For the Suriname map two FBD and two FBS 50 m 

resolution path images for the years 2009 and 2010 were used. 
All path images were calibrated, intercalibrated, orthorectified 
and mosaicked in order to minimize differences in backscatter 
level calibration due to rain events and moisture conditions. 
Unsupervised and supervised classification techniques were 
used for the classification of the radar images. Statistical 
sampling of the images was done by visual interpretation in 
combination with the available ecological maps and field data. 
In total 480 polygons were delineated over the composite of 
Suriname. The resultant vegetation structural type (VST) map 
was analysed in terms of vegetation structure and soil 
conditions. Some 20 different classes could be extracted in 
accordance the LCCS land cover classification system. 
Validation of the final VST map is done using field geo-
referenced photographs and high-resolution images found in 
Google earth. The final accuracy of the vegetation structural 
map is up to 92% in case structures are limited to basic 
classes.  

The resulting K&C demonstration map is shown in Figure 
10. More details can be found in [19] 

 

D. Map of forest degradation in mining areas Mahdia, 
Guyana 
Many tropical countries suffer from persistent cloud cover 

inhibiting spatially consistent reporting of deforestation and 
forest degradation for REDD+. Data gaps remain even when 
compositing Landsat-like optical satellite imagery over one or 
two years. Instead, medium resolution SAR is capable of 
providing reliable deforestation information but shows limited 
capacity to identify forest degradation. 

In [15] an innovative approach is described for feature 
fusion of multi-temporal and medium-resolution SAR and 
optical sub-pixel fraction information. After independently 
processing SAR and optical input data streams the extracted 
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SAR and optical sub-pixel fraction features are fused using a 
decision tree classifier. 

ALOS PALSAR Fine Bean Dual and Landsat imagery of 
2007 and 2010 acquired over the main mining district in 
central Guyana have been used for a proof-of-concept 
demonstration observing overall accuracies of 88% and 
89.3%formapping forest land cover and detecting 
deforestation and forest degradation, respectively. 

Deforestation and degradation rates of 0.1% and 0.08% are 
reported for the observation period. Data gaps due to mainly 
clouds and Landsat ETM+ SLC-off that remained after 
compositing a set of single-period Landsat scenes, but also 
due to SAR layover and shadow could be reduced from 7.9% 
to negligible 0.01% while maintaining the desired thematic 
detail of detecting deforestation 

and degradation. 
[15] demonstrates the increase of both spatial completeness 
and thematic detail when applying the methodology, 
compared with potential Landsat-only or PALSAR-only 
approaches for a heavy cloud contaminated tropical 
environment. 

One of the resulting maps is shown in Figure 11. More 
details can be found in [15]. 

 

E. Map of shifting cultivation in Calha Norte, Pará, Brazil 
PALSAR K&C data are used to support inventories carried 

out in the large indigenous reserves in the Calha Norte as part 
of the radar capacity building project in Brazil (see Section 3). 
Work is still in progress. One of the first K&C products, for 
which the 25m path images have been used, is a map of 
shifting cultivation activities around all indigenous villages in 
this vast area (Figure 12). These small fields can be mapped 
well with the 25m path data of Phase 3 but not with the 50 m 
path data delivered earlier during Phase 2. 

. 

VI. DISSEMINATION OF RESULTS 
K&C products were widely used to promote and 

demonstrate the use of L-band radar for national forest and 
carbon monitoring in relation to UNFCCC REDD+ and the 
design of national MRV systems. This in accordance with the 
original   “thematic   drivers”   of   the   K&C   Initiative:  
Conventions, Carbon and Conservation,   i.e.   the   three   C’s. 
This dissemination of results can be summarised as follows: 
 
x Contribution to book  chapter  “Global  forest  monitoring  

with radar (SAR) data, In: Global Forest Monitoring from 
Earth  Observation” [20]. 

x Contribution to GOFC-GOLD Sourcebook chapter 
“Status  of  Evolving  Technologies  “  [21]. 

x Contribution to the GEO-FCT  “Product Development 
Team  Technical  Status  Reports”  in  2010,  2011  and  2012  
[22-24]. 

x Contribution to the GEO-GFOI  “Review of Priority 
Research  &  Development  Topics”  [25]. 

x Contribution to the GEO-GFOI  “Methods and Guidance 
Document”  [26]. 

 

VII. SUMMARY AND OUTLOOK 

A. Summary 
Important progress was made in methodological 

development, radar capacity building in the project areas 
(Indonesia and Brazil), validation efforts and development of 
demonstration products.  

New methodologies include practical approaches for 
consistent annual mapping and an advanced two-stage 
approach for slope corrections. It was noted that when space 
agencies  provide  ‘terrain-corrected’  images  or  image  mosaics,  
it is important they provide in addition information on the 
model that was used and a data layer with the three angles 
related to slope effects (such as incidence angle, slope 
steepness angle in range and slope steepness angle in 
azimuth). 

Multi-temporal speckle reduction techniques were applied 
in some of the new Phase 3 products. Research was done to 
evaluate the usefulness of integrating PALSAR Fine Beam 
data time series with Landsat time series, C-band radar or 
ScanSAR time series. Demonstration products cover the use of 
PALSAR for flood frequency mapping in Borneo and 
degradation/deforestation mapping in Guyana. The latter was 
done in combination with Landsat. Other demonstration 
products cover wide areas such as the biomass stratification 
map of Borneo, the land use and land cover map of Surinam 
and the (25 m res.) shifting cultivation dynamics map of the 
Calha Norte in Northern Para, Brazil. The work on the new 25 
m path data is still limited because of the late delivery of new 
K&C phase 3 data, and the associated initial pre-processing 
problems. 

B. Outlook 
The work on 25 m path data in both study areas will be 

continued, possibly in the framework of a continuation of this 
K&C study in a Phase 4. In Indonesia work to support the 
Indonesian government and LAPAN in the further 
development of activities for the new National REDD+ 
agency will be continued. An important issue is the 
harmonisation of PALSAR derived maps and Landsat derived 
maps with the ultimate objective to improve accuracy, 
thematic detail, cloud cover independency and 
interoperability. Other activities are related to the recently 
started Kalimantan-wide NASA Carbon Monitoring System 
(CMS) project, which has the objective to integrate aerial 
LiDAR data, field survey data, carbon models and L-band 
radar data to improve carbon monitoring.  

In case Phase 4 allows for the availability of PALSAR-2 
wide area path data the mapping and monitoring activities in 
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the study areas will be continued, allowing the study of longer 
time-series (including PALSAR-1 and PALSAR-2), more 
dense temporal observation (up to six FBD instead of one or 
two FBD and one FBS per year), interferometric data pairs 
(twice a year), and the study of wall-to-wall polarimetry. 
These factors may contribute significantly to further 
improvements in the variety and quality of the products. 
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Figure 1. Multi-temporal speckle filtering of time-series. In this example two details of a single PALSAR FBS-FBD pair of 50 m 

path image data are shown as originals (left column) and filtered versions (right column). The top images show a coastal area. The 
speckle is reduced while small spatial features, such as the (1-2 pixels wide) bright mangrove strip (yellow arrow), remains 

unaffected. In the bottom image the speckle level is reduced in a similar way, while the thin road in the forest (red arrow) remains 
its sharpness. PALSAR data courtesy: ALOS K&C © JAXA/METI. 
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Figure 2. Original and slope corrected PALSAR FBD images.  (a) Orthorectified original; (b) Slope corrected image using Model 
1; (c) Slope corrected image using Model 3; (d) Model 3 HV minus Model 1 HV backscatter difference. In image a, b and c the 
HH backscatter (γ) is in the range of -15.8 dB to -5.8 dB (magenta) and the HV backscatter (γ) is in the range of -22.3 dB to -12.3 
dB (green).  In image d the HV backscatter difference is in in the range of -1.0 dB to 0.4 dB (grey). The area shown is a 22 km x 
14.3 km area located in the Rupununi savannah in Brazil, featuring (in image c) dense hilly forest (green), hilly woodlands 
(shades of magenta), and flat grasslands (dark). Date of acquisition is August 13, 2009. Track and frame number is 118-0060. 
PALSAR data courtesy: ALOS K&C © JAXA/METI. 
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Figure 3. Detail of the PALSAR 2007-2010 annual consistent time-series land-cover map for Borneo. The top row shows the 
FBS-FBD image pairs for the years 2007 until 2010, from left to right. (Colour coding: FBD-HH: red; FBD-HV-green; FBS: 
blue). The middle row shows the result of the first step of the classification.  The bottom image shows a result of one of the final 
classification  steps,  which  is  the  ‘no  change  hypothesis’  map.  During  the  (multi-step) process consistency is increased. This can 
be  illustrated  by  the  ‘open  peat  swamp  forest’  feature  in  the  radar  images  (top  row), indicated by the yellow arrow. Depending on 
environmental factors (such as flooding or El Niña droughts) this feature can  be  ‘normal’  (2007),  absent  (2008),  ‘normal’  (2009)  
and   ‘inversed’   (2010).  The  maps   shown   in   the  middle   row   show   annual   consistency   in   the   classification   result,   however,   the  
border   between   the   closely   related   classes   ‘closed   peat   swamp’   and   ‘open   peat   swamp’   varies   slightly   (in   the   transition   zone  
between these two classes). This variation can be fixed by putting the result of the bottom map in all these four annual maps. The 
bottom map shows all pixels, which conform a certain statistical hypothesis, very likely, did not change. For land cover legend 
see Table 1. PALSAR data courtesy: ALOS K&C © JAXA/METI. 
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Figure 4. Detail of the consistent annual ALOS PALSAR Borneo land cover map of 2007, 2008 and 2009 showing forest 

degradation (selective logging) in Sarawak. The movement of the yellow/orange areas indicate the speed and extent of active 
deforestation frontiers. For land cover legend see Table 1. 

 
 

   
 
Figure 5a. Detail of the PALSAR 2007-2010 annual consistent time-series land-cover map for Borneo. (left) PALSAR land cover 

2009; (right) INCAS forest non-forest map 2009. The INCAS map is a result of annual consistent time-series processing of 
Landsat images. These two maps, which were created completely independently, show similarities to a very high degree, both in 

land cover (see Table 1) as well as in fine spatial patterns. For the PALSAR land cover legend see Table 1. INCAS image 
courtesy: LAPAN and CSIRO. 
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Figure 5b. Over 6000 geo-tagged photographs were collected along a 1300 km route in East and Central Kalimantan at 4 
December 2012. These were very useful in the analysis of PALSAR – Landsat harmonisation issue. The forest on the left is a 

pristine dipterocarp forest, classified as forest by PALSAR and Landsat. The forest on the right is a tall, dense and closed 
secondary forest. In the INCAS Landsat forest non-forest classification this is non-forest; in the PALSAR classification this is the 

class  ‘forest  mosaic’,  which  can  be  degraded  primary  or  secondary  regrowth forest. 
 

   
Figure 6. Comparison of PALSAR mosaic (left) and Radarsat-PALSAR C&L-band mosaic (right) for the year 2010.  Contrasts 

between land cover classes increase when C-band (such as Radarsat-2, VV-HV) is used in addition to PALSAR (HH-HV). In this 
detail of a Borneo-wide mosaic acacia plantations are barely visible in the PALSAR image, while on the C- and L-band mosaic 
large areas of acacia plantation are clearly visible in dark pink. PALSAR mosaic: FBD-HH (red); FBD-HV (green); FBS (blue). 

C- and L-band mosaic: Radarsat-2 WB HH-pol (red); PALSAR FBD-HV (green);  PALSAR FBD-VV (blue). PALSAR data 
courtesy: ALOS K&C © JAXA/METI. 
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Figure 7. Mahakam floodplain. Result of temporal analysis of 20 ScanSAR images of the period 20070319 until 20100927. 
Aquatic vegetation and irregularly inundated land can be mapped with ScanSAR, but not with Fine Beam data. Water hyacinth 

(orange – top right); Irregularly inundated shrubland (purple); Reeds (green - left); Rice growing areas in years when flooding is 
not too high (yellow – bottom left). The area is 187km x 150km in size. PALSAR data courtesy: ALOS K&C © JAXA/METI. 

 

 
 

Figure 8. Flood frequency map of Mahakam watershed, Borneo, derived from PALSAR ScanSAR images 2008/2009. 
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Figure 9. Borneo biomass stratification map. 
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Figure 10. PALSAR-based land use / land cover map Suriname 2010. 
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Figure 11. PALSAR-Landsat Forest - Land Cover (FLC) change map 2007-2010 of the Mahdia mining district (central Guyana), 
including three map details (red boxes). 
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Figure 12. Detail (15 km wide) of the PALSAR 25 m resolution path image data mosaic of the Calha Norte, Pará, Brazil. This 
mosaic consists of 8 FBD and 5 FBS layers acquired in the 2007-2010 period. The entire area of the Calha Norte is fast (about 

300,000 km2), poorly mapped and has a very persistent cloud cover. 
(top) Averaged FBD-HH backscatter (red); averaged FBD-HV (green) and averaged FBS-HH (blue). The temporal averaging 
reduces speckle and retains full resolution. Maps like these are useful, amongst others since they show previously unmapped 

below-canopy rivers (linear features), which are not visible on Landsat or on the 50 m PALSAR path image data. PALSAR data 
courtesy: ALOS K&C © JAXA/METI. 

(bottom) Temporal analysis of this mosaic can reveal patterns of shifting cultivation activities around the indigenous villages. In 
the 25 m data even small plots of only a fraction of a hectare (3-5 pixels) in size can be mapped. The changes mapped in this 

example relate to three dates: (a) 22-Jul-2007; (b) 11-Sep-2009 and; (c) 11-Sep-2009. The following 6 colours are shown on a 
darkened background image of the last date: red, green and blue for relatively high backscatter, respectively, on dates a, b and c 
only; and cyan, magenta and yellow for relatively low backscatter, respectively, on dates a, b and c only. Note for example the 
three relatively large fields North of the village. These are cyan, magenta and yellow, which means they all have been cleared 

once, but in different years.  These small fields can be mapped well with the 25 PALSAR K&C path image data but not with the 
50 m path image data. 
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Abstract—This study -which was   implemented   under   JAXA’s  
Kyoto & Carbon (K&C) Initiative- is carried out to retrieve 
biomass of forests in Peninsular Malaysia by using L-band SAR 
satellite data. Dual-polarization 25 m resolution data acquired in 
2010 from Phase Array Type L-Band SAR (PALSAR) on-board 
Japanese Advanced Land Observing Satellite (ALOS) was used 
in the study. Lowland (<300m m.s.l) and hill dipterocarp (300 – 
750m m.s.l) forests over the entire Peninsular Malaysia were 
selected as the study area. Forest-non-forest (FNF) classification 
was performed on HV polarization of the images and the forest 
types were defined by using digital elevation model acquired 
from Shuttle Radar Topography Mission (SRTM). A total of 282 
sampling plots of aboveground biomass (AGB) were observed on 
the ground. Pixel-base regression was performed by correlating 
the sampling plots with the corresponding backscattering 
coefficients of PALSAR data. Covering some 4.7 mil ha of forests, 
the AGB was estimated based on spatial distribution in pixel 
basis. Results indicated that the HV polarization gave better 
estimate than HH. The HV backscatter for the forests ranged 
from -18 to - 10 dB. The backscatters have good response at 
lower biomass and saturated at 200 Mgha-1AGB level, which 
concentrated around -13 to -11  σo   (dB).   It  was  estimated   that  a  
total of about 1.3 billion tons stored as living biomass in the 
whole study area over the year 2010. The AGB ranged from 51 to 
570 Mgha-1with an average of 275.5 Mgha-1. The first ever wall-
to-wall high resolution forest biomass map has been produced for 
the whole Peninsular Malaysia. 

Index Terms—ALOS PALSAR, K&C Initiative, Forest Theme, 
above-ground biomass, Peninsular Malaysia. 

I. INTRODUCTION 
Tropical forests are a key component of the global carbon 
cycle and contribute more than 30% of terrestrial carbon 
stocks and net primary production. From all the forest types 
found in the world, tropical forests are the strongest carbon 
sink and hold large stores of carbon [1]. But at the mean time 
tropical deforestation contributes about one fifth of total 
anthropogenic CO2 emissions to the atmosphere [2]. In global 
environment and climate studies, forest biomass is a key 
variable in annual and long term changes in the terrestrial 
carbon cycle, and needed in modelling carbon uptake and 
redistribution within the ecosystem [3]. The amount and 
distribution  of  biomass  over   the   earth’s   surface   is   one  of   the  
major uncertainties that is yet remain undiscovered and still 

being studied in line with the understanding of global carbon 
cycle.  
 
The United Nations Framework Convention on Climate 
Change (UNFCCC) also recognized the important role of 
deforestation in the carbon cycle and discussions have been 
initiated to the Reducing Emission of Deforestation and Forest 
Degradation (REDD) in developing countries [4]. The 
suggested schemes for carbon credit allocation based on 
deforestation or carbon stock baselines require accurate 
estimates of biomass. Forest biomass can be evaluated using 
remote sensing instruments mounted on satellites or airborne 
platforms, but substantial refinements are needed before 
routine assessments can be made at national or regional scales 
[5,6]. There are no remote sensing instruments that can 
measure forest biomass directly thus it requires additional 
ground-based data collection [7]. A major benefit of a 
satellite-based approach is the potential to provide spatial 
pattern of observation of biomass at landscape level. 
 
The Kyoto & Carbon (K&C) Initiative was initiated by the 
Japanese Space Exploration Agency (JAXA) Earth 
Observation Research and Applications Centre (EORC) in 
2000, to support environmental conventions, carbon cycle 
science and natural conservation, with information that cannot 
be obtained in a feasible manner by any other means. Relevant 
to the establishment of the K&C Initiative is the unique 
suitability of ALOS PALSAR to support acquisition of the 
type of regional-scale information needed, given the L-band 
SAR sensitivity to vegetation structure and inundation, and the 
microwave cloud-penetrating capacity to ensure global 
observations. The K&C Initiative aims to provide (i) 
systematic global observations and consistent data archives, 
and (ii) derived and verified thematic products. The PALSAR 
observation strategy has been designed to provide consistent 
wall-to-wall observations at fine resolution of almost all land 
areas on Earth on a repetitive basis, in a manner which has 
earlier been conceived only for coarse- and medium-resolution 
instruments [8,9]. 
 
For a systematic observation at different scales, remote 
sensing is considered as a major component of forest 
monitoring programmes [9]. Researches indicate that 
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Synthetic Aperture Radars (SAR) has a significant role to play 
in forest observations [10,11]. Satellite SAR data have been 
continuously available since 1991, provided by ERS-1 and 
ERS-2, JERS, RADARSAT-1 & -2, ENVISAT, and ALOS 
PALSAR can ensure operational data provision well into this 
modern forest management and conservation activities.  
 
The interest in radar remote sensing for monitoring forest 
cover raise from the two advantages of SAR data, which are; 
(i) radar can provide information related to the canopy 
volume, which cannot be produced by other means, and (ii) 
radar has possibility to acquire data over areas frequently with 
free cloud cover and free-weather conditions. The information 
that can be derived from SAR data have been identified as: 
aboveground biomass, annual increment of stand biomass, 
vertical distribution of biomass and forest stand volume. 
Refining these estimates requires improved knowledge of the 
density and spatial distribution of forest carbon stocks, 
particularly in high biomass tropical forest ecosystems.  
 
Remote-sensing technique has been demonstrated to be 
successful in measuring aboveground biomass in boreal and 
temperate forests and in young stand with lower biomass 
densities [7, 12]. Tropical forests are among the most biomass 
and carbon rich but are the most structurally complex 
ecosystems in the world. Phased array type L-band SAR 
(PALSAR) on board the Japanese Advanced Land Observing 
Satellite (ALOS) promises better potential in assessing forest 
biomass for tropical ecosystem [13]. Thus, it has inhibited 
reliable forest biomass estimates in this ecosystem. Remote 
sensing offers the possibility of providing relatively accurate 
forest biomass estimation at a lower cost than field inventory 
in tropical forest.  
 
Currently there are no comprehensive studies that used 
PALSAR data to map the spatial distribution of aboveground 
forest biomass and carbon stocks in Malaysia. The similarity 
of characteristics in ALOS PALSAR and JERS-1 L-Band 
SAR data offers biomass and carbon stocks of the forest to be 
monitored through a serial data. Given the year of 1995 as the 
baseline, this study will focus on aboveground biomass and 
carbon stocks mapping and monitoring of the forest cover in 

Peninsular Malaysia. The objectives are (i) to establish 
empirical relationship between aboveground biomass and L-
Band signals for tropical forest ecosystem, (ii) to determine 
aboveground biomass by using L-band SAR data, and (iii) to 
map the current status and identify changes of aboveground 
biomass and carbon stocks in the forest in Peninsular 
Malaysia.   

II. DESCRIPTION OF THE PROJECT 
 
A. Objectives and relevance to the K&C drivers 
B.  
The tropical rainforest of Malaysia is one of the oldest and 
most complex ecosystems in the world. Although generally 
taken to mean the species rich lowland forests, other forest 
types include mangroves, peat swamps and montane forests 
are also rich with diverse species. Table 1 show the total 
forested area in Malaysia is about 44.4% of the total land area, 
occupying 5.86 million hectares in Peninsular Malaysia. Most 
of the forest areas are gazetted as permanent forest reserves, 
national and state parks or other legally protected forests in an 
effort to conserve the various types of forests for future 
generation. These forests were used as the study area for this 
project.  
 
Malaysia is committed to managing her forests in a sustainable 
manner not just for economic reasons but also for maintaining 
environmental stability, ecological balance and achieving its 
social obligation. Table 2 indicated that a total of 4.8 million 
hectares of natural forests have been designated as the 
Permanent Reserve Forest (PRF) in Peninsular Malaysia, 
which are permanently managed to ensure that the proper 
balance among various purposes such as production, 
protection, social and educational objectives will be achieved. 
In addition 1.98 million hectares have been allocated for 
protection forests in the form of national parks, wildlife 
sanctuaries and nature reserves. These protective areas bear 
testimony   to   Malaysia’s   commitment   to   the   maintenance   of  
suitable habitats for fauna and flora to ensure the conservation 
of its bio-diversity resources.  

 
TABLE 1 

AREA & TYPES OF FOREST IN PENINSULAR MALAYSIA, 2010 (MILLION HA) 
Region  Land Area  Natural Forests  Total Forested 

Land  
% of Total 
Land Area  

Dry Inland 
Forest  

Swamp Forest  Mangrove 
Forest  

Pen.  M’sia   13.18  4.58  0.24  0.10  5.86  44.4  
 

TABLE 2 
PERMANENT RESERVE FOREST IN PENINSULAR MALAYSIA, 2010 (MILLION HA) 

Region Protection Forest Production Forest Total PRFs 

Pen.  M’sia 1.98 2.82 4.80 
*Source: Forestry Department Peninsular Malaysia, Annual Report 2010 
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Forest Research Institute Malaysia (FRIM) will be responsible 
to verify and validate these forest cover in Peninsular Malaysia. 
By using ground truth samples and experts knowledge, the 
algorithm that will be developed for forest cover mapping by 
using both ALOS Palsar and JERS-1 SAR products will be 
validated, specifically for the corresponding region in the study 
area. There are three major objectives that have been identified 
at the early stage of this project, which are (i) to quantify and 
map current extents status of forest cover in the Peninsular 
Malaysia by using ALOS PALSAR, (ii) to estimate above 
ground biomass & carbon stocks in the forests of the study 
area, and (iii) to estimate changes of biomass and carbon stocks 
between year 1995 and 2010.  
 
The satellite and supporting data 
 
Two types of SAR data that were used in this study are, which 
are (i) ALOS PALSAR FBD (HH+HV) mosaics at 25 m pixel 
spacing (2010), and (ii) JERS-1 SAR (HH) mosaics at 25m 
pixel spacing (1995). 
 
The ALOS PALSAR images are in from of L-band (1270 
MHz, 23.62 cm wavelength), dual-polarized mode. It was 
Level 1.5 images that came with two polarizations, HH and 
HV were obtained from Japan Aerospace Exploration Agency 
(JAXA). All the images covering the whole Peninsular 
Malaysia were acquired in year 2010 and were geometrically 
and topographically corrected, with spatial resolution of 25 m. 
The data was geometrically corrected with WGS 84 projection 
system and provided in 1-degree tiles (Map 1). 
 
The JERS-1 images, which was the predecessor of ALOS 
PALSAR also has about the same characteristics. The version 
of Synthetic Aperture Radar on JERS-1, which carried L-band 
(1275 MHz / 23.5 cm) came in HH-polarization. The images 
came in spatial resolution of 18 m but were degraded to 25 m 
to synchronize with ALOS PALSAR data. A total of 50 
individual scenes were mosaic to cover the entire Peninsular 
Malaysia (Map 2). The images were geometrically corrected 
in WGS 84 projection system, but due to the missed 
geolocation of the data, each scene was georeferenced 
manually by using ground control points acquired from the 
National topographic maps of Peninsular Malaysia.  
 
Supporting used in this project were Landuse Maps of years 
1996 and 2010. These maps were acquired from the 
Department of Agriculture (DOA) Peninsular Malaysia. The 
maps came in a scale of 1: 1000,000 were scanned and 
geometrically corrected, which were then used as the 
background images used for reference layers. Another 
supporting data was the digital elevation model acquired from 
the Shuttle Radar Topography Mission (SRTM). This data 
was used to classify the forest into specified elevation, based 
on forest type classification system used by the Forestry 
Department Peninsular Malaysia (FDPM) (Map 3). 
 
 
 
C. Forest-non-forest classification 
 

Being one of the objectives of this initiative, this study is 
conducted and the first step is to identify forest cover and 
update the global forest cover that was developed by using 
local information over Peninsular Malaysia. In this process, 
ALOS PALSAR images with both HH and HV polarizations. 
Instead of using only the original backscatter HH and HV 
polarisations, an attempt has been also made to derive other 
image variables derived from PALSAR HH and HV images. 
Image variables namely i) simple band ratio (HH/HV), 
(HV/HH), ii) average (HH+HV/2), and iii) square-root of 
products   (√(HHxHV))   were   produced.   Altogether   six   (6)  
image variables were derived and used in this study as shown 
in Table 1.  
 
TABLE 1 
IMAGE VARIABLE USED FOR FOREST CLASSIFICATION 

Image variable Description 

HV An image containing pixels values of 
original  backscattering  (σ,  dB)  from  HV  
polarization. 

HH An image containing pixels values of 
original  backscattering  (σ,  dB)  from  HH  
polarization. 

HH/HV Simple ratio generation by dividing HH 
to HV polarizations (unitless) 

HV/HH Simple ratio generation by dividing HV 
to HH polarizations (unitless) 

(HH+HV)/2 Average of HH and HV (unitless). 
√(HHxHV) Squared root of HH and HV 

multiplicative product (unitless).  
 
Gray-level co-occurrence matrix (GLCM) was applied to 
refine the spatial distribution of estimated AGB on the HV 
backscatter image. Studies [e.g. 14-16] have shown that the 
incorporation of texture measure can improve classification of 
spatially distributed pixels on an image. Mean GLCM was 
applied and it can be defined as  
 

 GLCM mean  = µi,j =    (2) 
 
where i and j are row and column of image pixels, respectively 
 
Due to higher pixel to pixel variability and information 
contained in patch based landscape structures, classical 
methods of image analysis are becoming out of date [17]. 
Therefore, in additional to the above image enhancements, the 
classification was performed by using segmentation. For this 
purpose, Baatz segmentation algorithm [18] was applied to the 
image variables to delineate and extract the forest cover within 
the study area.  
 
Biomass modelling 
 
Correlation analysis is an accepted and has been widely used as 
a statistical analysis technique to study and model the 
relationship between two continuous variables such as forest 

33 of 436



 

 

biomass and radar backscatter. To apply the correlation 
analysis, the pixels values of PALSAR image and the variables 
at corresponding locations on the ground were extracted. For 
this purpose, a total of 282 sample plots, measuring 30 x 30 m 
were established in early year 2011 until 2012. In each plot, 
every tree measuring 5 cm and above of diameter at breast 
height (dbh) was inventoried. Species of every stand was also 
recorded. Location (i.e. coordinates) of the plot centre was 
recorded by using Global Positioning System (GPS). 
Aboveground biomass of all plots was calculated based on 
allometric equation that was developed for lowland dipterocarp 
forest [19], which can be expressed as 
 
1/H = 1/(2.0*D) + 1/61     (1) 
Ms=0.0313*(D

2
H)

0.9733    (2) 
Mb=0.136*Ms

1.070     (3) 
D. 1/Ml=1/(0.124Ms

0.794
)+1/125   (4) 

 
where H is the total tree height; D is the stem diameter at breast 
height (dbh); Ms, Mb, and Ml denote the dry mass of stem, 
branches and leaves respectively. Calculation of AGB in this 
study was performed based on equations 1 – 4 in per-hectare-
basis and reported in the unit of Mg ha-1. Some of the sampling 
plots data have been provided to JAXA.  
 
The ALOS PALSAR and JERS-1 image that were used in this 
project were built on 16-bit data type and all pixels have 
digital numbers (DN) ranging from 0–65535. These DNs 
however do not represent the radar signal of features or 
objects on the ground. Therefore, the DNs have to be 
converted to backscatter coefficients (radar signals) known as 
Normalized Radar Cross Section (NRCS) and represented in 
decibels (dB). The equation that was used for the calculation 
of NRCS are slightly different in that the usual sine term has 
already been included in the DN values. Thus, for the data 
stored in Level 1.5 products, the equation for NRSC of any of 
the polarization component can be obtained by the following 
formula with single calibration factor, (CF) which can be 
expressed as equation 5 for distributed scatterers [20]. 
 
NRCS (dB) = 10 x log10(DN2) + CF  (5) 
CF, ALOS PALSAR = -83.0 
CF, JERS-1 = -84.66.  
 
This dataset was used for the estimation of AGB in the study 
area. In this case, the backscatters of HH and HV polarizations 
were directly used as the predictors for the measured AGB of 
the sampling plots. Both variables of each plot were correlated 
to produce empirical functions or models in which the best 
correlation was selected and used for AGB prediction for the 
whole study area. 
 

III. RESULTS AND DISCUSSION 
 

Forest Distribution and Extents  

 
The study found that ALOS PALSAR backscatter is best in 
delineating forest from other landuse classes as the canopy 
structure of tropical forest reflects strong backscatter in HV 
polarised image. The backscattering coefficients generally 
ranged from -14 to -5 for inland, -17 to -11 dB for mangroves, 
and -14 to -8 for peat swamp forests. However, it has 
limitation in distinguishing further detailed classes of forest as 
shown in Table 2. PALSAR HV showed best performance up 
to level 2 of classification. But this does not preclude the study 
as the detailed forest classes are generally depending on land 
elevation, which can be derived from other supporting data 
such as digital elevation model (DEM) from Shutter Radar 
Topography Mission (SRTM) or ordinary contours from 
national topographic maps. Results also shown that the L-band 
HV has limitation in distinguishing forest plantation (mainly 
teak, timber latex clone, Aquilaria & Acacia plantations) as it 
confused by common rubber plantation. Information from the 
Forestry Department and Landuse map from the Department 
of Agriculture were used to overcome this limitation by 
assigning a specific training dataset for forest plantation.   
 
TABLE 2 
TYPICAL LEVELS OF LAND USE CLASSIFICATIONS 
Level 1 Level 2 Level 3 

Forest 

Inland  

Lowland dipterocarp 
Hill dipterocarp 
Upper hill dipterocarp 
Montane  
Ericaceous  
Plantation forest 

Peat swamp Peat swamp 
Mangroves  Mangroves 
Fresh water 
swamp 

Fresh water swamp 

Non-
Forest 

Agriculture Detailed classes of 
agriculture 

Urban area Detailed classes of 
developing area 

Water body Water body 
 
 
The results also showed that the L-band in HV polarisation 
has very good capability in detecting deforestation. A quick 
assessment has been made for the whole study area by using 
dataset from two time series, which are in year 2009 and 2010. 
The deforested areas or commonly referred to as harvesting 
regimes were obviously show up when these images were 
displayed in RGB combination as shown in Figure 1. In single 
HV polarisation information about general forest cover 
condition [21]. Very recent deforestation areas presented as 
dark patterns, older deforested areas are lighter where trees are 
growing, and mature forest is discernible at L-band SAR as 
light polygons. Besides the clear-cut pattern, forest 
degradation is also detected with PALSAR of this fine 
resolution mode. 
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Figure 1. Changes of forest cover as appear on PALSAR images from year 
2009 to 2010. The image is displayed in a combination of channels HV 2009 
(R), HV 2010 (G) and HV 2010 (B). Changes of forest cover can be identified 
from the intensity of red colour. Bright red represents a dense forest area that 
was just cleared, due to harvesting or new development regimes. The dark red 
means forest area that has some vegetation in year 2009 but totally cleared in 
year 2010. The remaining gray and white areas are not changing much. 
 
With an appropriate classification method and the helps from 
several supporting data, the study has successfully classified 
the forests into four major types, which are inland, peat 
swamp, mangroves, and forest plantation (Map 4). The extent 
of each forest type is shown in Table 3. Inland dipterocarp 
forest is the major type of forest in Peninsular Malaysia with, 
spanned about 5.7 million ha and accounted for more than 
90% of the total forest cover. The spatial distribution of these 
forests was mapped as shown in Map 5. In addition to the 
identified   major   forest   types,   ‘gelam’   was   also   found   within  
the study area. Gelam (Melaleuca cajuputi) is a monospecific, 
lesser-known commercial timbers (LKCT), which occurs in 
swamp forest behind beaches and mangroves. This forest – 
although in a small proportion – is found dominant, fringing 
behind the mangroves in the north eastern part of Terengganu, 
a state that resides in the East Coast of Peninsular Malaysia. 
However, due to difficulty in delineating this forest from 
inland forest, it was grouped together into peat swamp forest.  
 
TABLE 3 
THE EXTENTS OF FOREST COVER BY FOREST TYPES IN 
PENINSULAR MALAYSIA 
Forest Type 
 

Extents 
(ha) 

Percentage 
(%) 

Inland Forest* 5,690,815.57 93.3 
Peat Swamp Forest** 290,038.47 4.8 
Mangrove Forest*** 115,180.60 1.9 
Total 6,096,034.64 100.0 

Notes: 
*Including forest plantation. 
**Including fresh water swamp and Melaleuca cajuputi forests. 
***From [22]. 

 
The study also found that object-based classification 
method/segmentation gave better classification results. These 
methods also enabled post-processing and editing for further 
refinement and redefining the classification results. Figure 2 
compares the classification results generated from traditional 
and object-oriented methods.  
 

 
     (a)                   (b) 

Figure 2. The difference of classification results generated from traditional 
classification method (a) and object-oriented classification approach (b). 
 
By using a number of ground thruthing points collected on 
ground and some information extracted from Landuse Map as 
well as data from the FDPM, the classification was accuracy 
assessed. All classification results produced from the image 
variables as described earlier were compared. Overall, the 
classifications that were applied on the single HV polarised 
image and modified HH and HV with GLCM of 5x5 window 
size gave the highest accuracy among others, with the HH was 
the lowest. This comparison is indicated in Figure 3. The 
study thus suggests that the use of texture measure could 
improve classification. The study also found that PALSAR 
imagery is the most appropriate, adequate satellite-based data 
resource for a national or regional scale forest cover mapping 
as agreed by previous research work e.g. [23,24] 
 

 
 

Figure 3. The accuracies of classifications resulted from varying image 
variables 

 
The same approach was applied also to the JERS-1 images to 
classify the forest cover over the year 1995. The result was 
validated by Landuse Map. It was found that the forest cover of 
year 1995 was 6,301,804.55 ha. The extents of lowland and hill 
dipterocarps forest were at 2,987,653.44 and 2,085,721.80 ha, 
respectively, which made up 5,073,375.24 ha. This layer was 
used together with forest cover layer of year 2010 to obtain the 
spatial changes and the result is depicted in Map 6.  

 
 
 
 
Estimated biomass 
 
The sample plots that were established reside only in lowland 
and hill dipterocarp forests (Map 7). Therefore this project 
concentrated only in these types of forests. The discrimination 
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of these forests from the other types was based on land 
elevation. The forests are shown in Map 8 and the extents is 
summarised in Table 4. The AGB from the sample plots was 
broken into two intervals, which are; (i) < 200 Mg ha-1 and (ii) 

> 200 Mg ha-1. Sample plots that have AGB within these 
intervals were correlated to HH and HV backscatter separately.  
The scatterplots of these correlations are shown in Figure 4 and 
the derived correlation function are summarised in Table 5.  

 
TABLE 4 

EXTENTS OF FOREST TYPES USED IN THIS PROJECT AS THE STUDY AREA 
Forest Type Lowland Dipterocarp Forest 

(ha) 
Hill Dipterocarp Forest 
(ha) 

Total 
(ha) 

Extents (ha) 2,704,815.54 2,004,990.80 4,709,806.34 

Percentage (%) 57.43 42.57 100 
 

 
Figure 4. Scatterplots of correlations between backscatter and AGB on (a) HV and (b) HH polarizations. The AGB from all sample plots were broken into 

intervals (1) < 200 Mg ha-1, (2) > 200 Mg ha-1, and (3) overall sample plots. 
 

TABLE 5 
CORRELATION FUNCTIONS AND R2 OF HV AND HV BACKSCATTER AGAINST THE AGB IN INTERVALS 

Polarization 
 

AGB interval 
(Mg ha-1) 

No. of sample plots 
(n) 

Model 
 

R2 

 
Residual 
(±Mg ha-1) 

HV 
< 200 32 y = 2.0847ln(x) - 24.261 0.7558 18.89 
> 200 252 y = 0.475ln(x) - 14.558 0.0264 97.66 
Overall 284 y = 1.5326ln(x) - 20.89 0.3553 109.82 

HH 
< 200 32 y = 2.3828ln(x) - 19.84 0.4335 26.71 
> 200 252 y = 0.1096ln(x) - 7.7058 0.0011 98.42 
Overall 284 y = 0.6757ln(x) - 11.083 0.0834 118.10 

 Note: Dependent variable (i.e. y-axis) is backscatter. 
 
Based on the correlation analysis, the backscatter of HV 
polarisation gave the best R2 compared to the HV. The HV 
backscatter of all corresponding plots in the study area ranged 
from about -16 to -9 dB. The trend line indicates that the 
biomass component has a logarithmic correlation to the 
backscatter. Rapid increment can be seen especially at lower 
biomass level (i.e. up to 200 Mg ha-1) and the decreased 

towards higher AGB. The trend line became almost constant 
at about -12 dB when the AGB increased to above 200 Mg ha-

1. The errors associated to the estimation models are 
represented by residual which measure the deviation of AGB 
values from the best-fit line. It is obvious that the estimation 
uncertainties are larger at AGB >200 Mg ha-1. The results 
were even worse for HH polarization. The results thus 
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confirmed that the saturation occurred at this level. 
Nevertheless, the estimation was still carried out. By using HV 
polarization and the models derived, AGB estimation was 
performed over the entire study area.  The results show that 
the estimated AGB in year 2010 was 1,297,504,548.61 Mg 
and the spatial distribution is shown in Map 9. Statistic of the 
AGB distribution is summarized in Table 6.  
 
TABLE 6 
ESTIMATED AGB IN THE STUDY AREA OVER THE YEAR 2010 

Statistic AGB 
(Mg ha-1) 

Minimum 51.34 
Maximum 579.68 
Mean 275.49 
Std. Dev. 252.75 

 
Carbon stock changes  
 
By using the AGB estimated in the study, aboveground carbon 
stock in the study area was quantified. As the conversion factor 
may vary according to plant parts, species and site [25], the 
global default conversion factor of 50% was used to convert 
biomass to carbon stock as recommended by the 
Intergovernmental Panel on Climate Change [4]. By using this 
conversion factor and the mean AGB from the estimation (i.e. 
275.49 /2 = 137.75 Mg ha-1), the total carbon stock and 
changes is summarised in Table 7. Biome average method was 
used due to poor relationship between AGB and the backscatter 
on HH polarization. Hence the spatial distribution map of AGB 
over the year 1995 has not been produced. The estimated total 
loss of carbon stock in the study area within the period of 15 
years was about 50 million Mg C with an average of 3.3 
Million Mg C/year.  
 
TABLE 7 
ESTIMATED CHANGES OF AGB IN THE STUDY AREA BETWEEN 
YEAR 1995 AND 2010 
Year Extents of lowland and 

hill dipterocarp 
(ha) 

Carbon stock 
(Mg C ha-1) 

2010 4,709,806.34 648,775,823.335 
1995 5,073,375.24 698,857,439.31 
Changes  -363,568.9 -50,079,798.13 
Changes/year 24,237.93 ha 3,338,653.21 Mg 

IV. SUMMARY 

The study has successfully classified the forests into four major 
types, which are inland, peat swamp, mangroves, and forest 

plantation. These encountered for about 6.06 million ha of 
forest cover in Peninsular Malaysia, which inland dipterocarp 
forest being dominant. The suitability of PALSAR data for 
classifying and mapping forest cover, i.e. to discriminate 
forested from non-forested areas, was examined in particular 
detail. HV polarised image has prevailed in discriminating 
forest and non-forest. The highest overall accuracy for the 
forest/non-forest classifications were achieved at 94.2%. The 
study found that the use of manipulation of HH and HV 
polarisation,   which   is   (√(HHxHV))   introduced   a   new   image  
enhancement technique and effective way of image 
interpretation for forest cover. This was further improved by 
GLCM image filtering technique. The study also demonstrated 
that a multiple series of L-band PALSAR could give the best 
performance for deforestation and degraded forest detection, 
which is simple yet effective.  
The also has successfully quantify the aboveground biomass on 
lowland and hill dipterocarp forests in Peninsular Malaysia. 
The study found that the HV backscatter tend to saturate at 
AGB 200 Mg ha-1. However the estimation still has been 
carried out and projected throughout the study area. It was 
therefore confirmed that the L-band PALSAR system can be 
utilized in an efficient and practical manner to assist in the 
modern management and protection of forested areas. It can 
help provide additional information to facilitate ground-based 
investigations. The data generated can be used as a practical 
guide for preliminary designs of national level biomass 
assessment. With the upcoming launch of the new ALOS 
PALSAR-2, it is hoped that future studies will focus on 
extending the current advancements in the use of L-band SAR 
in forestry applications. This will benefit countries, such as 
Malaysia, that are blessed with abundant of forest resources, in 
ensuring sustainability and better governance of the forests 
through the advancement of forest assessment and monitoring 
methods. 

The study provided further recognition of the expanding 
capacity of space-based remote sensing to meet the 
requirements of large-area forest mapping and monitoring 
activities at national to regional scales. Comparative test 
confirmed that the ability of L-band PALSAR, with an 
appropriate classification technique provide an accurate results 
for mapping and monitoring of forest cover, particularly in the 
tropics where optical sensors are often constrained by cloud 
covers. With longstanding technical challenges associated with 
radar properties largely mastered, PALSAR data is far more 
accessible to the applications user community than data from 
any radar sensor before it. 
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Map 1. Mosaic of JERS-1 scenes of Peninsular Malaysia, displayed on HH polarization over the year 1995. 
© JAXA/METI 

 

 
Map 2. Mosaic of ALOS PALSAR images of Peninsular Malaysia, displayed on HV polarization over the year 2010. 

© JAXA/METI 
 

40 of 436



 

 

 
Map 3. Forest types in Peninsular Malaysia 
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Map 4. Forest cover and forest types map of Peninsular Malaysia of year 2010, derived from ALOS PALSAR, HV polarisation 
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Map 5. Forest cover of Peninsular Malaysia, produced from HV polarization over the year 2010 with the image at the back 
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Map 6. Changes of forest cover between year 1995 and 2010. 
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Map 7. Location of sample plots 
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Map 8. Lowland and hill dipterocarp forests in Peninsular Malaysia. 
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Map 9. Spatially distrbuted map of AGB in the study area 
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Abstract—Methods to combine ALOS FBD and ScanSAR data to 
detect deforestation were developed and optimised over Riau, 
Sumatra. The inferred performance figures (72% detection rate 
at 20% false alarm) were artificially low because of temporal 
mismatches between the FBD data acquisitions and the Landsat 
data used to build the WWF land cover maps taken as reference 
data. When this temporal effect was removed, the probability of 
correctly detecting deforestation increased to 86% with a false 
alarm rate of 20%, though most of the false alarms were 
manifested as isolated noise-like pixels. This improvement also 
used a simpler detection scheme based on mosaic data. 
Comparisons between L-band PALSAR and Envisat C-band 
ASAR images over areas of Riau dominated by natural forest and 
plantations indicated that the greater penetration at L-band could 
confuse classification because of the greater effects of the soil and 
forest structure on the radar signal. Both sensors could track 
acacia plantation clearance and replanting but the annual spacing 
of PALSAR mosaics (compared with 35 days for ASAR) 
increased the risk of missing clearance events. The use of 
Sentinel-1 in combination with ALOS-2 should provide a 
powerful means of monitoring tropical forests and plantations. 

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, deforestation, forest mapping, tropical plantations, C- 
and L-band comparisons. 

I. INTRODUCTION 
This report covers the activities carried out at the 

University of Sheffield under Phase 3 of the Kyoto and Carbon 
Initiative. WWF has been a major collaborator throughout this 
work. 
At the end of Phase 2 we had developed methodology for 
detecting deforestation using FBD data, ScanSAR and their 
combination, but had not thoroughly assessed it. This 
assessment formed the first part of Phase 3 and led to our first 
major publication using ALOS-PALSAR [1]. This study left 
several open questions concerning the right image analysis 
approach, especially regarding: (1) the filtering strategy; (2) 
the accuracy of the inferred deforestation detection 

probabilities, given the unknown accuracy of the WWF land 
cover maps used as reference to assess performance; and (3) 
the effect of temporal mismatches between the SAR 
acquisitions and the Landsat data used to derive the WWF 
maps. Point (1) is quite technical and is not discussed below, 
but essentially concluded that the filtering strategy used in [1] 
is correct, and that use of spatially adaptive filters reduced 
rather than increased accuracy. Point (3) was addressed in [2], 
where it was shown that the detection rates inferred in [1] were 
much improved when temporal mismatches between the SAR 
and optical were removed. Point (2) remains a problem that 
will only be removed if some formal accuracy assessment is 
performed on the WWF maps, though this will be difficult 
given the lack of suitable ground data.  

A slightly different direction was taken towards the end of 
Phase 3, motivated by the upcoming launch of the European C-
band Sentinel-1 satellites. This consisted of an assessment of 
the joint use of C- and L-band data for classifying and 
monitoring tropical plantations. Initial results are given in [3] 

These different project phases and their main findings are 
described below. 

 

II. DESCRIPTION OF PROJECT 

A. Objectives and relevance to the K&C drivers 
The University of Sheffield undertook to make reasonable 
efforts to: 
a) Develop: 
x Consolidated methods for use of ScanSAR data to 

monitor tropical deforestation and degradation, together 
with methods to assess their performance in both annual 
change mapping and rapid detection of forest change; 

x Consolidated methods for using ALOS FBD data on 
their own, and combining them with ScanSAR data, in 
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Figure 1.  Detection of deforestation over the FBD footprint using: (a) R1av; (b) ScanSAR temporal standard devaition; (c) the combined measure sums. 
Undisturbed forest (white) and deforested areas (red) derived from the WWF databases are shown in (d). For (a)-(c), red, green and blue indicate pixels in 
the top 10%, 10-20% and 20-30% ranges respectively (from Whittle et al., 2012). 

 
 
x order to monitor tropical deforestation and degradation 

on an annual basis, together with methods to assess 
their performance; 

x Methods to allow automatic wide area mapping; 
x Demonstration of these methods in several tropical 

forest regions; 
x Assessment of the potential role of ALOS-PALSAR in 

the GEO-Forest Carbon Tracking process, particularly 
to improve emissions estimates; 

x Release of free software for applying these methods  
b) Provision of ground truth data in collaboration with the 

Collaborator, at the beginning of the Term and/or at a 
timing JAXA specified during the course of the Term, 
including ground truth data of Sumatra & Kalimantan, 
Indonesia, taking the form, where possible, of visual 
interpretation coordinated by the affiliated WWF 
Collaborator, of Landsat data coincident with the 
PALSAR mosaics; 

c) Assessing ALOS value-added product(s) over Riau 
produced by JAXA.  

Most of the items in (a) were achieved, although we did not 
have the chance to extend the study to regions other than Riau, 
Indonesia, and we did not provide specific guidance on use of  

ALOS in GEO-FCT as my responsibility was principally 
concerned with more general use of data in emissions 
calculations. Also the emphasis changed very much towards 
the GEO-Global Forest Observations Initiative and casting the 
documents into a form closely related to the IPCC Good 
Practice Guidance, with radar playing a secondary role. (b) 
was the responsibility of the collaborator: Sheffield did not 
own or gather any ground data. (c) was taken into our work 
programme in the latter half of Phase 3.  
 The objectives clearly relate to the thematic drivers of the 
K&C Initiative: Conventions, through the REDD+ process and 
its support by GEO-FCT and latterly the GFOI; Carbon, since 
tropical forest is a major pool of carbon and changes represent 
emissions;  and Conservation, since the collaboration with 
WWF is essentially about supporting conservation efforts. 
 

B. Work approach 
The project was concerned with developing methods to bring 
out the information content of different types of ALOS data and 
to find optimal ways to exploit these data for measuring forest 
change. In the latter part of the project we also took the 
opportunity to compare the information about forest and 
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plantations in ALOS data with that in C-band ASAR data over 
central Sumatra. These methods are described in full in  [1-3]. 

C. Satellite data 
We have 25m mosaics (and also 50m mosaics) from EORC 

covering Sumatra and Kalimantan from 2007 to 2010, though 
currently have only analysed only those from central Sumatra., 
We have the full time series of P443 P7170-7190 FBD pairs, 
partly covering Riau & Jambi. For ScanSAR, we have time 
series of two scenes from 31/01/2007 to 20/06/2008, covering 
most of Riau and Jambi. The FBD pairs and ScanSAR data are 
all PALSAR standard products from AUIG and are all 
processed at level 1.5 and projected into WGS84 UTM zones 
47/48 (depending on their locations).  

We have also used C-band data from the ESA Envisat 
ASAR data archives: 1) a time series of Wide Swath (VV) data 
covering Riau for the same period as the ALOS ScanSAR noted 
above; 2) a time series from November 2010 to October 2011 
of a single APG scene covering part of Riau. These data are all 
provided as ellipsoid geocoded data.  

 A further important source of satellite data was Landsat 
images of Riau; these underpinned the WWF land cover maps 
that were used extensively to support the analysis of the 
PALSAR data. Original Landsat images were also used to try to 
understand possible errors in these maps. 

 

D. Ground data 
The responsibility for delivering ground data sets to JAXA 

lay with the collaborator; the University of Sheffield did not 
gather and does not own any such datasets. 

 

III. RESULTS AND SUMMARY 

A. Optimising the use of combined FBD and ScanSAR data to 
measure deforestation 

At the end of K & C Phase 2 we were still investigating the 
combined use of ALOS ScanSAR and FBD data to measure 
deforestation in Riau, and this continued into Phase 3. Our 
principal results from this component of the work were 
published in [1], which provides a thorough investigation of the 
strengths and limitations of ScanSAR and FBD data, used 
separately or in combination, for detecting deforestation in 
Sumatra. This is clearly important for emissions estimates 
(Carbon and Climate) and Conservation. Its key conclusions 
were:  
1. Deforestation does not leave a distinctive signature in 

ScanSAR data: increases, decreases and more general types 
of change are all encountered when deforestation occurs. 
This is consistent with L-band observations in the Amazon. 
Hence isolating the start of a deforestation event by fitting 
some characteristic profile of change is only effective in a 
limited number of cases. General measures of change are 
more useful, with temporal SD giving the best 
performance. However, used alone this leads to detection 

rates of only 38% and 56% for false alarm rates of 10% and 
20%, respectively.  

2. ScanSAR performance is hampered by large changes in 
backscatter in natural forest, especially swamp forest, due 
to variations in surface water under the forest. Acceptably 
low false alarm rates can only be achieved at the expense of 
reduced detection rates. 

3. Optimum detection of deforestation using FBD data 
requires exploitation of both increases and decreases in HH 
and HV intensity, since all four types of change carry 
complementary information. Unexpectedly, the detection 
performance using HH alone is only slightly worse than 
with HV alone, but better results are obtained by 
combining them. Detection rates for HH alone, HV alone, 
and the combination of HH & HV were found to be 
respectively 39%, 43% and 53% for false alarm rates of 
10%, and 51%, 54% and 64% for a false alarm rate of 20%. 

4. The best detection performance is obtained by combining 
ScanSAR and FBD. This yields detection rates of 58% for 
a false alarm rate of 10% and 72% for a false alarm rate of 
20%; the corresponding best detection rates using only 
FBD are 53% and 64% respectively. 

5. The detection rates given above are scene-dependent, since 
performance is different for dry and swamp forest, so 
detection is affected by the proportion of each type of 
forest in the scene. If information is available on the 
geographical distribution of each type of forest in the 
scene, detection performance could be improved by 
applying different thresholds to each forest type. 

6. Using differences between forest maps derived from 
Landsat data to quantify the accuracy of deforestation 
estimates from radar can lead to errors in the estimates of 
detection and false alarm rates. These can be significant if: 
(a) the deforestation rate is small and comparable to error 
rates in the Landsat classification; (b) there are appreciable 
differences between the periods over which the Landsat 
and the radar data are gathered. In this study, the detection 
rate inferred for FBD data is probably underestimated, but 
the false alarm rate is likely to be accurate. 

7. Although the analysis used fully automatic methods, it is 
likely that a semi-automated approach which exploits 
human knowledge may improve performance, particularly 
for ScanSAR. 

B. Improved estimates of PALSAR deforestation detection 
rates using mosaic data 
Testing the accuracy of a land cover or land cover change 

map relies on having reference data. One approach to forming 
a reference dataset is to select a set of locations at which the 
land cover and/or its change is accurately known, and to 
compare   this   “truth”   with   what   is   inferred   from   the   satellite  
data. The weakness of this approach is that it will give spurious 
estimates of real detection performance unless the reference 
dataset properly represents the full range of scene properties. 
The representation problem vanishes if reliable map data are 
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available from another source, but is then replaced by the 
problem of knowing how accurate the reference map really is.  

The estimates of PALSAR deforestation detection 
performance inferred in [1] were based on measures of 
deforestation derived from differences between WWF land 
cover maps for 2007 and 2008, hence there was no 
representation error. However, the accuracy of these Landsat-
based maps has not been formally assessed, which presents one 
source of uncertainty. A potentially much greater problem in 
the analysis was that the 2007 WWF map was based on 
Landsat data acquired several months before the first FBD 
dataset (although the 2008 map used data nearly coincident 
with SAR data). Hence deforestation occurring between the 
acquisition of the data used to form the 2007 WWF map and 
the first FBD image would lead to spurious errors in the 
performance assessment. Both error sources were examined in 
the Appendix to [1], but could not be assigned numerical 
values. 

In order to avoid the errors due to temporal mismatches, a 
different approach to quantifying how well PALSAR can 
detect deforestation was adopted in [2]. Here, we estimated the 
fraction of the region marked as natural forest in the 2007 
WWF map that had been lost by the time of the 2008 PALSAR 
acquisition by applying a threshold to the HH/HV ratio 
measured on 2008 50m PALSAR mosaics. Since the WWF 
2008 map was based on data acquired close in time to the 
PALSAR data, the temporal mismatch is eliminated. 
Comparison with this map therefore leads to more realistic 
estimates of the ability of PALSAR to detect deforestation, and 
indicates a detection rate of over 86% at a false alarm rate of 
20% (compared with 72% found in [1]) (Fig. 2).  Refinement 
of this detection probability requires an estimate of the 
accuracy of the WWF maps. However, the analysis in the 
Appendix of [1] indicates that in Riau, where the deforestation 
rate is high, this estimated detection rate is likely to be fairly 
accurate. 

 

Fig. 2 Deforestation detection using the HH/HV polarisation ratio from 
PALSAR 50 m mosaics in 2008 for Riau; green: undisturbed forest; red and 
blue: detections with false alarm rates of 10 and 20%, respectively. 

C. Comparing L-band and C-band for monitoring tropical 
forest and plantations  
In the latter part of Phase 3, partly in response to the 

upcoming launch of the European Sentinel-1 C-band SAR 
satellite, we switched the focus of our attention to the synergy 
between C- and L-band SAR for monitoring tropical forests 
and plantations. The scope of our study was restricted by the 
lack of extensive Envisat data over Riau (and indeed over 
much of the tropical belt). A time series of Envisat ASAR data 
was available only for a single year from late 2010 to late 2011 
and in a single scene where no deforestation occurred. 
Nonetheless, this led to valuable information on the relative 
values of C- and L-band for monitoring tropical plantations. 
This is an important topic because, particularly in south-east 
Asia, conversion of natural forest to plantations is a major but 
poorly quantified process of change, with major effects for 
livelihoods, biodiversity, etc. It can also have important 
consequences for carbon emissions and climate, especially 
through loss of carbon from the soils through plantation 
management. 

Our main conclusions, reported in [3], were: 
a) At C-band, both VV and VH are important for 

distinguishing forest types. In VV polarisation, but not VH, the 
backscatter from acacia is greatly affected by whether the 
underlying soil is peat or non-peat (Fig. 3, top row).  

b) At L-band, HV carries most of the relevant information, 
and L-band is much more sensitive than C-band to structure 
arising from forest management. This can aid manual 
classification but can induce errors in automatic classification 
because   it   induces  greater   variation   in   the   “acacia  plantation”  
class. The backscatter from acacia is affected by whether the 
underlying soil is peat or non-peat for both HH and HV (Fig. 3, 
third row).  

c) Acacia plantations in Riau grow rapidly, reaching 
harvestable age in only 4-6 years (shorter on peat soil and 
longer on non-peat), which causes rapid changes and saturation 
in the radar signal. Together with the associated mixture of 
cleared and planted areas, this leads to significant 
misclassification in single images, so that time series are 
needed for accurate classification. 

d) These changes can be turned to advantage as they allow 
both forest clearance and plantation management to be 
monitored. However, because of the rapid growth of acacia, 
the signature of clearance is quickly lost (Figs. 4 and 5). 
Similar fast change is expected after clearance of natural forest 
for other land uses in this region.  

e) No advantage is conferred by the use of 25m PALSAR 
mosaics as they need considerable spatial averaging to achieve 
accuracies comparable with the 50m mosaics (Fig. 3, second 
and third rows). 

f) Compared with the 35 day repeat of Envisat, the longer 
time between images for the annual L-band time series 
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increases the risk of missing forest and plantation changes that 
occur soon after an acquisition (Figs. 5 & 6).  

Points (d) and (f) are explained more fully in the following. 
Fig.4 shows extracts from the PALSAR annual mosaics for 
2007-2010 covering the ASAR scene, with RGB 
corresponding to HH, HV and the HH/HV ratio respectively. 

Areas corresponding to acacia plantations in the WWF maps 
exhibit clear changes from clearance to regrowth, along with 
intermediate phases. Three sample sites (marked a, b and c on 
Fig. 4) are used to derive the trends in backscatter (Fig. 5). 
Sites (a) and (b) are on peat soil and were cleared in 2008 and 

 
Figure 3. Histograms of backscatter and ratio values for five classes: natural forest (black), acacia on peat (red), acacia on non-peat (green), oil palm (blue) and 
cleared area (purple).(Top row) ASAR VV, VH and VV/VH; (2nd row) 2009 PALSAR 25m mosaic HH, HV and HH/HV; (3rd row) spatially filtered 2009 PALSAR 
25m mosaic HH, HV and HH/HV. The 4th row gives the 2-D histograms of the co- and cross-polarised backscatter values for the five classes based on random 
samples after deleting values in the tails of the histogram at the 5% level in both channels: (left) ASAR APG; (right) averaged PALSAR 25m mosaic. 

 

  

Figure 4. PALSAR 25m mosaic time series from 2007 to 2010 over the ASAR APG scene with HH as red, HV as green and HH/HV as blue. 
Samples (a-c) are used to present the trends of backscatter values shown in Figure 5. © JAXA/METI. 

(a) 
(b) 

(c) 

2009 2010 2007 2008 
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              (a)              (b)            (c) 
 
Figure 5. Trends from 2007 to 2010 of PALSAR HH (-o-) and HV (-□-) backscatter for sites marked by the black circles (a-c) in Figure 9. 
Samples (a) and (b) are on peat soils and cleared in 2008 and 2007 respectively; (c) is on non-peat soils cleared in 2009. The units are m2/m2. 
 
 
 

 
Figure 6. (left) Clearance and (right) regrowth of acacia plantations derived from the ASAR APG time series. The background colours indicate 
acacia (red), oil palm (blue), natural forest (green), cleared (black) and  masked out water bodies (white). On the left, black, cyan and purple 
correspond to clearance during November 2010 to January 2011, March to May 2011 and June to October 2011 respectively; on the right, 
magenta and yellow correspond to regrowth during March to May 2011 and June to October 2011 respectively. Black means the area was 
classified  as  cleared  and  is  marked  as  “not  replanted”. 

 
2007, respectively, while site (c) is on non-peat and cleared in 
2009. Clearance is marked by a sharp drop in HV backscatter, 
recovering to a stable value of around 0.06 m2/m2 after 1-2 
years (Fig. 5). The HH backscatter is more variable, probably 
because of soil moisture effects, and is therefore less indicative 
of changes, as would be expected from Figure 3 (third row). 
However, in all three cases acacia shows an increase in HH 
backscatter in the year after clearance, possibly as a result of a 
trunk-ground double bounce, which is attenuated as the canopy 
becomes denser with age. 

The nine available ASAR images were classified in three 
groups of three: 1) November & December 2010 and January 
2011; 2) March, April & May 2011; and 3) June, July & 
October 2011 to build clearance (Fig. 6a) and replanting (Fig. 
6b) maps for acacia plantations. In Fig. 6a, black shows 
harvest in 2010, while cyan and magenta show harvest in 
March-April and June-October 2011 respectively. Replanting 
is carried out soon after harvest because most of the cleared 
areas are classified as vegetated in the next time period, as 
shown in Fig. 6b, where black is cleared areas that have not yet 
been replanted, while yellow and magenta show regrowth in 

(a) (b) 

54 of 436



 

 

early and mid-2011 respectively. This illustrate that if 
acquisitions are provided frequently enough, e.g. by Sentinel-1, 
such data can be used to track plantation status and monitor the 
supply of wood from plantations for pulp production. It further 
indicates how rapidly acacia grows and the risk of missing 
clearance events if data acquisitions are too far apart in time. 
This analysis also indicates the potential advantage of making 
joint use of Sentinel-1 and ALOS-2 in a tropical forest 
monitoring system. 

My priorities over the next period focus on (1) extending 
what we have learnt in Riau to other regions (including 
Kalimantan, in collaboration with WWF); (2) joint use of 
ALOS-2 and Sentinel-1 for tropical forest monitoring; (3) 
preparing for the BIOMASS mission and understanding the 
likely synergy of L-band and P-band for biomass measurement.  
We already have the Kalimantan data, but my Chinese student 
has returned to China and I am currently unable to resource its 
analysis. However, a Portuguese PDRA who is very 
experienced in tropical forest observations joins me on June 1, 
and I expect to involve him in the K&C Phase 4, if selected. I 
am keen to take advantage of his very strong links in Brazil as 
well as working in Indonesia with WWF. Particularly important 
is his experience in making in situ measurements, as a continual 
problem we have suffered from is the unknown accuracy of the 
WWF maps, and the next phase of work must involve 
acquisition of on suitable well-characterised ground data. 

 

ACKNOWLEDGEMENTS 
This work has been undertaken within the framework of the 

JAXA Kyoto & Carbon Initiative. ALOS PALSAR data have 
been provided by JAXA EORC. We also used Envisat data 
provided by ESA. This work was supported by the key project 
of the National Natural Science Foundation of China under 
Grants 61225005. The authors also acknowledge helpful advice 
from Dr Masanobu Shimada of JAXA. 

REFERENCES 
[1] M. Whittle, S. Quegan, Y. Uryu, M. Stüewe and K. 

Yulianto,   “Detection of tropical deforestation using 

ALOS-PALSAR: a Sumatran case study,” Remote Sens. 
Env., May, 83-98, 2012, doi: 10.1016/j.rse.2012.04.027 

[2] T. Zeng, X. Dong, S. Quegan, C. Hu and Y. Uryu, 
“Regional tropical deforestation detection using ALOS 
PALSAR 50m mosaics in Riau province,   Indonesia,”  
2014, IET Electronics Letters (in press).  

[3] X. Dong, S. Quegan, and Y. Uryu, “Classifying Indonesian 
plantation and natural forest cover and measuring changes 
with C- and L-band SAR data,” Proc. European Space 
Agency Living Planet Symposium 2013, September 2013, 
Edinburgh. 

 

 

 

 

                                 Shaun Quegan (M’90)   received the  B.A.          
                                 and M.Sc. degrees in mathematics from the  
                                 University of  Warwick, Coventry, U.K., in  
                                 1970 and 1972,  respectively, and the Ph.D.  
                                 degree  from  the  University  of  Sheffield,  
                                 U.K.,  in 1982.  From 1982 to 1986, he was            
                                 a   Research   Scientist   with   the  Marconi  
                                 Research Centre, Great Baddow, U.K., and 
led the Remote Sensing Applications Group from 1984 to 1986. 
He established the SAR Research Group at the University of 
Sheffield in 1986, and was awarded a Professorship in 1993. In 
the same year, he helped to inaugurate the Sheffield Centre for 
Earth Observation Science, of which he remains the Director. In 
2001, he became the Director of the U.K. National 
Environmental Research Council Centre for Terrestrial Carbon 
Dynamics. This multi-institutional centre is concerned with 
assimilating earth observation and other data into process 
models of the land component of the carbon cycle, and now 
forms part of the U.K. National Centre for Earth Observation. 
His broad interests in the physics, systems and data analysis 
aspects of radar remote sensing are now subsumed in the more 
general aim of exploiting many sorts of EO technology to give 
greater quantitative understanding of the carbon cycle.

 

55 of 436



 

 

 

 
 

     Forest Theme 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 K&C Final Report – Phase 3 
Use of ALOS PALSAR data for supporting forest carbon tracking in Sumatra Island 

 
Orbita Roswintiarti et al., 

Remote Sensing Technology and Data Center (Indonesia) 
 

56 of 436



 

 

K&C Final Report – Phase 3 
Use of ALOS PALSAR data for supporting forest 

carbon tracking in Sumatra Island
Orbita Roswintiarti1, Katmoko Ari Sambodo2, Kustiyo3, Mulia Inda Rahayu4, Novie Indriasari5, Inggit Lolitasari6 

1,2,3,4,5,6 Remote Sensing Technology and Data Center, 
Indonesian National Institute of Aeronautics and Space (LAPAN), 
Jl. LAPAN No. 70 Pekayon Pasar Rebo Jakarta 13710 Indonesia. 

E-mail: 1 oroswin@indo.net.id, 2 katmoko_ari@lapan.go.id, 3 kuslapan@yahoo.com, 4 iinsudhie@yahoo.com, 
5 indriasari.novie8@gmail.com, 6 inggitlapan@gmail.com 

 
 
Abstract— Extraction of various parameters related to forestry 
from remote sensing data can be used in monitoring carbon 
stocks and stock changes. SAR (Synthetic Aperture Radar) data 
can be an alternative data source as it always cloud free. Cloud 
cover is often becomes an obstacle in monitoring using optical 
data, especially in parts of Indonesia. This study aims to 
investigate the capability of using ALOS PALSAR mosaic data 
for land cover classification, forest-non forest classification, and 
forest loss detection in Sumatra Island, Indonesia. As Sumatra 
Island is very broad, we focused our study area only on the part 
of Jambi and South Sumatra Province, Indonesia. Two non-
parametric classifiers were experimentally implemented to 
generate land cover classification for year 2007, 2008, 2009, and 
2010, i.e., Support Vector Machine (SVM) classifier and Random 
Forest (RF) classifier. In order to minimize the presence of 
outliers in the training samples and to increase inter-class 
separabilities, prior to classification, a training sample selection 
and evaluation technique by identifying its position in a 
horizontal vertical–vertical horizontal polarization (HV-HH) 
feature space was applied. There were nine different classes 
discriminated: forest, rubber plantation, mangrove & shrubs 
with trees, oilpalm & coconut, shrubs, cropland, bare soil, 
settlement, and water. Forest-non forest classification maps were 
then generated by class aggregation of land cover classification 
result. Finally, forest loss maps were generated by applying a 
simple thresholding method developed by JAXA. 

Index Terms— ALOS-PALSAR, land cover classification, 
forest-non forest classification, forest loss detection, support 
vector machine (SVM), Random Forest (RF), Sumatra Island. 

I. INTRODUCTION 
Forests  play  a  very  important  role  in  regulating  the  Earth’s  

climate through the carbon cycle. Forest monitoring needs to 
be done regularly to preserve the forest from degradation and 
deforestation. In Indonesia, a nationwide coverage of optical 
satellite data is acquired by the government for forest 
monitoring purposes. However, cloud cover is often becomes 
an obstacle in monitoring using optical data, especially in 
parts of Indonesia. Recently, Synthetic Aperture Radar (SAR) 
satellite imaging has become an increasing popular data 
source because its capability to penetrate through clouds, haze, 
and smoke since they can produce serious problems for optical 

satellite sensor observations [1], [2]. Using SAR data, various 
information / parameters related to the forestry can be 
potentially derived, such as forest-non forest information, 
forest loss information, land cover change, etc., and then can 
be utilized as one of basis information to support forest carbon 
tracking in those area. 

This study aims to investigate the capability of using 
ALOS PALSAR mosaic data for land cover classification, 
forest-non forest classification, and forest loss detection in 
Sumatra Island, Indonesia. The dual polarization ALOS-
PALSAR 25m mosaic datasets (from year 2007 to year 2010) 
were provided by the Japanese Space Exploration Agency 
(JAXA) within the framework of the JAXA Kyoto & Carbon 
Initiative (Phase 3). The objective of the ALOS K&C 
Initiative is to develop regional-scale applications and 
thematic products primarily from ALOS PALSAR data that 
can be used to meet the specific information requirements 
relating to Conventions, Carbon, and Conservation [3].  

To effectively derive reliable information from SAR data, 
appropriate classification techniques are essential. Numerous 
classification methods, such as statistics classifiers and Neural 
Network classifier, have been used in the application. 
However, the former needed the statistics information in the 
training samples, and the latter usually converged slowly and 
tended to converge to a local optimization [4], [5]. In this 
study, we investigated the use of two types of non-parametric 
approach for land cover classification, i.e., Support Vector 
Machine (SVM) classifier and Random Forest (RF) classifier. 
Similar to Neural Networks, they were not constrained to 
assumptions concerning the distribution of the input data and 
can handle different scaled data [6]. 

As Sumatra Island is very broad, we focused our study 
area only on the part of Jambi and South Sumatra Province, 
Indonesia. Our ground truth dataset was sparse and sometimes 
ambiguous mainly due to: 1) the large variation in landscapes 
as well as seasonal variation; 2) the large time difference 
between SAR data acquisition (year 2010) and ground data 
collection (year 2013). Thus, an SVM based classification and 
RF based classified was considered suitable here due to its 
ability to successfully work with limited training samples. 
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However, the presence of outliers and inter-class confusion in 
the training samples for each land cover class should be 
handled carefully in order to achieve a satisfactory 
classification result. For these reasons, we applied a training 
samples selection and evaluation technique by identifying its 
position in HV-HH (horizontal vertical – vertical horizontal 
polarization) feature space as a precursor step of classification 
process. This technique allows us to minimize the presence of 
outliers in the training samples and to perform the class 
aggregation if their separabilities in HV-HH feature space 
were too low [7], [8].  

Forest-non forest classification maps were then generated 
by class aggregation of land cover classification result. 
Finally, forest loss maps were generated by applying a simple 
thresholding method developed by JAXA. 

 

II. DESCRIPTION OF THE PROJECT 

A. Objectives and relevance to the K&C drivers 
The primary objective of this study is to perform the forest 

classification in Sumatra Island, Indonesia and evaluate the 
classification results using ground-truth data. The 
deliverables/products by the end of the project are the annual 
forest/non-forest change and the annual Land Use/Land Use 
Change and Forestry (LULUCF) of Sumatra Island. The 
outcomes  are  directly  related  especially  to  the  “Carbon  driver”  
of the K&C Initiative: Conventions, Carbon and Conservation, 
i.e.  the  three  C’s  [9]. 

B. Satellite Data  
The SAR data used in this study were ALOS-PALSAR 

data, L-band, 25 m resolution, dual polarization (HH+HV) 
mosaic covering the whole island of Sumatra, Indonesia in year 
of 2007, 2008, 2009, and 2010 (Figure 1). These data were pre-
processed (orthorectification, slope correction, and mosaicked) 
by JAXA-EORC (Japan Aerospace Exploration Agency – 
Earth Observation Research Center). Sumatra island is very 
broad, therefore to obtain the training sample for land cover 
classification and to evaluate the results, we focused our study 
area only on the part of Jambi and South Sumatra Province, 
Indonesia (Figure 2). This area was chosen as it contains the 
most representative land covers in Sumatra, i.e., forest, swamp 
forest, acacia, rubber plantation, mangrove, shrubs, oil palm 

plantation, coconut, cropland, bare soil, settlement, and water 
area. 

C. Ground data 
A ground survey activity was conducted in March 2013 

and the result was summarized in Figure 2. The survey was 
mainly carried out in more detail in Harapan Rain Forest area 
(blue line) to observe a clear difference between forest area 
with plantation area as well as degraded area due to illegal 
logging. 

D. Work approach 
Land Cover Classification Method 

The flowchart of the ALOS-PALSAR classification used in 
this study is shown in Figure 3 [7], [8]. It starts with the 
conversion of Digital Number (DN) of ALOS-PALSAR data to 
Gamma Naught 0J  in decibel unit, which is defined as radar 
backscatter per unit area of the incident wavefront 
(perpendicular to slant range ) [10]: 

[dB]      log*10 2
10

0 CFDN � J  (1) 

where the Calibration Factor [dB] 0.83� CF , and ...  
represent averaging over 3x3 window size. 

Region of Interest (ROIs) for each land cover class was 
then identified mainly based on ground survey information. For 
each class, at least ten ROIs were selected and their statistics 
(mean and variance-covariance) were then calculated and 
plotted in the HV-HH feature space. The center of the ellipses 
coincided with the mean backscatter values. The variance-
covariance defined the direction and length of the ellipse axes. 
Ideally, each ROI had relatively small ellipse shape (indicating 
the selected samples were quite homogeneous or small 
variance-covariance). Ellipse centers for ROIs with same class 
were also close to each other but relatively separated for ROIs 
with different classes. To achieve these, selection and 
evaluation using HV-HH feature space plot should be done 
iteratively. At the end of this step, when two or more classes 
were highly overlapping, these classes were then aggregated 
into a single class.  It  was  better  to obtain  high classification 

 

 

 

 

 

 

 

 

 
a) 2007  b) 2008  c) 2009  d) 2010 

Figure 1. ALOS PALSAR 25m mosaic data covering the whole island of Sumatra, Indonesia, generated by JAXA EORC. © JAXA/METI 
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Figure 2.  ALOS PALSAR 25m mosaic data the part of Jambi and South Sumatra Province and ground survey information. 
 
accuracy with less number of classes, rather than use the entire 
class information but with low accuracy. The whole ROI 
dataset then divided into two datasets, around 60% for training 
and around 40% for testing the classifier. 

Once the training samples for each class had been 
generated, the supervised classification was then performed. In 
this study, two types of non-parametric classifier were used, 
i.e., SVM and RF classifier. Detailed explanation of SVM 
classification method can be found in [11], [12], [13], [14], 
while the general concept of RF classification is given by 
Breiman [15], [16]. In this study, to implement SVM and RF 
classifier, we used LIBSVM libraries [13] and OpenCV 
libraries [14], [17]. 

Finally, the accuracy of classification result was estimated 
using confusion matrix (using testing samples). The 
classification result of SVM and RF classifier were then 
compared with a parametric classifier, i.e., Maximum 
Likelihood classifier. 

Forest-Non Forest Classification Method 

The approach to generate forest-non forest map was based 
on class aggregation of land cover classification result obtained 
from result of land cover classification. The class aggregation 
rule is shown in Figure 4. In our rule, oilpalm is classified as 
non-forest class. Although oil palm plantations do resemble 
tree plantations in terms of their height and crown cover, in 
other  aspects  they  are  primarily  an agricultural  crop, due to 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

INPUT DATA : 
ALOS PALSAR 

(polarization HH andHV,  
25 m resolution,  

orthorectified, slope corrected) 

Convert Digital Number to Gamma Naught 

Select Region of Interest (ROI)  
for each class 

 (60% for training, 40% for testing classifier) 

Refine ROI or  
aggregate overlapped classes 

Classification using Support Vector 
Machine (SVM) or Random Forest (RF) 

(trained using Training Samples) 

Accuracy assessment  
(using Testing Samples) 

Land Cover Classification Map 

Class aggregation : 
- Forest class 
- Non forest class 

Forest-Non Forest Classification Map 

Check Class ROIs 
separability in the HH-

HV feature space 

good 

not good 

Figure 3.  Flowchart of the ALOS-PALSAR classification 
method. 
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their time cycle, nature and intensity of management [18]. 

 

 
Figure 4. Class aggregation rule for Forest – Non Forest. 

Forest Loss Detection Method 

The approach to generate forest loss map was based on a 
simple thresholding method developed by JAXA [10] and 
presented in Figure 5. This method is based on the observation 
that the HV polarization is more sensitive to changes in 
vegetation conditions. In the forest area, if the HV values in the 
consecutive year are decreased below a certain threshold (in 
dB), it will be considered as forest loss area. The threshold 
should be determined by trial and error. With a larger threshold 
value, the forest loss area will decrease, while small threshold 
value will cause too many small-scale changes at non-forest 
area are also detected as forest loss area. 

 
Figure 5.  Forest loss thresholding detection (Source : Motohka [10]). 

 

III. RESULTS AND SUMMARY 
The provisional results achieved from our research 

activities are here grouped into three themes: 
1) Land cover classification map of Sumatra (2007, 2008, 

2009, 2010) 
2) Forest-non forest classification map of Sumatra (2007, 

2008, 2009, 2010) 
3) Forest loss map of Sumatra (2007~2008, 2008~2009, 

2009~ 2010) 
3.1 Land cover classification map of Sumatra (2007, 2008, 

2009, 2010) 

Before the classification process, the evaluation of training 
samples was performed. In the initial stage, based on ground 
survey information, actually there are 12 land cover classes 
which potentially can be distinguished: forest, swamp forest, 
acacia, rubber plantation, mangrove, shrubs, oil palm, coconut, 
cropland, bare soil, settlement, and water area. The HV-HH 
feature space plot of the class sample ROIs (Region of Interest) 
is shown in Figure 6a (all water class samples are below -20 
dB, and not plotted in this figure). This plot was obtained 
iteratively, which at each iteration we try to get ellipse shapes 
as small as possible indicating that the selected training 
samples are quite homogeneous (or small variance-covariance). 

From this plot, it can be seen that a lot of class overlap 
occurred, probably due to the limited channels of the SAR data. 
For example, the forest class is overlapped with acacia and 
swamp forest class. The oil palm plantation class is overlapped 
with coconut plantation class. The mangrove class is 
overlapped  with  “shrubs  with  trees”  class.  These  class  overlaps  
would complicate the classifier in determining the optimum 
class boundaries and consequently will decrease the 
classification accuracy. Therefore, we aggregate the overlapped 
classes into one class. Forest, swamp forest, and acacia are 
aggregated  into  “forest”  class.  Similarly,  mangrove  and  shrubs  
with  trees  are  aggregated  into  “mangrove  +  shrubs  with  trees”  
class.  Oil  palm  and  coconut  are  also  aggregated  into  “oil  palm  
+  coconut”  class. After class aggregation, totally we obtain  

 

 
a)  Before class aggregation 

 

 
b) After class aggregation 

Figure 6. The HV-HH feature space plot of the class sample ROIs (Region of 
Interest). 
optimum training samples for nine classes (forest, rubber 
plantation, mangrove+shrubs with trees, oil palm+coconut, 
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shrubs, cropland, bare soil, settlement, and water class), and 
resulting HV-HH feature space plot is shown in Figure 6b. 

The classification result for year 2010 using SVM classifier 
is presented in Figure 7, and the corresponding confusion 
matrix is presented in Table 1. Overall accuracy 87.79% (with 
Kappa value 0.858) is obtained. The water, rubber plantation, 
cropland, and mangrove & shrubs with trees can be well 
discriminated from each other. The forest can be distinguished 
with other classes, however some misclassification between 
forest, rubber plantation, mangrove & shrubs with trees are 
also occurred, mainly due to their similar radar backscattering 
characteristics. The shrubs cannot be clearly identified by SVM 
classifier. This may be due the position of shrub samples in the 
feature space are closely surrounded by other classes so that the 
resulting class boundary is less optimum. 

The classification results for year 2010 using RF classifier 
is shown in Figure 8, and the corresponding confusion matrix 
is presented in Table 2. Similar to SVM, water, rubber, 
cropland, and mangrove & shrubs with trees can be well 
discriminated from each other. The forest can be separated with 
other classes, but some misclassification between forest, 
rubber, mangrove & shrubs with trees are also occurred. The 
shrubs and baresoil cannot also be well identified by RF 
classifier, but relatively better result than SVM. RF classifier 
gives overall classification accuracy 88,93%, higher 1.14% 
than SVM. However, the accuracy of the oilpalm + coconut 
class given by RF is lower 1.97% than SVM. 

As comparison, the classification result for year 2010 using 
Maximum Likelihood classifier is also presented in Figure 9, 
and the corresponding confusion matrix is presented in Table 3. 
From the confusion matrix, it can be found that the overall 
accuracy exhibited by the SVM classifier is higher (3.47%) 
than by Maximum Likelihood classifier, while the overall 

accuracy exhibited by the RF classifier is higher (4.61%) than 
by  Maximum  Likelihood  classifier.  The  producer’s  accuracies  
given by both SVM and RF for forest, rubber plantation, 
mangrove & shrubs with trees, cropland, and water class are 
greater than 92%. On the other hand, Maximum Likelihood 
classifier   can  provide  producer’s   accuracies   greater   than   92%  
only for the rubber, cropland, and water class. This result can 
also be confirmed in Figure 9, which some misclassification 
between forest, mangrove & shrubs with trees, oil palm & 
coconut, and settlement are occurred evidently, and especially 
bare soil areas cannot be accurately identified by Maximum 
Likelihood classifier. 

The finding of this study suggest that SVM as well as RF 
can perform adequately as land cover classification tool using 
SAR data. Although SVM and RF did not produce 
significantly better result than the Maximum Likelihood 
classifier,  it  provided  less  omission  error  (or  higher  producer’s  
accuracy) in classifying forest, mangrove & shrubs with trees, 
oil palm & coconut than Maximum Likelihood classifier. This 
distinction may be important for future studies especially in 
monitoring forest and non-forest area and its change in 
Indonesia, for example due to area extension of oil palm 
plantation. 

The complete classification results of Sumatra Island for 
year 2007, 2008, 2009, and 2010 using SVM classifier and RF 
classifier are shown in Figure 10 and Figure 11 respectively. In 
each year, independent training samples are used. However, to 
conserve the space, the HV-HH feature space plot of the class 
sample ROIs (Region of Interest) for year 2007, 2008, and 
2009 are not presented here. However, we did not evaluate 
these results in detail, due to the lack of field data for each 
year. 

 
 

61 of 436



 

 

 

 

 

 

 

 

 

 

Figure 7. Classification result using Support Vector Machine classifier. 
 

Table 1. Confusion matrix of Support Vector Machine classifier. 

Reference 
 Data 
 

Classified 
Data 

Forest Rubber 
plantati
on  

Mangrove 
+ shrubs 
with trees 

Oilpalm 
+ 
coconut 

Shrubs Cropland Baresoil Settlement Water User’s 
accuracy 

Forest 4452 61 73 28 338 0 0 38 0 89.22 
Rubber 
plantation 

106 1326 0 2 0 0 0 109 0 85.94 

Mangrove + 
shrubs with 
trees 

113 0 2278 24 41 2 5 0 0 92.49 

Oilpalm + 
coconut 

15 0 19 1951 228 11 1 182 0 81.06 

Shrubs 118 0 50 155 580 0 0 0 0 64.23 
Cropland 0 0 0 1 0 1239 221 0 0 84.80 
Baresoil 0 0 1 0 0 59 291 0 0 82.91 
Settlement 0 2 0 25 0 0 0 880 0 97.02 
Water 0 0 0 0 0 0 0 0 1583 100.00 
Producer’s  
accuracy 

92.67 95.46 94.09 89.25 48.86 94.51 56.18 72.79 100.00  

   Overall accuracy:  87.79%  Kappa Coefficient:  0.855 
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Figure 8. Classification result using Random Forest classifier. 

 

Table 2. Confusion matrix of Random Forest classifier. 

Reference 
 Data 
 

Classified 
Data 

Forest Rubber 
plantation 

Mangrove 
+ shrubs 
with trees 

Oilpalm 
+ 
coconut 

Shrubs Cropland Baresoil Settlement Water User’s  
accuracy 

 Forest 4428 49 47 24 294 0 0 35 0 90.79 
Rubber 
plantation 

87 1314 0 0 0 0 0 43 0 91.00 

Mangrove + 
shrubs with 
trees 

108 0 2259 7 21 2 5 0 0 94.05 

Oilpalm + 
coconut 

20 0 39 1908 182 11 0 116 0 83.83 

Shrubs 154 0 71 182 689 0 0 1 0 62.81 
Cropland 0 0 0 0 0 1234 172 0 0 87.77 
Baresoil 0 0 5 0 0 64 341 0 0 83.17 
Settlement 7 26 0 65 1 0 0 1014 0 91.11 
Water 0 0 0 0 0 0 0 0 1583 100.00 
Producer’s  
accuracy 

92.17 94.60 93.91 87.28 58.05 94.13 65.83 83.87 100.00  

    Overall accuracy: 88.93%  Kappa Coefficient = 0.868 
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Figure 9. Classification result using Maximum Likelihood classifier. 
 

Table 3. Confusion matrix of Maximum Likelihood classifier. 

Reference 
 Data 
 
Classified 
Data 

Forest Rubber 
plantati
on 

Mangrove 
+ shrubs 
with trees 

Oilpalm 
+ 
coconut 

Shrubs Cropland Baresoil Settlement Water User’s  
accuracy 

Forest 4083 62 25 17 145 0 0 41 0 93.97 
Rubber 
plantation 

138 1322 0 0 0 0 0 124 0 83.46 

Mangrove + 
shrubs with 
trees 

161 0 2079 1 16 0 0 0 0 92.11 

Oilpalm + 
coconut 

15 5 6 1727 124 1 0 181 0 83.88 

Shrubs 403 0 71 287 860 0 0 3 0 52.96 
Cropland 0 0 0 1 0 1232 237 0 0 83.81 
Baresoil 4 0 240 79 42 78 281 23 0 37.62 
Settlement 0 0 0 74 0 0 0 837 0 91.88 
Water 0 0 0 0 0 0 0 0 1583 100.00 
Producer’s  
accuracy 

84.99 95.18 85.87 79.00 72.45 93.97 54.25 69.23 100.00  

   Overall accuracy:  84.32%  Kappa Coefficient:  0.816 
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a) 2007 b) 2008 c) 2009 d) 2010 

Figure 10. Land cover classification results of Sumatera using Support Vector Machine classifier. 

 

    
    

a) 2007 b) 2008 c) 2009 d) 2010 

Figure 11. Land cover classification results of Sumatera using Random Forest classifier. 

 
3.2 Forest-non forest classification map of Sumatra (2007, 

2008, 2009, 2010) 

Forest-non forest classification maps were generated by 
class aggregation of land cover classification result obtained 
from 3.1 follow the rule shown in Figure 4. The forest-non 
forest classification results of Sumatra Island for year 2007, 
2008, 2009, and 2010 using RF are presented in Figure 12. The 
results using SVM are similar to these results, and to conserve 
the space, the results are not presented here.  

Detailed analysis of the results is conducted on the part of 
Jambi and South Sumatra Province as presented in Figure 13. 
From this figure, it can be seen that the Harapan Rain Forest 
area (blue line) was clearly classified as forest, while oilpalm 
plantation in the upper right of Harapan Forest was also clearly 

classified as non-forest. The swamp forest and mangrove near 
the coastline are also classified as forest area. The 
corresponding confusion matrix of this forest-non forest 
classification result is presented in Table 4. It should be noted 
that overall accuracy 95.46% can be obtained. When 
considered from the land cover classification result (Table 2), 
the classification error was mostly occurred among similar land 
cover classes, for example among : 1) forest, rubber, mangrove 
+ shrubs with trees; and 2) oilpalm + coconut, shrubs, 
cropland, baresoil, settlement. Both class groups were then 
aggregated into two different classes, i.e., forest class and non-
forest class. Therefore, errors that occur after class aggregation 
will be reduced. 

 

 

    
    

a) 2007 b) 2008 c) 2009 d) 2010 

Figure 12. Forest-non forest classification results of Sumatera using Random Forest classifier. 
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Abstract—JAXA (Japan Aerospace Exploration Agency) has 
successfully launched the Advanced Land Observing Satellite 
(ALOS) in January 2006, which carries two optical instrument- 
2.5 m resolution PRISMS and 10 m resolution AVNIR- and the 
Phased Array type L-band Synthetic Aperture Radar 
(PALSAR). As part of the international commitment, JAXA 
plans to use ALOS Data to contribute to global environmental 
monitoring and initiated the ALOS Kyoto and Carbon Initiative 
in 2004, following the continuation of the Global Rain Forest and 
Boreal Forest Mapping (GRFM/GBFM) Project, which was 
successfully conducted using data from the Synthetic Aperture 
Radar on the Japanese Earth Resources Satellite-1 (JERS-1). 
This research is undertaken within the framework of the ALOS 
Kyoto & Carbon initiative for the year of 2012-2014. The goal is 
producing biomass map and carbon cycle in Sulawesi Island in 
the following years of 2014. The ALOS data were provided by 
JAXA EORC under MOU between BIG (National Agency for 
Geospatial Information). The methodology developed for ALOS 
PALSAR analysis are scattering entropy calculation by using 
decomposition of covarian matrix and multilayer segmentation 
(HH, VV, and scattering entropy) by using region growing 
segmentation algorithm;  then generate landcover classification 
by random trees algorithm. As for land cover change palsar 
gamma naught was obtained from palsar mosaic image gamma 
naught change was applied for land cover change. The result 
showed that segmentation is fairly good for land cover and forest 
cover mapping and gamma naught change in HV polarization 
measured by palsar is useful indicator for forest cover change.  

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, Forest Cover Mapping, Sulawesi, Indonesia. 

I. INTRODUCTION 
JAXA (Japan Aerospace Exploration Agency) has 
successfully launched the Advanced Land Observing Satellite 
(ALOS) in January 2006, which carries two optical 
instrument-PRISMS and AVNIR- and the PALSAR. As part 
of the international commitment, JAXA plans to use ALOS 
Data to contribute to global environmental monitoring and 
initiated the ALOS Kyoto and Carbon Initiative (K&C) in 
2004, to form the continuation of the Global Rain Forest and 
Boreal Forest Mapping (GRFM/GBFM) Project, which was 
successfully conducted using data from the Synthetic Aperture 
Radar on the Japanese Earth Resources Satellite-1 (JERS-1). 

K&C Phase 2 was completed in January 23 2010, and that 
JAXA intends to initiate K&C Phase 3 in April 2011.  
 
The ALOS K&C phase 3 of this paper are actually proposed 
with the following themes : (1) Land cover map using ALOS 
PALSAR data; (2) Landcover change; (3) and in long term 
goal to produce biomass map and to understand of carbon 
cycle Carbon Stock measurement in Coastal wetland 
ecosystem using ALOS PALSAR Sulawesi, while biomas 
map suppost an issue that would be discused in the future 
program. 
 
Land cover and forest cover mapping in Indonesia is very 
important for monitoring and assessing the dynamics and 
directions of the national development. It has been performed 
periodically by the Geospatial Information Agency (BIG) of 
Indonesia using Optical remote sensing data. However due to 
geographical position of Indonesia, the application of optical 
remote sensing for land over as well as dynamic change is 
hampering by cloud cover. The availability of ALOS which 
carries three on-board sensors including the Phased Array type 
L-band Synthetic Aperture Radar (PALSAR) is the challenge 
to aim at day-and-night and all-weather observation for land 
cover and forest cover mapping. 
 
Land cover data is used to support presidential decrees no 
10/2011 about moratorium of primary forest and peat land 
areas for commercial activities. The long term aim of this 
policy is to reduce emission from forest and peat land. The 
understanding of Carbon cycle and biomass extracted from 
land cover is the simple step to support the Indonesian  policy 
in REDD and Climate change action.  
 
So far, land cover mapping activities by BIG more focused in 
small and large scale up to 1:50.000 for Sumatera and Borneo 
Islands and less focused in Sulawesi Island. Both Sumatera 
and Borneo as well Java islands have been investigated and 
studied intensively by many researches. Sulawesi Island with 
huge potencies is still lack of information on land and forest 
cover. In order to promote and reveal the potency of Sulawesi 
Island, this research is designed in this island. 
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According to the Indonesian act no 4/2011 on Geospatial 
Information, BIG has also responsible to the formulation of 
technical policy in the field of thematic geospatial information 
(IGT). During 2012-2013 in relates to ALOS program there 
are three main activities of BIG in thematic mapping; first, to 
inventory and provide map of land resources as well as land 
cover maps; Second, to develop land resources balance and 
accounting map, and the third is to generate the database of 
land   thematic   data’s.   This   paper   will   discuss   on   progress on 
landcover and change mapping, processing steps, and 
procedure in analysis of ALOS PALSAR. 

 

II. METHODOLOGY 

A. ALOS Data 
PALSAR (Phased Array L-band SAR) of ALOS 

(Advanced Land Observing Satellite) Five years data collection 
from 2006 to 2011 are the main data for this research. Mosaic 
products are developed using the SAR data mosaicking 
algorithm proposed by Shimada & Ohtaki (2010). Product of 
mosaic data is Palsar 25 m Mosaic data for 2007, 2008, 2009, 
& 2010. Then Orthorectified and slope corrected data products  
(Large-scale radiometrically and geometrically calibrated SAR 
datasets facilitating long strip processing of SAR data with 
ortho-rectification and slope correction using a digital elevation 
model by Shimada, 2010). List of Data used is shown in Table 
1. 

Tabel 1.  

Data used in this reserach 

 
 

B. Data Analysis 
The proposed method for analysing and extracting land 

cover information from ALOS PALSAR can be divided into 4 
phases; 1) scattering entropy calculation, by using 
decomposition of covariance matrix; 2) multilayer 
segmentation (HH, VV, and scattering entropy) by using region 
growing segmentation algorithm; 3) Generate classification of 
segmented polygon; 4) Ground truth investigation and 
accuracy assessment.  

 

1) Entropy calculation 

The main input of the analysis is the variation of 
polarization bands of ALOS PALSAR (HH, HV, VH, and 
VV). However, the additional data to enhance the analysis is 
also required.  Scattering entropy will be used to support the 
data input, and the result will have better accuracy. Scattering 
Entropy can be simply understood as distribution of the 
scattering mechanism probabilities of an image and the values 
are indicates the degree of statistical disorder of the scattering 
phenomenon. To calculate the scattering entropy (H), the 
eigenvector decomposition of the (2x2) complex covariance 
[C2] matrix are needed. The flow equation to gain the 
scattering entropy (H) is described below: 
 

 .............................. eq. 1 

 
where   [Λ]   and   [V]   represent   (2×2)   real   eigenvalue   and  

special unitary eigenvector matrices, respectively.  

......... eq. 2 

Pseudo probabilities of the (2×2) complex covariance 
matrix expansion element are defined from the set of sorted 
eigenvalues. 

................  eq. 3 

where   pi   is   the   pseudo   probability   of   the   eigenvalue   λi,  
representing the relative importance of this eigenvalue with 
respect to the total scattered backscatter power, and by 
convention   p1   ≥   p2.   The   scattering   entropy   (H)   is   calculated  
using the following formula, 

................... eq. 4 

2) Image segmentation 
Image segmentation means the partitioning of an image 

into meaningful regions based on homogeneity or 
heterogeneity criteria, respectively. The image is portioned into 
regions which best represent the relevant object in scene. These 
segmentation process run based on the region growing 
algorithm. The region growing algorithm is an iterative process 
by which region are merged starting from individual pixels, 
and growing iteratively until every pixel is processed. Some 
parameters also used to control the region growing 
segmentation process; they are area threshold and similarity 
threshold. Area threshold is the smallest size for a pixel that 
can be identified as a single object, whereas similarity 
threshold is the similarity of pixels that used as the decision 
rule in pixel merging.  The decision rule can be described as 
follow; 
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If, 

        D(Ri , Rk) <  T(t) ........................................ eq. 5 

                      the regions will be merged  

       D(Ri , Rk) > T(t) .......................................... eq.6 

                      the regions will not be merged 

 

Where, D is the Euclidean distance, T (t) is similarity 
threshold value.  

The scattering entropy and the polarization bands were 
combined as the segmentation process input.  

3) land cover classification  

Land cover classification was analysed using e-cognition 
and LUC java application, ilustrated in Figure 1. Both 
application used image segmentation as input file. There were 
two major steps applied: Segmentation and Classification. 

 
 Figure 1. Image Segmentation on E-Cognition Software 

4) Accuracy assessment 
The accuracy assessment of the classification result was 

applied by comparing the result with reference map and field 
investigation. An error matrix will be built to compute and 
compare   the   classification   result.   User   accuracy,   Producer’s  
accuracy, Overall accuracy (eq. 7), and Kappa coefficient (eq. 
8) will also be computed according to the error matrix. 

Overall accuracy (O) is calculated as shown in equation 7 
(eq. 7), where A is the number of pixels assigned to the correct 
class and B is the number of pixels that actually belong to that 
class.   

......................................................... eq. 7 

Equation 8 (eq. 8) is shown Kappa coefficient, where r is 
the number of rows in the confusion (error) matrix, xii is the 
number of observations in row i and column i (on the major 
diagonal), xi+ is the total observations in row i, x+1 is the total 
of observations in column i, and N is the total number of 
observations included in the matrix. 

.......................... eq. 8 

 

 
 

  
Figure 2. Landcover analysis of ALOS PALSAR Mosaic 

 

 

5) land cover change 

Gamma naught change was applied for Land cover change. 
In this research forest cover used as indication of land cover 
change as forest change to non-forest historically was found as 
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the large case for land cover change in Sulawesi. Figure 2 
illustrated gamma naught change analysis. 

 

 

 
Figure 3. Gamma naught change uisng ALOS PALSAR mosaic 

 

III. STUDY AREA 
 
Sulawesi (formerly known as Celebes) island is selected as 

study   area   for   this   project.   It’s   one   of   the   four-largest Sunda 
Islands in Indonesia and is situated between Borneo and the 
Maluku Islands (Figure 3). The population density of Sulawesi 
is fairly dense next after the island of Java and Sumatra. The 
Population density affects directly to the intensive change of 
land use in Sulawesi. 

Sulawesi, covering an area of 174,600 km2. The island is 
surrounded by Borneo to the west, the Philippines to the north, 
Maluku to the east, and by Flores and Timor to the south. It has 
a distinctive shape, dominated by four large peninsulas: the 
Semenanjung Minahassa; the East Peninsula; the South 
Peninsula; and the South-east Peninsula. There are three bays 
dominate the island: Gulf of Tomini, Tolo Sea, and Bone Sea, 
while the Strait of Makassar runs the western side of the island. 
Mosaic Palsar data for sulawesi was downloaded from JAXA. 

 

   
Figure 4. Geographic location of Sulawesi Island in Indonesia 
 
 

IV. RESULT AND DISCUSSION 
 

K&C phase 3 is the Challenge for collaborative program on 
land and forest cover monitoring in Tropical rain forest area 
like in Indonesia. The objective of this study is to demonstrate 
the ability of ALOS PALSAR for land cover (2012-2013) and 
land cover change mapping (2013-2014) of Sulawesi Island  

In this study, a land cover classification map was generated 
from Palsar 25 meter mosaic data using a random tree. The 
random trees classifier consists of a combination of tree 
classifiers where each classifier is generated using a random 
vector sampled independently from the input vector, and each 
tree casts a unit vote for the most popular class to classify an 
input vector.  

The Segmentation function divides a PALSAR image into 
region of homogeneous feature.  The Classification function 
classifies the divided images into any type of land cover based 
on ground truths. Classification process classifies the objects 
based on the features calculated from segmentation procedure. 
The example below illustrate visual orientation of land cover in 
study area where land cover was easily identified from 
combination of HH, HV, HH+HV/HH-HV display on R, G, B 
respectively (Figure 4). 

 
HH HV HH+HV/ 

HH-HV 

Composite 
Imagery 

Figure 5. ALOS AVNIR and ALOS PALSAR displayed in RGB for 
visual orientation  
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Figure 6. showed land cover of sulawesi and reclass of land cover 

into forest and non-forest cover.   

Forest showed dominant in study area but decreased during 
2008 to 201. When confining the classification to the 
distinction of forest and non-forest only (i.e. natural forest 
versus non-natural forest such as, plantation etc.) a result was 
shown in Table 2. 

Table 2. 

Accuracy assessment of land cover 

  Forest  Non Forest  Producer 
Accuracy  

Forest 
Coverage  129,179.36 16,245.10 88.8% 

Non 
Forest 
Coverage  

19,341.44 19,031.60 49.6% 

User 
Accuracy  87.0% 53.9%  

 

For forest identification, image segmentation showed 
relatively good for user and producer accuracies, while non-
forest needs improvement in order to separate  detail land 
cover. This is indicating that land cover mapping of forest 
using PALSAR data appears to be achievable target.  

Forest identification has been imposed with Forestry 
Concession to obtain the forest cover and land use utilization.  
Indonesian forest confession is published by Ministry of 
Forestry.  The forest cover and land use utilization can be 
described as in table and diagram below. 

 

 

Table 3. 

Forest cover and land use utilization 

Forest Cover and Land Use 2007 
(km2) 

2008 
(km2) 

2009 
(km2) 

2010 
(km2) 

Changes 
(km2) 

2007-2010 

Conservation Forest 13,998.3             13,872.1            13,994.0           14,081.6  83.3  

Mangrove 1.7                        1.6                       1.5                     1.5   (0.2) 

Production Tree 33,470.2             33,738.3            33,735.0           33,978.1  507.9  

Wetland Forest 116.8                   126.0                  122.3                 127.3  10.5  

Dryland Forest 33,734.2             33,689.9            33,968.1           33,792.7  58.5  

No Data 5,221.1                5,272.6              5,224.9             5,257.0  35.9  

Settlement and Cultivated Area 64,171.4             63,827.3            62,855.7           64,009.7   (161.7) 

Mixed Forest/Public Plantation 8,269.6                8,606.1              8,513.5             8,437.6  168.0  

Shrubs 27,761.1             27,623.9            27,095.1           27,099.8   (661.2) 
Water Body 1,450.6                1,437.7              2,685.0             1,410.2   (40.4) 
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 Shown by the table and diagram above, land uses has not 
been able to be delivered as detail as optical imagery based 
classification.  ALOS PALSAR as a radar imagery can obtain 
optimal information on land cover integrated with optical 
imagery as guidance.  In this research, the goal of the land 
cover identification is the forest cover from the L-Band SAR 
Imagery. 

In previous work with ALOS PALSAR for change 
detection, Osamu Isoguchi (2011) reported that HV 
combination of Palsar easily identified forest change than HH 
combination.  This indicating that vegetation clear change can 
be observed in HV data.  Sigma naught value was used for 
analysis change detection. 

 

 
Figure 7. landcover classification result 

 

Gamma naught was obtain by converted digital number of 
PALSAR with the following algorithm (Takaheshi et all, 
2011). Detection threshold of land cover change was illustrated 
as Figure 6 : 
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Figure 8. Threshold detection for forest (after takeshei, 2011) 

 

Gamma naught is backscatter per unit area of the incident 
wave front (perpendicular to slant-range). By comparing the 
value of gamma naught, forest or land be easily recognized. 
During 2006 to 2011 land cover mostly forest was found 
decrease and extensive change occurred in Central Sulawesi 
(Figure 7) 

 

 
Figure 9. Land cover change of whole Sulawesi island during 2008 to 
2011 

V. CONCLUSION 
 
 
ALOS PALSAR is the challenge and quite well suited to 

provide information about land cover.  Many advantage of 
PALSAR such as cloud free observation, high temporal and 
spatial resolutions. 

Time series L-band SAR combined with the ground truth 
data can potentially provide for land cover change monitoring. 

Gamma-naught change (HV polarization) measured by 
PALSAR is a useful indicator of land cover change. 

The final result of this research will be the biomass map for 
forest and non-forest area.  The final result has not been 
accomplished and it is in on-going state.  The obstacle is the 
value of biomass data for forest characteristic in Sulawesi 
territory. 
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Abstract—The major obstacle in mapping forest cover using 
optical imagery for tropical countries is persistent cloud cover, 
which is the case for Leyte Island, Philippines. Most LANDSAT 
images available for the particular area is heavily covered by 
clouds, thus Synthetic Aperture Radar (SAR) data, specifically the 
25-meter mosaics, acquired by the Advanced Land Observing 
Satellite (ALOS) Phased Array type L-band Synthetic Aperture 
Radar (PALSAR) sensor system were used to generate forest cover 
and forest cover change for years 2007 and 2010. Coconut palm, 
forest and non-forest/agriculture were the target classes classified 
to further explore separating coconut palm from forest, which is 
usually difficult for the said study area. Three different supervised 
classification algorithms were tested, namely: Maximum 
Likelihood Classification (MLC), Neural Network Classification 
(NNC) and Support Vector Machine (SVM) Classification. The 
overall accuracies of the forest cover maps for 2010 using MLC, 
NNC   and   SVM   were   75.63%   (κ=0.63),   89.45%   (κ=0.84) and 
88.27%  (κ=0.82),  respectively. Use of other satellite data such as 
ENVISAT ASAR to separate more successfully coconut palm from 
forest areas is planned to be undertaken, as well as looking into 
Level 1.1 Fine Beam Double (FBD) and Polarimetric (PLR) 
Polarization ALOS PALSAR data for the new study sites in the 
Philippines under the project on reducing emission from 
deforestation and forest degradation, role of conservation, 
sustainable management of forests and enhancement of forest 
carbon stocks (REDD-Plus). 

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, Forest Cover Change, Philippines 

 

I. INTRODUCTION 

A. Project Purpose 

The main purpose of this project was to develop a 
methodology that would support the development of a national 
monitoring, reporting and verification (MRV) system, 
particularly in the application of remote sensing (RS) and 
spatial analyses requirements in pilot activities in the 
Philippines and Vanuatu, regarding reducing emission from 

deforestation and forest degradation, role of conservation, 
sustainable management of forests and enhancement of forest 
carbon stocks (REDD-Plus). 

In line with such goals under MRV and REDD-Plus, the 
ALOS PALSAR images provided by the Earth Observation 
Research Center (EORC) of the Japan Aerospace Exploration 
Agency (JAXA) were explored to identify its capabilities in 
detecting and monitoring tropical forests in the Philippines and 
Vanuatu. During the development of this project, it was 
expected to achieve the following specific goals: 

x Establish baseline carbon stocks, piloting of forest 
carbon monitoring methods using ALOS PALSAR 
images to monitor land cover changes in comparison 
with traditional (optical) methods, and undertaking 
biodiversity baseline study and piloting of monitoring 
methods. 

x Generate forest cover change maps, baseline forest 
carbon stock estimates and documentation of image 
processing methodologies and accuracy assessments 
using ALOS PALSAR data over the following 
locations: 1) three pilot areas in the Philippines 
(Palawan, Leyte, and Southern Sierra Madre regions); 
and 2) the island of the Republic of Vanuatu. 

x Providing ground truth data to JAXA at the beginning 
of the Agreement Term and/or at a timing JAXA 
specifies during the course of the Agreement Term, 
which are georeferenced ground measurements of 
forest biophysical parameters and field photographs 
over the locations mentioned in the previous objective. 

Deutsche Gesellschaft für Internationale Zusammenarbeit 
(GIZ) Philippines was in charge of one of the three pilot sites in 
the Philippines – Leyte. Collaborating organizations such as the 
Fauna & Flora International (FFI) focused on the other two sites 
of the Philippines – Palawan and Southern Sierra Madre – and 
GIZ Pacific dealt with the islands of the Republic of Vanuatu. 
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B. Background and Relevance to K&C drivers 

Under the United Nations Framework Convention on 
Climate Change (UNFCCC) Conference of the Parties (COP) 
12 in Bali on December 2007, the international community has 
called upon countries to explore the concept of reducing 
emissions from deforestation and forest degradation (REDD) as 
a new mechanism to combine forest protection with objectives 
of climate protection, biodiversity conservation and 
improvement of local livelihoods. Agreements were negotiated 
to reward tropical countries for their reduced emission from 
deforestation and forest degradation. This also includes the 
conservation and sustainable management of forests and the 
enhancement of forest carbon stocks in developing countries 
(REDD-Plus) [24], which is also aligned with the Conservation 
and Carbon thematic drivers outlined in the K&C Science Plan 
[16]. Clear, robust and long-term monitoring systems would be 
needed in the successful implementation of initiatives; thus, the 
technology of satellite remote sensing will be useful. It will be 
part of a broader context of monitoring, assessment, reporting 
and verification [9]. The major problem though of forest/land 
use/cover mapping in tropical countries is the persistence of 
cloud cover; thus, radar satellites, specifically ALOS PALSAR, 
which are able to penetrate clouds, would serve as an alternative 
to usually cloud-covered optical imagery. 

 The International Climate Initiative of the German Federal 
Ministry for the Environment, Nature Conservation, Building 
and Nuclear Safety (BMUB) funded the “Climate-relevant 
Modernisation of the National Forest Policy and Piloting of 
REDD Measures in the Philippines Project” to support the 
country’s effort to protect the forest and climate, as well as 
develop appropriate instruments and policies. The “National 
REDD+ System Philippines” is the successor project, which 
supports the upscaling of technical solutions toward a national 
system for MRV of REDD-Plus results.  

 Southern Leyte was selected as one of the pilot sites for 
REDD-Plus under the Philippine National REDD-Plus Strategy 
(PNRPS) after discussions with the country’s Department of 
Environment and Natural Resources (DENR) back in 2009. The 
processing of multispectral optical data [22] and radar data to 
detect deforestation patterns in the pilot site needs to be 
integrated into a consistent workflow covering multiple 
reporting periods [8]. This will inform a forest and land use 
change assessment for the establishment of data on preparing 
reference emission levels for REDD-Plus implementation at a 
sub-national level, i.e. Leyte Island. 

 The LANDSAT classification performed in 
Truckenbrodt’s [23] study is part of the effort to achieve the 
highest possible temporal coverage (1989-2001) of satellite 
images for the island and quantify land cover changes. As 
LANDSAT images did not have Scan Line Corrections (SLC) 
starting year 2003, other available data were sought as 
alternative for the time frame beyond 2003. In ALOS 
PALSAR’s case, it covers the time frame of year 2007 to 2010, 
which made JAXA’s contribution of making available such 
satellite imagery really significant for this project. Not only 

does the availability of ALOS PALSAR imagery address this 
gap in the LANDSAT archive, but it also addresses the problem 
of optical imagery, which is frequent and heavy cloud cover. 

 Both researches on the optical and radar processing can 
therefore be seen in conjunction with the forest resources 
assessment (FRA) on Leyte Island [5] for elaboration of an 
internationally compliant system for REDD MRV as outlined 
in the conceptual approach to REDD-Plus MRV in the 
Philippines [19]. 

II. DESCRIPTION OF YOUR PROJECT 

A. Study Area 

Leyte Island is part of the Eastern Visayas group of islands 
in the Philippines, and its geographic coordinates are 10˚50’N 
and 124˚50’E. The island is about 180 km from north to south 
and 65 km from east to west at the widest point, with an area of 
7,367.6 sq. km. It is politically divided into two provinces – 
Leyte and Southern Leyte, where on the northeastern part of the 
island are heavy agricultural areas, and the rest of the island is 
heavily forested [25] especially on the mountainous areas but 
with lots of coconut and tree plantations in various areas. Figure 
1 illustrates the location of the study area. 

 
 

Figure 1. Location of the REDD-Plus Pilot Area (Southern Leyte) 

 

B. Satellite Data and Ground Data/Hypothesis 

A total of 12 ALOS PALSAR 25-meter mosaic scenes for 
years 2007 and 2010 (six scenes/year; refer to Figure 2) were 
used to generate mosaics for Leyte Island. The scenes had the 
following northing and easting values: N10-E124, N10-E125, 
N11-E124, N11-E125, N12-E124 and N12-E125 (KC_045-Y07 
(10) N10 E124 (125) FBDORSA1, KC_045-Y07 (10) N11 E124 
(125) FBDORSA1, KC_045-Y07 (10) N12 E124 (125) 
FBDORSA1). Each dataset had one HH and one HV polarization 
with ortho-slope correction for mosaic. All scenes were 
provided by the EORC of JAXA, who applied pre-processing 
methods such as antenna pattern correction, radiometric 
calibration and terrain/slope correction (for further details on 
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pre-processing methods, please refer to Shimada [20]). The 
focus of the study is on years 2007 and 2010, and the changes in 
land cover for the Island of Leyte during this time period. The 
final pre-processed mosaics for the island were used for 
classification and change detection analysis. ALOS PALSAR 
standard products (FBD, PLR and FBS) from AUIG were not 
used in this study yet. 

 
 

Figure 2. Six ALOS PALSAR 25-meter mosaic scenes composing the Island 
of Leyte 

Using EarthExplorer (http://earthexplorer.usgs.gov/) from 
the United States Geological Survey (USGS), both “Water Body 
Data,” which was generated from the 90-m Shuttle Radar 
Topography Mission (SRTM), and “LANDSAT 7 ETM+” 
images were downloaded. Six scenes composed the “water body 
data” of Leyte Island, which was pre-processed and used as an 
initial land/sea mask to remove water bodies surrounding, and 
within, the island. The 15-meter panchromatic band (band 8) of 
the LANDSAT image with path 113, row 53 and image 
acquisition date of September 29, 1999, with a resolution of 15 
meters, was used for registering the ALOS PALSAR mosaic 
images. 

The ground data gathered for the FRA of Southern Leyte 
coincided with PALSAR images acquired in year 2010 and are 

provided to JAXA. Since FRA data are point data, which cannot 
be accurately verified [2], it was found to be unsuitable for 
accuracy assessment of the classification results. Sampling units 
that are to be used for verification purposes should be at least the 
size of one pixel, but in order to take into consideration 
geometric distortions, it should be more than one pixel [3] and 
according to Aronoff [2], it should at least be as large as the 
minimum mapping unit (MMU). Other ground data were 
gathered by FFI for the REDD pilot site in Palawan and GIZ 
Pacific for Vanuatu Islands, and will be discussed in their 
respective reports. 

Selected polygons from high-resolution images of Google 
Earth were used for both training the classification algorithm 
and checking the accuracy of the classification results. These are 
also supplied to JAXA, but these polygons were not checked in 
the field due to limitation in budget and time. 

C. Work Approach and Methods 

JAXA has applied antenna pattern correction, radiometric 
calibration and terrain/slope correction on the ALOS PALSAR 
25-meter slope-corrected mosaic data. Thus, these steps were 
not reapplied, and the following steps were employed: data 
import and mosaicking, registration, land/sea and radar effects 
masking, speckle reduction, calculation of indices, calculation 
of radar cross-section, layer stacking and final radar effects 
masking. Figure 3 shows the workflow of the methodology used 
in this study. 

1) Data Import and Mosaicking 

TABLE I  
FILE HEADER PARAMETERS 

 HH polarization HV polarization Radar mask 
Samples 4,500 4,500 4,500 
Lines 4,500 4,500 4,500 
Bands 1 1 1 
Data type Unsigned integer Unsigned integer Byte 

 

Once the header parameters have been correctly inputted 
(refer to Table I), the files can be immediately viewed in 
ENVI©. Six scenes for each band type were subject to pixel-
based mosaicking to produce three separate mosaics – HH 
mosaic, HV mosaic and radar mask mosaic. This was done 
separately for years 2007 and 2010; thus, a total of six mosaics 
were generated (see Figure 4). 

2) Registration 

Although the ALOS PALSAR scenes have been 
orthorectified by JAXA, each mosaic was still registered to the 
15-meter panchromatic band (band 8) of a LANDSAT 7 ETM+ 
image to further refine its georeferencing and to fully match the 
datum (WGS 84) and projection (UTM Zone 51) of succeeding 
data used in the processing. Another reason for the 
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georeferencing of the ALOS PALSAR image to the LANDSAT 
image is that the regions of interest (ROIs) used to train the 
PALSAR images were taken from Google Earth, which 
generally uses LANDSAT as base maps. Also, upon close 
inspection, the panchromatic band of LANDSAT 7 ETM+ 
matches well with the images of Google Earth. Careful 
selection of 20 ground control points (GCPs) were used to 
register the ALOS PALSAR mosaics to the LANDSAT image. 
This led to a total root mean square error (RMSE) of less than 
0.5. For consistency purposes, only one set of GCPs was used 
to register all six mosaics to the LANDSAT image. 

3) Land/Sea and Radar Effects Masking 

The water body data were in ESRI 3-D Shapefile format and 
were used as an initial water body mask. The radar effects mask 
mosaics contained information regarding radar effects such as 
layover, shadow and foreshortening. Its pixels only have the 
following values: 0, 50 (sea/water), 100, 150 and 255 (land). To 
generate a binary mask (0, 1), the data needed to be “rebuilt” 
such that land areas, with pixel value of 255, remain unmasked 
and pixels with values other than 255 are masked out. The new 
mask was then used to remove all areas with radar effects while 
retaining all pixels pertaining to land. This also served as a 
secondary mask for the ocean.  

4) Speckle Reduction 

In radar data, speckle noise is assumed to be of a 
multiplicative model and must be reduced before the data can 
be utilized. Speckle reduction will not only improve the quality 
of the radar image but will also permit better distinguishing of 
targets and features [12]. In Mansourpour’s [12] paper, Frost, 
Gamma-MAP and Lee filters with a kernel size of 5×5 
produced better results for their chosen dataset. In this research, 
Lee with a filter size of 3×3 was chosen because upon visual 
comparison to the results of the other filters, it was able to 
produce a sharper image, which may imply better edge 
preservation while still removing speckle noise. 

5) Index Calculation and Radar Cross-Section Calculation 

From the original HH and HV polarization bands, the 
following indices were calculated using Band Math of ENVI©: 
𝐻𝐻 𝐻𝑉⁄ , 𝐻𝑉 𝐻𝐻⁄ , 𝐻𝐻_𝐻𝑉 , Normalized Difference Index 
(NDI) [1] and NL [11], where the equations of the last three 
indices are as follows: 

𝐻𝐻_𝐻𝑉 =       (1) 

𝑁𝐷𝐼 =    [ ]
[ ]    (2) 

𝑁𝐿 =    ∗     (3) 

 

 

Figure 3. Workflow of the Methodology 

 

 
 

Figure 4. Mosaics of Leyte Island for years 2007 and 2010 
 

79 of 436



퐵푎푛푑(푑퐵) = 10 ∗   푙표푔 (𝐷𝑁) + 퐶퐹          (4) 

where CF is a Calibration Factor provided by JAXA and is 
equal to -83.0 dB [1] [10]. The input values used in all the 
calculations were in float values to achieve output values other 
than integers. All derived indices should not undergo radar 
cross-section calculation. 

6) Layer Stacking and Final Masking 

All indices discussed in the previous section were used to 
create a layer stack: HH (dB), HV (dB), 𝐻𝐻 𝐻𝑉⁄ , 𝐻𝑉 𝐻𝐻⁄ , 
𝐻𝐻_𝐻𝑉 , NDI and NL. This 7-layer stack was again masked 
for radar effects to remove null and/or infinity values produced 
by speckle filtering, index and radar cross-section calculation. 

7) ROI Selection 

Regions of interest (ROI) were selected using Google Earth 
as it provided high-resolution satellite images [26] in selected 
portions of the study area. Three ROI classes were selected, 
namely: forest, palm and non-forest/agriculture (refer to Figure 
5 for sample images of ROIs). 

No sampling scheme was undertaken because the high-
resolution images taken on year 2010 were available only on 
selected portions of Leyte Island (refer to Figure 6). The 40 
polygons that were selected for each ROI were equally divided 
for either training or for accuracy assessment using a random 

generator code. Still, the ROIs selected were evenly spread 
throughout the island, as much as the available high-resolution 
data could possibly allow. Each polygon’s area was measured 
close to 4 hectares to get approximately equal total area for each 
ROI at any randomly selected combination of polygons. This 
was also done in other literature mainly focusing on Neural 
Network Classification [22] [26]. 

8) ROI Separability 

ROI separability, ranging from 0.0 to 2.0, indicates how 
statistically and spectrally separate a pair of ROI is for a specific 
image. Basically, the goal was to acquire good separability 
whose values are close to the value 2.0, for all ROI pairs. ROI 
pairs with very low separability values (less than 1) had to be 
improved or combined into a single ROI [15]. In this study, box 
plots were used to visualize the separability of the available 
bands and indices. 

9) Supervised Image Classification and Post-Classification 

Three supervised classification algorithms were used to 
classify the 7-layer stack, namely: Maximum Likelihood 
Classification (MLC), Neural Network Classification (NNC) 
and Support Vector Machine (SVM) Classification. The 
classification was aimed to separate coconut palm and forest 
areas. Post-classification, specifically majority analysis and 
clumping of classes, was applied afterwards.

 

 
Figure 5. Samples of the selected regions of interest in Google Earth (image acquisition year: 2010) 
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III. RESULTS AND SUMMARY 

A) ROI Selection 

 The approximately equal total area of each ROI was aimed 
at training not only the Neural Network Classifier, but also the 
Support Vector Machine. Although the SVM classification is 
supposedly not sensitive to the training sample size [14], in the 
case of this study, it was noticed to behave differently when one 
class has approximately 50% more pixels for one ROI. To avoid 
getting large unequal total areas for the training ROIs at some 
random combination selected by the random generator code, it 
was then decided that each polygon will have approximately 
equal areas to always end up with approximately equal total 
areas for each ROI (i.e. 159 ha for coconut palm, 156 ha for 
forest, 158 ha for non-forest, etc.). 

B) ROI Separability 

 The spectral separability of the selected ROIs was 
determined using box plots (Figure 7). The training ROIs for 
non-forest are very separable from forest for all bands, as their 
backscatter information is very different. The HH (dB) band is 
strongly interactive with the horizontal branches and soil 
surface; thus, for a forest area and a clear-cut non-forest area, 
this band will be very separable [6]. It would also be discrete 
for the co-polarised HV (dB) band as it is responsive in terms 
of volumetric scattering of canopy [18], which is the case for 
the forest areas. It will then have low volumetric scattering for 
the soil surface. 

 As for the non-forest and palm ROIs, they are highly 
separable for the following bands: HH (dB), HV (dB), 
𝐻𝐻_𝐻𝑉 and NL for the same reasons that forest and non-
forest are separable, although, low separability is noted 
for  𝐻𝐻 𝐻𝑉⁄ , 𝐻𝑉 𝐻𝐻⁄  and DVI, unlike that of the forest and 
non-forest ROIs. This could be due to the higher volumetric 
scattering of forest areas as compared to palm areas. This 
difference in volumetric scattering may be the same reason why 
the same 3 bands, including the HV (dB) band, are separable 
for forest and palm areas. However, the not so distinct 
backscatter information for the HH (dB) band (horizontal 
branches, etc.) may be the reason why they are not separable for 
HH (dB),  𝐻𝐻_𝐻𝑉   and NL bands. 

C) Supervised Classification 

1) Maximum Likelihood Classification 

 Different probability thresholds (PTs) were assigned for 
each training class. These thresholds allowed the algorithm to 
keep pixels unclassified if they were not similar to those of the 
supplied training pixels [7]. It was observed that when PTs were 
close to the value of 1.0, which indicated to the algorithm to be 
strict in terms of classifying, almost 30% of the image remained 

unclassified. Using different combinations of PTs, different 
classification results were produced. 

 For the specific ROIs used in this classification, it was seen 
that not using any probability thresholds actually resulted to the 
highest accuracy. Table II illustrates how the PTs affect the 
overall accuracy and the kappa coefficient (κ) values (last 2 
rows of Table II). Both accuracy measurements lowered 
drastically when the PT for the forest ROI was given a value 
close to 1.0. 

2) Support Vector Machine Classification 

 The SVM classification had varying user-defined 
parameters depending on the kernel type chosen. Through 
experimentation by using different input values for each 
parameter, the optimum setting for each kernel type was 
determined and is shown in Table III.  

 

Figure 6. Distribution of selected ROIs in Leyte Island 
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Figure 7. Spectral separability of the seven bands with respect to the three ROIs 

 

TABLE II 
ACCURACIES USING DIFFERENT PROBABILITY THRESHOLDS FOR 

MAXIMUM LIKELIHOOD CLASSIFICATION (MLC) 
PT Values No PTs With PTs With PTs 
Forest 0.0 0.5 0.9 
Non-forest 0.0 0.0 0.0 
Coconut palm 0.0 0.1 0.2 
Overall 
accuracy* 75.6318% 65.0593% 58.5611% 

Kappa 
coefficient* 0.6341 0.5049 0.4491 

* No post-classification. 

TABLE III 
PARAMETER SETTINGS FOR SUPPORT VECTOR MACHINE (SVM) 

CLASSIFICATION 

Parameter 

Kernel type 
Radial basis 

function 
Polynomial Sigmoid 

Degree of polynomial n/a 2.0 n/a 
Bias in kernel function n/a 1.0 1.0 
Gamma in kernel 
function 

1/7 1/7 1/7 

Penalty parameter 100.0 100.0 100.0 
Pyramid levels 6.0 6.0 6.0 
Pyramid reclassification 
threshold 

0.9 0.9 0.9 

Classification probability 
threshold 

0.3 0.3 0.3 

Overall accuracy* 81.3564% 81.3306% 81.7174% 
Kappa coefficient* 0.7204 0.7200 0.7258 

* No post-classification. 

3) Neural Network Classification  

 The NNC had ten user-defined parameters, and the 
optimum setting was determined through trial and error, as was 
done in SVM classification. Table IV shows the parameter 
setting that led to the highest accuracy results. It also shows 
how the results vary at different activation settings selected, and 
Figure 8 is a visualization of the classification results and 
Figure 11, found at the end of the report, illustrates the 
classification result using the activation “logistic” for the whole 
island. 

TABLE IV 
PARAMETER SETTINGS FOR NEURAL NETWORK CLASSIFICATION 

(NNC) 

Parameter 
Activation 

Logistic Hyperbolic 
Training threshold 
contribution 

0.0 0.0 

Training rate 0.1 0.1 
Training momentum 0.9 0.9 
Training RMS exit 
criteria 

0.0 0.0 

Number of hidden layers 2.0 2.0 
Number of training 
iterations 

1000 1000 

Minimum output 
activation threshold 

0.5 0.5 

Overall accuracy* 78.0041% 75.2192% 
Kappa coefficient* 0.6765 0.6324 

* No post-classification. 
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Figure 8. Various classification results using NNC at different parameter settings 

 

Figure 9. Different post-classification results where one used “Sieve Classes”

TABLE V 
DIFFERENT POST-CLASSIFICATION SETTINGS APPLIED TO THE NNC (LOGISTIC) CLASSIFICATION RESULT AND ITS ACCURACY 

Post-classification Test 0 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 

Majority analysis 
- 5×5 5×5 5×5 5×5 7×7 7×7 7×7 
- - - 5×5 5×5 - 7×7 7×7 
- - - - 5×5 - - 7×7 

Sieve class - Default - - - - - - 
Clump class - Default Default Default Default Default Default Default 

Overall accuracy 78.0041% 89.4791% 89.4533% 90.7169% 91.7741
% 91.7483% 92.6509% 93.1150% 

Kappa coefficient 0.6765 0.8427 0.8423 0.8612 0.8770 0.8764 0.8900 0.8969 
 

TABLE VI 
SUMMARY OF ACCURACY MEASUREMENTS OF SVM AND NNC 
 MLC SVM NNC 

No PT RBF Polynomial Sigmoid Logistic Hyperbolic 

No post-classification Overall accuracy 71.8154 81.3564 81.3306 81.7174 78.0041 75.2192 
Kappa coefficient 0.5768 0.7204 0.7200 0.7258 0.6765 0.6324 

With post-classification* Overall accuracy 75.6318 87.9061 87.9061 88.2671 89.4533 84.1671 
Kappa coefficient 0.6341 0.8186 0.8186 0.8240 0.8423 0.7631 

Processing Time: 16GB RAM, Core i7@3.40 GHz 1’22” 5’30” 8’05” 13’05” 5’30 5’35” 
* Post-classification: Majority analysis (5×5), clump classes (default). 
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D) Post-Classification 

 Different combinations of post-classification steps were 
applied and tested on the classification results. It was observed 
that any generalization process such as “majority analysis” and 
“clump classes” significantly improved the accuracy 
measurements. The higher the kernel size used and more 
repetition for the generalization process, the better the accuracy 
(see Table IV). This could be due to the large homogenous area 
(~4 ha/polygon) selected as ROIs used for accuracy check. The 
more generalized the classification results, the better it matches 
the homogenous ROIs. In order to achieve a fair accuracy 
assessment without too much generalization, only a 5×5 kernel 
was used for the majority analysis, followed by clumping of 
classes at a default setting (center image of Figure 9). Figure 9 
illustrates how the raw classification result changes upon 
applying two different post-classification settings. 

 Figure 9 also illustrates how the results differ when “Sieve 
Classes” is included in the post-classification processing, as 
was done in the original methodology. It shows how the post-
classification “forces” unclassified pixels to become one of the 
available classes (forest, coconut palm or non-forest). For this 
reason, “Sieve Classes” was omitted from the post-
classification processing. 
 
 The post-classification settings selected, majority analysis 
with 5×5 kernel and clump classes, was then applied to the 
different classification results (MLC, SVM and NNC). Table 
VI is a summary of the accuracy measurements of the different 
classifiers upon applying the selected post-classification. It was 
then noted that all SVM results at different kernel type settings 
(not yet post-classified) were higher (>81.0%) than those of the 
NNC at different activation settings (<79.0%). But upon the use 
of the selected post-classification, it was seen that the NNC at 
the activation setting of “Logistic” (89.45%) performed better 
than any of the kernel types of SVM (<89.0%). Also, it was 
noted that the kernel types of the SVM classifier that obtained 
better accuracy measurements than the kernel radial basis 
function (RBF) processed longer than the NNC (< 6 minutes). 

E) Accuracy Assessment 

 The last two rows and columns of Tables VII-IX shows the 
overall accuracies and kappa coefficient values for the three 
classifiers tested on the 2010 radar image. For MLC, the overall 
accuracy reached only 75.63% (κ=0.63), whereas better values 
were observed for NNC (89.45%, 0.84) and SVM (88.27%, 
0.82). The tables also show the producer’s (PA) and user’s 
accuracies (UA) of each classifier. Generally, an erratic 
behavior is observed for both PA and UA of MLC. For the 
forest class, a very high PA is seen at 97.38%, whereas its UA 
is very low at 63.53%. This combination of high PA and low 
UA indicates over-mapping, where more pixels (than it should 
have) are included in the class [17]. The opposite is observed 
though for the non-forest class – high UA at 96.11% and low 

PA at 85.33%. For the palm class, UA is only at 76.16%, but its 
PA is even worse – 43.71%. This really low PA could be 
attributed to under-classification, where actual palm areas must 
have been omitted [3]. A much more subtle difference in values 
of the PA and UA is observed for both NNC and SVM. As for 
the non-forest class of SVM, the discrepancy is almost 9%, but 
the difference in the accuracies for the forest and palm classes 
is less than 5%. The difference in PA and UA for NNC is even 
better, less than 3% for palm and forest classes, and less than 
6% for the non-forest class. These much lower differences in 
PA and UA values may indicate lesser over-mapping and/or 
under-classification, as compared to MLC. 

 Clearly, referring to the statistics found in Table VII, it is 
seen that MLC over-classifies the forest class, wherein most of 
the supposed palm pixels were classified as forest. As for SVM 
(Table VIII), PA for all bands are all high (85% or better), and 
errors of commission and omission are drastically lowered (less 
than 18%), as compared to the errors of MLC, which reach a 
maximum of up to 56.29%.  

 The errors of omission and commission are even more 
improved with the NNC (Table IX). Not only do all the PAs 
and UAs of all classes reach at least 88%, but also, the errors of 
commission and omission are at a maximum of 15% only. This 
is the reason why the NNC was the chosen classifier for the 
2007 radar image, which was able to reach an overall accuracy 
of 83.96% (κ=0.76), as seen in Table X. This lowered accuracy 
could be because the ROIs used to classify the 2007 radar image 
and to check its results were selected during the year 2010. This 
is, as mentioned previously, because high-resolution images for 
year 2007 were very limited in Google Earth. 

TABLE VII 
COMPLETE ERROR MATRIX FOR THE MLC 

Class Forest 
(%) 

Non-
forest 
(%) 

Palm 
(%) Total (%) 

User’s 
accuracy 

(%) 
Forest 97.38 1.38 55.28 51.26 63.56 

Non-forest 2.47 85.33 1.02 29.81 96.11 
Palm 0.15 13.29 43.71 18.93 76.16 

Error of 
omission 2.62 14.67 56.29 Overall 

accuracy 75.6318 

Error of 
commission 36.47 3.89 23.84 Kappa 

coefficient 0.6341 

TABLE VIII 
COMPLETE ERROR MATRIX FOR THE SVM CLASSIFICATION 

Class Forest 
(%) 

Non-
forest 
(%) 

Palm 
(%) Total (%) 

User’s 
accuracy 

(%) 
Forest 91.67 0.15 13.45 35.15 87.23 

Non-forest 2.54 87.63 1.09 30.63 96.04 
Palm 5.78 12.21 85.46 34.22 82.37 

Error of 
omission 8.33 12.37 14.54 Overall 

accuracy 88.2671 

Error of 
commission 12.77 3.96 17.63 Kappa 

coefficient 0.8240 
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TABLE IX 
COMPLETE ERROR MATRIX FOR THE NNC FOR THE 2010 RADAR 

IMAGE 

Class Forest 
(%) 

Non-
forest 
(%) 

Palm 
(%) Total (%) 

User’s 
accuracy 

(%) 
Unclassified 0.69 0.84 0.31 0.62  

Forest 90.98 0.00 10.71 33.96 89.60 
Non-forest 3.62 89.32 0.94 31.51 95.17 

Palm 4.70 9.83 88.04 33.91 85.63 
Error of 
omission 9.02 10.68 11.96 Overall 

accuracy 89.4533 

Error of 
commission 10.40 4.83 14.37 Kappa 

coefficient 0.8423 

TABLE X 
COMPLETE ERROR MATRIX FOR THE NNC FOR THE 2007 RADAR 

IMAGE 

Class Forest 
(%) 

Non-
forest 
(%) 

Palm 
(%) Total (%) 

User’s 
accuracy 

(%) 
Unclassified 0.69 1.15 10.16 3.97  

Forest 91.83 0.54 9.23 33.94 90.50 
Non-forest 4.01 87.17 7.90 33.21 88.12 

Palm 3.47 11.14 72.71 28.88 83.04 
Error of 
omission 8.17 12.83 27.29 Overall 

accuracy 83.9608 

Error of 
commission 9.50 11.88 16.96 Kappa 

coefficient 0.7640 

F) Post-Classification and Change Detection 

 Change detection between the 2007 and 2010 post-
classified results (see Figure 10 for the change detection map, 
Figure 12 and 13 for the individual forest cover maps) was 
applied, and its statistics is found in Table XI. Reforestation, 
probably due to reforestation efforts all over the island, 
occurred in around 2,700 ha of land. Almost 41,700 ha of non-
forest areas were converted to palm plantations, which were 
most likely agriculture turning to palm plantations. A complete 
deforestation where forest and palm areas were completely 
turned to non-forest (agriculture or urban area) occurred in 
almost 3,300 ha and 16,300 ha, respectively. Degradation, 
wherein forest areas turned to palm areas, occurred in an 
enormous amount of almost 60,000 ha. A doubtful change is 
observed in the statistics, where palm areas changed back to 
forest (33,000 ha) in 3 years’ time. 

TABLE XI 
THEMATIC CHANGE DETECTION STATISTICS (LAND COVER) 

Change Area (ha) Percentage 
Non-forest to forest 2,678.19 0.38 
Non-forest to palm 41,656.50 5.88 
Forest to non-forest 3,251.25 0.46 

Forest to palm 59,091.38 8.34 
Palm to non-forest 16,272.56 2.30 

Palm to forest 33,094.88 4.67 

 Although it is doubtful, this changing of palms to forest 
actually occurs especially if the palms are left and not taken care 
of by farmers, as relayed by locals in Leyte. Another chance of 
this happening is if trees planted around 10 years ago in these 
palm areas have become fully grown within the said 3 years. 
But the doubtful part about this is the very large expanse of 
where this change occurs. Thus, the more plausible reason for 
this improbable occurrence might be due to the 
misclassification of palm areas in the 2007 forest cover map, as 
indicated by the low PA (72.71%) and high errors of 
commission (16.96%) and omission (27.29%) as found in Table 
X. These misclassifications could be because the ROIs used to 
generate the said map were of year 2010. Thus, in order to get 
better change detection analysis/result, better classification 
would be required for year 2007. 

 Some field data, around 10 polygons of approximately 1 
hectare each, were gathered last July 2013 to check if the 
change detection result of this study was consistent with ground 
data. With the help of local knowledge from a number of 
residents of Southern Leyte, who also served as field guides, 
the 10 polygons were delineated depicting areas that have been 
consistently coconut palm, forest or mahogany/auri plantations 
for the past 10 years or so. As the guides who accompanied the 
field team were scarce and mostly located only in Southern 
Leyte, the field data gathered was limited to the said area, thus 
not well/randomly distributed all over Leyte Island. Most of the 
other polygons delineated from the field, aside from the 
indicated 10, were estimated and may not be a good reference 
for accuracy assessment; thus, they were not included for 
validation. 

 Still, the data were useful in terms of giving information to 
check whether the 2007 and 2010 forest cover maps, in those 
10 selected polygons, changed or not. Most of the 1-hectare 
plots agreed well with the 2010 forest cover maps, whereas 
some plots, specifically the 30- to 60-year-old palm areas, were 
classified as forest in the 2007 forest cover map. Although it 
cannot be generalized for the entire island, it is seen that there 
is a disagreement in the field data with the 2007 forest map, 
which could also explain the dubious changing of palm areas 
back to forest areas. 

 It is to be noted that without the ALOS PALSAR data, 
having a full coverage of the study site would be difficult as the 
Island of Leyte is almost always covered by clouds. With the 
unique capabilities of L-band SAR, distinguishing coconut 
palm from forest was made possible, although this may still 
have room for improvement.  

 Since the previous REDD Project of GIZ Philippines has 
been succeeded by a new REDD-Plus Project (“National 
REDD+ System Philippines”), having continuous access to 
available radar and optical data would be important. With new 
REDD-Plus sites in the Philippines, namely Albay, Davao 
Oriental and Eastern Samar, it would be crucial to still have 
access to both ALOS PALSAR mosaic and standard products 
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(FBD and PLR) from JAXA, as well as the future data that 
ALOS PALSAR-2 would acquire. A Phase 4 of the K&C would 
be a great advantage for the project, and future ground data that 
will be gathered by GIZ for the new REDD-Plus sites will also 
in turn be useful for JAXA’s purposes of validating future 
products and outputs. 

IV. CONCLUSION AND RECOMMENDATION 
 With an overall accuracy of 89.45% for the 2010 (κ=0.84) 
and 83.96% (κ=0.76) for the 2007 forest cover maps, it can be 
concluded that the classification was able to achieve a result 
that is fairly consistent with reality. Unfortunately, no accuracy 
assessment for the change detection was conducted, but as Stow 
[21] stated, the change map will generally be as accurate as the 
accuracies of the individual classification results. With that, it 
may also be concluded that the change detection map achieved 
from these individual classification results may also have good 
accuracy. 

 In order to achieve better accuracy for the classification of 
the 2007 radar image, ROIs used to classify it should be from 
the same year and not the ROIs selected in year 2010, although 
this might be a challenge as older high-resolution images, 
which easily depict palms from forest, are rarely available in 

Google Earth. However, if very high-resolution optical satellite 
imagery for both years 2007 and 2010 are available, assuming 
they are cloud-free, then these can be used to further improve 
the classification maps and/or be used as valid reference data, 
which are required in quantifying the accuracy of the change 
detection maps [4]. On the other hand, the method used in this 
study is backed by the conclusion in the paper of J.-F. Mas [13] 
that post-classification comparison is the most accurate way of 
detecting change. 
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Figure 10. Change detection map of Leyte Island from year 2007 to year 2010 
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Figure 11. Neural Network Classification with “logistic” activation 

(Legend: green - forest, red - coconut palm, yellow - non-forest) 
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Figure 12. Final forest cover map for Leyte Island for year 2007 using the best parameter setting found for Neural Network Classification 
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Figure 13. Final forest cover map for Leyte Island for year 2010 using the best parameter setting found for Neural Network Classification
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Abstract—In this study, remote sensing image analysis and 
species distribution modelling were utilised together to identify 
High Conservation Value Areas (HCVA) in two priority 
conservation areas in central Philippines, namely Cebu and Leyte 
islands. ALOS/PALSAR dual-polarised mosaic data were utilised 
to provide information on land cover/forest habitat change to 
identify hotspots. Maximum likelihood classifier was used to 
classify the PALSAR mosaic data. Acceptable overall 
classification accuracies were achieved for 2007 and 2010 
PALSAR data of the two study areas. Results of forest change 
analysis revealed that net forest loss was observed in Cebu 
(17,049 ha), while net forest gain was observed in Leyte (14,576 
ha). A total of three HCVAs were identified in Cebu and four 
HCVAs in Leyte, respectively, which were in need of immediate 
conservation attention. 

Index Terms—ALOS/PALSAR, K&C Initiative, HCVA, 
forest change, hotspots, species distribution modelling, 
biodiversity, trigger species. 

 

I.  INTRODUCTION 
 
The Philippine archipelago is considered one of the most 

biologically diverse places in the world. Despite the relatively 
small aggregate land area of 30 M ha, the Philippines supports 
numerous unique species and diverse habitats [1]. The 
Philippines, however, is also one of 34 global biodiversity 
hotspots, or biologically diverse countries that are under a high 
degree of threat since less than 6% of its original forest remains 
[2] and 737 species are listed as globally-threatened under the 
2013 IUCN Red List of Threatened Species [3]. The main 
threats to Philippine biodiversity are the conversion and loss of 
natural habitats caused by unsustainable resource use practices 
and development activities, and increasing human population 
pressure [2]. In view of this, the Philippines has been regarded 

as one of the highest global priorities for conservation of 
biodiversity. 

Site-scale conservation is considered among the most 
effective means, if not the best option, for conserving 
biodiversity and reducing biodiversity loss [4], [5]. One 
practical approach that can provide guidance to site managers 
is the High Conservation Value Areas (HCVA) approach. 
HCVAs are natural areas of outstanding and critical importance 
due to their environmental, socio-economic, biodiversity, or 
landscape values [6]. The Forest Stewardship Council (FSC) 
originally developed the high conservation values concept in 
1999 in the context of forest certification, which continued to 
be widely applied in conservation and natural resources 
management, particularly in identifying priority areas for 
conservation. The HCVA concept has also been extended to 
forests, or High Conservation Value Forests (HCVF), to 
provide a framework for identifying forest areas that are 
valuable for biodiversity and/or local communities, which 
would support the design and implementation of appropriate 
management options in order to maintain or enhance their key 
ecological and socio-economic values [7], [8]. 

Identification of HCVAs is mainly anchored on FSC 
principles and criteria [9]. Good practice guidance and toolkits 
on the identification and assessment of HCVAs have also been 
developed [10]–[15]. Some examples of the application of the 
HCV approach include the combination of geospatial 
technologies and species records to delineate HCVAs to 
identify important aquatic ecosystems in Northern Australia 
[16], and the identification of sites for reintroduction and 
supplementation of existing populations of an endangered 
species of mussel [17]. In this study, remote sensing image 
analysis and species distribution modelling were utilised 
together to identify HCVAs in two priority conservation areas 
in central Philippines, particularly Cebu and Leyte islands. 
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Species distribution modelling (SDM) is a technique used 
to predict and generate the geographic distributions of animals 
and plants [18], typically based on species presence or 
presence-absence and a set of environmental variables as 
predictors. Species distribution information is important to 
understanding biodiversity, and the usual approach to represent 
spatial distribution is through mapping point localities of where 
these species have been recorded. SDM can be utilised to 
determine suitable habitats and understand the relationship 
between species and their environments [19]. It has also been 
applied in many fields for different purposes such as to guide 
field surveys [20]; to identify terrestrial priority areas in 
Northeast India [21]; to find suitable habitats for reintroduction 
of threatened species in India [22]; and to reconstruct historical 
distribution of interest species [23], among others. The result of 
the SDM is a predicted suitable habitat of the species. 

Remote sensing image analysis, on the other hand, focused 
on land cover/forest habitat change detection and identifying 
change hotspots. Earth observation data have been used in the 
past (c. since 1970s) for national and sub-national forest cover 
mapping, mainly by applying visual interpretation techniques 
on optical/multispectral satellite data (e.g., Landsat, SPOT) 
[24], [25]. However, persistent cloud cover and inclement 
weather conditions in the Philippines limits the utility of 
optical/multispectral data that can be used for either wall-to-
wall or even site-level land cover mapping and consistent 
forest change monitoring. 

The Japan Aerospace Exploration Agency’s (JAXA) 
Advance Land Observing Satellite (ALOS) Phased Array L-
band Synthetic Aperture Radar (PALSAR) provided an 
opportunity to utilise synthetic aperture radar (SAR) as a 
suitable alternative data source to overcome these limitations of 
optical/multispectral data. SAR sensors, which have day- and 
night-time imaging capability and independence from weather 
conditions and solar illumination, are effective for periodic 
forest monitoring and change detection [26], [27]. Longer 
wavelength L-band SAR, such as ALOS/PALSAR, have been 
demonstrated to be suitable for monitoring forest and wetland 
areas largely because of its sensitivity to vegetation [28]–[30].  

Through the Kyoto & Carbon (K&C) Initiative led by 
JAXA, ALOS/PALSAR mosaic images derived from the Fine 
Beam Dual (FBD; HH and HV polarisation) data have been 
used in this study to generate information on land cover/habitat 
change, which coupled with habitat suitability predictions from 
species distribution modelling were utilised to identify and 
delineate HCVAs in key conservation areas. This study 
contributes to the aims of the K&C Initiative that intends to 
evaluate and demonstrate the potential of ALOS/PALSAR in 
support of addressing regional-scale information needs related 
to carbon cycle science, multinational conventions, and 
environmental conservation [31].  Fauna & Flora International 
(FFI) conducted this study through a joint collaboration under 
the framework of the K&C Initiative with the Deutsche 
Gesellschaft für Internationale Zusammenarbeit (GIZ) GmbH 
and the Department of Geodetic Engineering of the University 
of the Philippines (UP-DGE). 

 

II. STUDY AREA AND DATA 

A. Study Areas 
(1) Cebu Island. Cebu Island is situated in central Visayan 

region of the Philippines (10°17’ N, 123°54’ E), and is one of 
the largest island provinces in the archipelago (approx. 488,000 
ha). The island is characterised by karst landscapes [32] and 
mountainous terrain with a maximum elevation of slightly over 
1,000 meters above mean sea level. As one of the oldest 
settlements and most heavily populated islands in the 
Philippines [33], Cebu’s landscape has experienced 
tremendous changes in the past centuries. A study cited 
numerous cases presenting historical evidence that Cebu was 
severely deforested and eroded as early as 1870s as a result of 
agricultural production and timber extraction [34]. Remaining 
forest was estimated at 6% in 1876, which necessitated a ban 
on commercial timber harvest imposed by Spanish authorities 
[33]. As of 2002 Cebu’s remaining forest cover was indicated 
at 1.58% of its total land area [35]. Despite being described an 
environmental basket case due to large-scale land degradation 
in the past, other studies have nevertheless argued that 
ecological conditions in Cebu island have improved (e.g., [34], 
[36]). Cebu’s global conservation importance should be 
underscored as it is recognised as an Endemic Bird Area with 
three identified Important Bird Areas and at least nine Key 
Biodiversity Areas, which serve as critical habitats for globally 
threatened species such as the Cebu black shama (Copsychus 
cebuensis), Cebu flowerpecker (Dicaeum quadricolor), and 
Cebu cinnamon (Cinnamomum cebuense) [5], [37], [38].  

 
(2) Leyte Island. Leyte Island is situated in the eastern 

Visayas, Philippines (10°55’ N, 124°51’ E), and is one of the 
largest islands in the country (approx. 724,700 ha). The island 
is frequently hit by typhoons, averaging 19 times annually, 
with a mean annual rainfall of 2,753 mm evenly distributed 
throughout the year [39]. Leyte can be characterised by soils of 
volcanic parent material and mountainous terrain with a 
maximum elevation of slightly over 1,000 meters above mean 
sea level. Leyte’s natural vegetation is species-rich lowland 
dipterocarp forest, which however only remain in less 
accessible slopes of the Leyte Cordillera [40]. Coconut 
plantations were established to replace natural forest after 
deforestation and annual crop cultivation [41]. As of 2002 the 
remaining forest cover of Leyte and Southern Leyte provinces 
were determined at 16.41% and 25.26% of their total land area, 
respectively [35]. In terms of conservation importance, Leyte is 
part of the greater Mindanao biogeographic region with two 
Important Bird Areas and four Key Biodiversity Areas, which 
serve as critical habitats for globally threatened species such as 
the Apitong (Dipterocarpus grandiflorus), Mindanao bleeding-
heart (Gallicolumba crinigera), and Leyte tree frog (Philautus 
leitensis) [5], [38]. 
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Figure 1.  Location of study areas and ALOS/PALSAR mosaic tiles covering 
the study areas. 
 

B. Satellite and Other Image Data 
Twelve dual polarisation (HH and HV) PALSAR image 

mosaics at 25-meter spatial resolution taken at two image 
acquisition years (2007 and 2010, 6 image tiles each year) were 
processed and analysed each for Cebu and Leyte islands 
(Figures 2 and 3), totalling 24 image mosaics. Each 1x1-degree 
image mosaic tiles (4500 x 4500 pixels) were pre-processed 
using JAXA’s mosaicking algorithm, which includes 
calibration, ortho-rectification, slope correction, and intensity 
tuning of neighbouring data strips [42]. 

A number of raster thematic datasets were used as 
environmental covariate layers for species distribution 
modelling. Global climates surfaces from the World Climate 
Database (or WorldClim; http://www.worldclim.org/) were 
accessed [43] instead of the climate-related maps of the 
Philippines, which were drawn at national scales that were not 
appropriate (too coarse) for site-level analysis. The WorldClim 
surfaces were interpolated from observed current conditions, 
representative of the period 1950-2000. Each tile (3600 x 3600 
pixels) was provided as 30-arc second grids (or 1-kilometer 
spatial resolution). Soil data was derived from the Harmonised 
World Soil Database produced by the International Institute for 
Applied Systems Analysis and the Food and Agriculture 

Organisation of the United Nations (http://www.iiasa.ac.at/) 
[44]. The data was provided as 30-arc second grids (or 1-
kilometer spatial resolution). 
 

C. Field Data 
(1) Cebu Island. Training data was collected over four 

municipalities (i.e., Argao, Dalaguete, Alcoy, and Cebu City) 
to classify the PALSAR image mosaics into distinct land cover 
types. The land cover classification scheme follows the 
Intergovernmental Panel on Climate Change (IPCC) Good 
Practice Guidance for Land Use, Land Use Change, and 
Forestry (LULUCF), which involves six broad land cover 
categories, namely: forest land, grassland, cropland, settlement, 
wetland, and other land [45]. Geographic coordinates and 
photos for each land cover type were taken using handheld 
global positioning system (GPS) receivers, and recorded in 
field data sheets. A total of 808 field data points were collected 
in November 2012, of which 641 and 167 points were 
randomly selected as training and check data points. Forestland 
data points were further sub-classified into: (a) advanced 
second growth forest and (b) early second growth forest, based 
on the forest habitat assessments. 

 
TABLE I. 

LAND COVER CLASSIFICATION SYSTEM ADOPTED FOR  
CEBU ISLAND 

 
Broad Habitats IPCC FNF 

Advanced second growth forest 
Forestland Forest 

Early second growth forest 

None 

Cropland 

Non-Forest 
Grassland 
Settlement 
Wetland 
Other land 

  
(2) Leyte Island.  Field data were collected during the 

biodiversity surveys conducted in four municipalities in 
Southern Leyte province (i.e., Hinunangan, Libagon, Silago, 
and Sogod) from November to December 2011 (wet season) 
and from May to June 2013 (dry season). The PALSAR image 
mosaics were classified using the broad habitat classification 
by Mallari et al. [46], [47], which consists of four habitat 
categories: old growth forest, advanced second growth forest, 
early second growth forest, and cultivated areas. GPS 
coordinates and photos for each habitat type were recorded in 
field datasheets. A total of 399 field data points were used in 
the image classification process, of which 337 and 62 points 
were randomly selected as training and check data points.  
 

III. METHODS 

A. Land Cover Mapping and Change Detection 
(1) Land cover mapping. A series of pre-processing steps 

involving geometric and radiometric corrections were applied 
to the 25 m orthorectified, slope-corrected mosaic images prior 
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to classification and interpretation. The image tiles were 
mosaicked (pixel-based approach), geocoded, and re-projected 
to Universal Transverse Mercator Zone 51 North coordinate 
system World Geodetic System 1984 datum (UTM WGS84) 
coordinate reference system with less than 0.5 total root mean 
square error (RMSE) to ensure the co-registration across other 
tiles and other spatial data. Subsets were produced for both 
2007 and 2010 mosaicked images to extract the extents of 
Cebu and Leyte islands. A Frost filter with a medium-sized 
kernel (5 x 5) was used for speckle filtering to reduce signal 
noise from the radar data. The digital numbers (DN) were 
subsequently converted from amplitude format to normalised 
radar cross-section, or sigma-naught (σ0; units in decibels or 
dB) using the equation:  

 
σ0 = 10 log10 [DN2] + CF;    (Eq.1) 

 
Where CF is the calibration factor with a value of -83 dB [31]. 
Ratio images were computed (HH/HV) and stacked together 
with the HH and HV image bands. Water bodies, shadow, and 
layover areas in the SAR data were excluded from the 
classification procedure using image masks. All point 
coordinate data collected from field observations was 
consolidated and organised according to the land cover/habitat 
classification schemes adopted separately for Cebu and Leyte 
Islands. Additional forest and non-forest validation points were 
collected from Google Earth images of the study area due to 
the limited points collected outside the forested areas where the 
assessments were focused. The consolidated field database was 
divided into two sets as training and validation data for image 
classification. Since radar characteristics were not preserved in 
ALOS/PALSAR mosaic data products, implementing SAR 
image decomposition techniques were not required and image 
classification algorithms conventionally used for optical 
datasets were implemented [48], [49]. The maximum 
likelihood classifier (MLC) was used for supervised 
classification due to the capability of the algorithm to find the 
value of one or more parameters based on defined class 
statistics, which clusters the pixels within a given threshold. 
However, this classifier assumes normal distribution of the 
parameters’ statistical characteristics, which may be an 
anticipated challenge for radar datasets. Classification accuracy 
was assessed using an error matrix, which provided the basis 
on which to both describe classification accuracy and 
characterize errors of each category present in the classification 
[50], [51]. For Leyte Island, the broad habitat classification was 
further re-clustered into the following: pristine forests 
(combining old and advanced second growth forests); degraded 
forests (early second growth forest); and non-forests (including 
cultivated and other non-forest areas).  
 

(2) Change detection analysis. Change detection was 
conducted between the two image dates by producing a change 
matrix to show the changes between land cover/habitat types at 
an initial state (2007) and a final state (2010) for both study 
areas. For Cebu island, forest conversion to non-forest were 
identified as hotspots. For Leyte Island, pixels depicting 

change from pristine forests converted to other land uses were 
identified as hotspots. Changes from degraded forests and non-
forests to pristine forests within a period of three years was 
considered unlikely; hence these areas were identified as a 
form of vegetation regrowth. This change from degraded 
forests and non-forests to pristine forests could be attributed to 
an increase in the radar signal response detected by the sensor, 
but could not specifically be captured using the chosen 
classification scheme. 
 

B. Species Distribution Modelling 
Species distribution modelling was performed for a number 

of species using presence-only data. The Maxent algorithm was 
used to model presence-only data and scarce occurrence 
records due to its high predictive performance and capability of 
handling continuous and categorical data [52], [53]. For Leyte 
a total of 23 trigger species was selected to generate the species 
distribution model, including 12 trees, five birds, and six 
amphibians. For Cebu, a total of only two trigger species were 
used, particularly one species of tree and bird each due to the 
limited number of species observations during the surveys. 
Locations of species occurrence observed during the 
biodiversity surveys were recorded using GPS receivers. Initial 
records of species occurrence were filtered to avoid bias of 
clustered points on a cell [53]. Environmental covariate layers 
are composed of land cover/habitat data derived from 2010 
ALOS/PALSAR mosaic data; altitude, slope, mean 
temperature, and precipitation for wettest and driest quarters 
extracted from WorldClim bioclimate database [43] and soil 
from  Harmonized World Soil Database [44], [54]. All layers 
were resampled to one-km2 spatial resolution. Models were run 
using Maxent [55]. The linear feature of Maxent was used as 
recommended for small samples [56]. Models were replicated 
five times to evaluate the responses of covariates. To evaluate 
the performance of the model in discriminating presence and 
absence predictions, value of area under the curve (AUC) of 
receiver operating characteristic (ROC) was calculated.  
Evaluation of models through test data was employed due to 
insufficient species records. The continuous logistic output for 
species prediction was converted into binary maps (i.e., 
presence-absence) using the lowest predicted value (LPV) 
threshold to avoid the omission of species occurrence records 
from the predicted output [57]. All converted binary maps were 
combined to produce the species richness map. 

 

C. Identification of High Conservation Value Areas 
The results from the change detection analysis derived from 

2007 and 2010 ALOS/PALSAR images and the species 
distribution modelling were combined to identify and delineate 
High Conservation Value Areas (HCVA) within the islands of 
Cebu and Leyte. The two maps, particularly land cover/habitat 
change maps and predicted suitable habitat maps were overlaid 
and visually inspected to identify areas with large extent of 
land cover/habitat changes, and whether these changes had 
direct impact on the areas where suitable habitats of trigger 
species are predicted. The changes in land cover/habitats were 
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also calculated to estimate the amount of conversion from 
forest to other land uses and vice versa.  
 

IV. RESULTS AND SUMMARY 

A. Land Cover Mapping and Change Detection 
Accuracy Assessment 
 

 (1) Cebu Island. The class accuracies from the resulting 
2010 classified image of Cebu Island yielded above 80% for 
the forest class and cropland class, while having lower 
accuracies for the grassland and settlements classes with 
around 60% (Table II.A). The overall classification is 
determined to be 74.24%. The five classes were aggregated to 
forest and non-forest classes to determine whether the accuracy 
would improve. 

 
TABLE II.A. 

CLASSIFICATION ACCURACY FOR CEBU ISLAND USING 
IPCC CLASSIFICATION SYSTEM 

 
Classes Accuracies (%) 

Forest (includes ASG and ESG) 83.33 
Settlements 60.00 
Grassland 57.14 
Cropland 81.82 
Wetlands 100.00 

Overall Accuracy 74.24 
  

The computed accuracies of the aggregated classes confirm 
that higher number of class categories will result in decreased 
individual class accuracy (Table II.B). Using only two class 
categories of forest/non-forest increased the overall accuracy 
by almost 10%. This suggests that the forest and non-forest 
classes are separable, yet the discrimination of the sub-
categories inside the non-forest class still needs improvement. 
 

TABLE II.B. 
CLASSIFICATION ACCURACY FOR CEBU ISLAND USING 

FOREST/NON-FOREST CLASSIFICATION SYSTEM 
 

Classes Accuracies (%) 
Forest  83.33 
Non-forest 83.33 

Overall Accuracy 83.33 
 

 
(2) Leyte Island. For the case of Southern Leyte, the 

computed accuracies for the re-clustered classes from the broad 
habitat categories are high for the vegetation classes of 2010 
(Table II.C). Three out of four validation points of the non-
forest class fell into the degraded class, resulting to low 
accuracy for the non-forest class of 2010. The same set of 
validation data was used to assess the accuracy of the 2007 
classified image. All of the non-forest validation points were 
classified under degraded and 27 out or 28 validation points for 

degraded fell under the pristine class. Although field data 
collection for training and validation was not done around the 
image acquisition in 2007, this result broadly suggests that 
almost all of the validation points that were collected in 2013 
belonged to a more vegetated class in 2007. 
 

TABLE II.C. 
CLASSIFICATION ACCURACY FOR LEYTE ISLAND  

 
Classes Accuracies (%) 

Re-clustered Classes 2007 2010 
Pristine 97.73 93.33 
Degraded 12.50 100.00 
Non-Forest 0.00 25.00 

Overall Accuracy 78.57 91.30 
  

The aggregated forest/non-forest classified image for Leyte 
Island also yielded higher computed accuracies (Table II.D). 
However, non-forest class accuracies still remained low, as the 
points were categorised under degraded class. Referring to the 
original broad habitat categories, the challenge lies in 
improving the distinction between cultivated areas and early 
second growth. Additional training and validation data for non-
forest areas is also expected to improve the accuracy of the 
classification. 
 

TABLE II.D. 
CLASSIFICATION ACCURACY FOR LEYTE ISLAND USING 

FOREST/NON-FOREST CLASSIFICATION SYSTEM 
 

Classes Accuracies (%) 
Classes 2007 2010 
Forest 97.62 97.78 
Non-Forest 25.00 25.00 

Overall Accuracy 91.30 91.84 
  

 
Change Detection  
 

(1) Cebu Island. Table III.A shows that there is a net loss of 
forest cover in Cebu province amounting to 17,049 ha within 
three years (at an average of 5,683 ha. annually). A net positive 
change, on the other hand, is observed in non-forest areas. In 
the forest/non-forest change map from 2007 to 2010 (Figure 4), 
red areas show areas forest to non-forest change, which is 
particularly evident in the northern portion of Cebu Island. 
Areas changed from non-forest to forest (green) are observed 
in central portion of Cebu and in some areas in southern of the 
island. Figure 4 identifies the hotspots of forest loss, which are 
situated in the northern and southern portions of the island. The 
detected changes on the island also indicate that many of land 
use activities are happening in the northern region and in the 
southern tip of Cebu, particularly conversion from forest to 
non-forest. Notable changes from non-forest to forest are 
situated in Cebu City and Balamban. 
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TABLE III.A. 
CHANGE MATRIX OF FOREST AND NON-FOREST IN 

CEBU ISLAND FROM 2007 TO 2010 
 

 Initial State (2007) 

Fi
na

l 
St

at
e 

(2
01

0)
 Cebu Island Forest Non-Forest Total 

Forest 81,929.80 32,076.30 114,006.10 
Non-Forest 49,125.30 284,148.90 333,274.20 
Total 131,055.10 316,225.20  

 
 

(2) Leyte Island. The hotspots or areas with severe to 
medium deforestation are found in the following areas: Leyte 
Province (Tunga, Barugo, San Miguel, Leyte, Villaba, 
Tabango, Mata-ob, Albuera, Burauen, La Paz, Baybay, 
Inopacan, Hindang, Hilongos and Mahaplag) and Southern 
Leyte Province (Silago, Sogod, Maasin, Hinunangan, St. 
Bernard, San Juan, Hinundayan, and Anahawan). Table III.B 
shows that there is a net gain in forest cover amounting to 
14,576.50 ha within three years (at an average of 4,858.83 ha 
annually). 
 

TABLE III.B. 
CHANGE MATRIX OF FOREST AND NON-FOREST IN 

LEYTE ISLAND FROM 2007 TO 2010 
 

 Initial State (2007) 

Fi
na

l 
St

at
e 

(2
01

0)
 Leyte Island Forest Non-Forest Total 

Forest 352,982.56 33,655.06 386,637.63 
Non-Forest 19,078.56 241,175.44 260,254.00 
Total 372,061.13 274,830.50  

 
 

B. Species Distribution Modelling 
(1) Cebu Island. Two identified trigger species were used 

for the modelling, particularly Cebu black shama (Copsychus 
cebuensis) and Cebu cinnamon (Cinnamomum cebuense). 
Predicted areas of highly suitable habitats for the two species 
are located in the southern region of the island (Figure 6). This 
region is shown to hold most of the favourable environment for 
the species. Aside from known occurrence of Cebu black 
shama in Argao, Alcoy, Dalaguete, and Carmen [38], part of 
Sibonga and Barili appeared to be favourable as well for Cebu 
black shama. The final model for Cebu cinnamon showed only 
high suitability in southern region of mainland Cebu and part 
of islands in the northeastern region. The prediction in these 
islands is far from the present state of knowledge of the 
occurrence of Cebu cinnamon and it is suspected that this 
suitability is possibly a commission error or over prediction; 
therefore, it would be better to validate this result. The known 
occurrence of Cebu cinnamon in Tabunan [58] was also 
predicted suitable but was eventually excluded because of low 
probability of predictions when the threshold was applied. 
Therefore, the model for Cebu cinnamon would have yielded 
better results if the species had been observed during the 
survey in Mt. Tabunan.  

 
(2) Leyte Island. A total of 23 identified trigger species 

were used for the modelling, including 12 species of trees, five 
birds, and six amphibians. Species distribution models were 
initially generated for each taxa (i.e., trees, birds, amphibians) 
and then combined to produce habitat suitability prediction 
composite. 

For trees, the following species were modeled: Almon, 
Apitong, Bagtikan, Cebu cinnamon, Malayakal, Mayapis, Red 
Lauan, Tangile, White Lauan, Yakal, Yakal Kaliot, and Yakal 
Sapiongan. Nine predicted suitable habitat sites were identified 
for these 12 trigger species throughout Leyte island (Figure 7). 
These areas are located in the municipalities of Capoocan, Jaro, 
Ormoc City, Dagami, Burauen, Albuera, La Paz, Baybay, 
MacArthur, Abuyog, Mahaplag, Inupacan, Hindang, Sogod, 
Bontoc, Silago, Hinunangan, Sogod, Libagon, Anahawan, and 
San Francisco. 

For bird, the following species were modeled: Tanygnathus 
lucionensis, Buceros hydrocorax, Gallicolumba crinigera, 
Penelopides panini , and Prioniturus discurus. Nine predicted 
suitable habitat sites were identified for these five trigger 
species of birds in Leyte Island (Figure 7). These sites are in 
the municipalities of Capoocan, Jaro, Upper Ormoc City, 
Dagami, Albuera, La Paz, MacArthur, Javier, Baybay City, 
Mahaplag, Inopacan, Abuyog, Sogod, Silago, Hinunangan, 
Anahawan, Liloan and San Francisco. 

For amphibians, the following frog species were modeled: 
Megophrys stejnegeri, Philautus leitensis, Platymantis green, 
Platymantis guentheri, Platymantis rabori, and Rhacophorus 
bimaculatus. Six predicted suitable habitat sites were identified 
for these six trigger species of frogs in Leyte island (Figure 8). 
These sites cover the municipalities of Capoocan, Jaro, Ormoc 
City, Dagami, Burauen, Baybay City, Javier, Inopacan, 
Mahaplag, Sogod, Abuyog, Silago, Libagon, Hinunangan, 
Anahawan, San Francisco, and Liloan. 

The separate models for each taxa were combined to 
produce a composite map of predicted suitable habitats across 
Leyte island resulting to a total of nine sites (Figure 8). The 
nine predicted suitable habitat sites are as follows: (1) Ormoc-
Jaro; (2) Burauen-Dagami; (3) Baybay-Javier; (4) Inopacan; 
(5) Sogod; (6) Abuyog; (7) Mt. Nacolod; (8) Anahawan;  and 
(9) Liloan-San Francisco. The Mt. Nacolod site has the largest 
coverage and has the most number of species overlaps. 

 

C. Identification of High Conservation Value Areas 
(1) Cebu Island. The results of the SDM for trigger species 

(i.e., Cebu black shama and Cebu cinnamon) showed that each 
species has varying geographic extent of suitable or favoured 
areas, which was characterised by selected biophysical 
variables. The result of the change detection analysis showed 
areas with large extent of conversion from forest to non-forest 
are located in the northern region of the island, which was 
suspected to have possibly contained forest fragments in 2007 
but have been converted to other land uses after three years. 
Other hotspots near Carcar, Oslob, and Samboan in the 
southern tip of the island also show some degree of changes, 
but not as extensive as shown in the northern region. A few 
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areas were also observed to have changes from non-forest to 
forest, which was argued to be attributed to widespread tree 
planting and reforestation activities driven by increased 
commercial demand for woodfuel and wood products [34]. The 
large extents of forest gain can be observed in upper portion of 
Cebu City, Balamban, Argao, Dalaguete, and Alegria.  

Three regions on the island were identified as HCVAs 
based on the combined maps of species distribution and change 
detection models. The first HCVA is situated in the north 
where predicted potential suitable habitats for Cebu black 
shama and enormous extent of change are observed to occur; 
hence, it was considered as the primary HCVA in need of 
immediate conservation attention.  The second HCVA is 
located near Carcar. Although the extent of change is small 
compared to first HCVA in the northern region, it is notable 
and confined near the reaming forest fragments. The third 
HCVA are situated in Oslob and Samboan (see Figure 9). 
 

(2) Leyte Island. Suitable habitat areas experiencing 
negative change include the following sites: Burauen-Dagami; 
Baybay-Javier; Sogod; and Anahawan. These HCVAs are 
threatened with massive forest degradation, and another 
hotspot is also creeping in from the south of Baybay-Javier 
from the north of Mahaplag.  

On the other hand, sites that appear to be relatively safe due 
to the absence of overlapping hotspots are Abuyog and Mt. 
Nacolod. However, Mt. Nacolod is being threatened with a 
creeping hotspot coming from the north, in Mahaplag and 
another from the south coming from St. Bernard. Sites that do 
not overlap with any hotspots are: Jaro-Ormoc; Inopacan; 
Abuyog; and Liloan-San Franciso. 

Four HCVAs in total have been identified in need of 
immediate conservation attention based on the overlay analysis 
of the results of the distribution models and change detection 
(Figure 10). 

 
 

V. CONCLUSION 
This study demonstrated the capability of dual-polarised 

ALOS/PALSAR data mosaic data for detecting and monitoring 
land and forest cover change and generating spatially explicit 
activity data information between different land cover types. 
Utilised in combination with predicted habitat suitability of 
trigger species, High Conservation Value Areas can be 
identified to prioritise sites in need of immediate conservation 
interventions. These immediate conservation actions are 
intended to address the drivers of habitat conversion and 
reduce biodiversity loss. 
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Figure 2.  Cebu ALOS/PALSAR images showing: 2007 ALOS/PALSAR RGB composite (left); 2010 ALOS/PALSAR RGB composite (right). © JAXA/METI  
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Figure 3.  Leyte ALOS/PALSAR images showing: 2007 ALOS/PALSAR RGB composite (left); 2010 ALOS/PALSAR RGB composite (right). © JAXA/METI  
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Figure 4.  2010 land cover classification map of Cebu (left) and forest change map of Cebu using 2007 and 2010 ALOS/PALSAR images (right). 
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Figure 5.  2010 land cover classification map of Leyte (left) and forest change map of Leyte using 2007 and 2010 ALOS/PALSAR images (right). 
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Figure 6. Predicted suitable habitat sites for identified trigger species in Cebu island: Cebu cinnamon (left); and Cebu black shama (right). 
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Figure 7. Predicted suitable habitat sites for identified trigger species in Leyte island: tree species (left); and bird species (right). 
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Figure 8. Predicted suitable habitat sites for identified trigger species in Leyte island: amphibian species (left); and combined model for all taxa (right). 
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Figure 9. Identified High Conservation Value Areas in Cebu island using Cebu black shama (left) and Cebu cinnamon (right). 
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Figure 10. Identified High Conservation Value Areas in Leyte island (left). 
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Abstract—Dual-polarised ALOS/PALSAR mosaic data were 
utilised in this study to provide information on forest cover 
change, activity data, and spatially explicit aboveground biomass 
estimates in support of REDD+ readiness processes implemented 
in Victoria-Anepahan mountain range, Palawan, Philippines. 
Ground-truthed data was used for forest/non-forest 
classification. Forest inventory plots of variable sizes were used to 
investigate the relationship of radar backscatter and ground-
estimated aboveground biomass. Overall classification accuracies 
at 87.28% and 91.60% were achieved using the support vector 
machine classifier for the 2007 and 2010 PALSAR data, 
respectively. Results showed that a total of 4,864.24 ha of forests 
were converted to other land uses within the study area in a span 
of four years. R-squared correlation of radar backscatter to 
biomass was observed to be higher at 1.0 ha plot sizes for the 
combination of radar channels consisting of HV polarisation, 
HH/HV ratio, and contrast texture derived from HV polarisation, 
which decreased for smaller plot sizes. Inclusion of contrast 
texture measure improved the relationship of radar data to 
biomass. Correlation of L-band SAR data to ground-measured 
biomass was observed to be better from complete inventory of 
trees within plots compared to AGB estimates extrapolated from 
tree measurements within nested plots of specific DBH ranges. 
This study demonstrated the capability of ALOS/PALSAR 
mosaics for detecting and monitoring forest change; for 
generating activity data information, particularly between forest 
and non-forest cover types; and for generating spatially explicit 
distribution of aboveground biomass. 

Index Terms—ALOS/PALSAR, K&C Initiative, REDD+ 
tropical rainforest, aboveground biomass, forest monitoring, 
forest inventory. 

I.  INTRODUCTION 
Permanent forest conversion to non-forest lands in 

developing countries has had a significant contribution on the 
increase of greenhouse gases (GHG) in the atmosphere. It has 
been estimated that annual emissions resulting from tropical 
deforestation and degradation during the 2000s accounted for 
10-20% of the total global anthropogenic GHG emissions [1]. 
Current negotiations under the United Nations Framework 
Convention on Climate Change (UNFCCC) provides an 
opportunity for developing countries to receive financial 
incentives for Reducing Emissions from Deforestation and 
Forest Degradation; including forest conservation, sustainable 
management of forests, and enhancement of forest carbon 
stocks (REDD+) [2], [3]. As REDD+ is a result-based 
mechanism (i.e., payments would only be delivered if reduced 
emissions and enhanced removals were demonstrated and 
reported), countries are required to quantify their achievements 
in REDD+ through verified reporting on activities, and to 
establish robust and transparent national forest monitoring 
systems. 

Among the most critical elements for the successful 
implementation of any REDD+ mechanism is a forest 
monitoring system that allows for credible measurement, 
reporting, and verification (MRV) of REDD+ activities [4]. 
Effective national forest monitoring systems must utilise an 
appropriate combination of remotely sensed data and ground-
based forest carbon inventory [5] to estimate anthropogenic 
forest-related GHG emissions and removals, forest area, and 
forest carbon stock changes [1], [4]. Remote sensing in 
combination with field measurements provides an objective, 
systematic, practical, and cost-effective solution for developing 
and maintaining REDD+ MRV systems [5]–[7]. Assessing 

112 of 436



emissions and removals from REDD+ related activities require 
information on forest area change (activity data) and changes in 
forest carbon stocks (emission factor) [1]. Monitoring changes 
in carbon stocks from deforestation and forest degradation 
depend on determining forest area change and the associated 
biomass loss [5]. Traditional techniques using field-based 
forest inventories are the most accurate means to collect 
biomass data and assess forest carbon densities, but are 
however expensive, time-consuming, and limited in geographic 
scope [6], [8]–[10]. Remotely sensed data linked to forest 
biophysical parameters can provide an effective method for 
forest biomass estimation from local to global scales [11]–[13] 
to complement traditional forest inventories.  

In the Philippines, the overall REDD+ readiness process, as 
articulated in its national strategy, involves a phased 
implementation to put in place the building blocks of a national 
REDD+ programme. The Philippines’ REDD+ readiness phase 
focuses on enhancing capacities and conducting consultations 
among key institutions and stakeholders; establishing national 
level bodies and carbon accounting; and establishing 
pilot/demonstration sites to implement REDD+ projects and 
activities. Palawan island was identified as a sub-national 
REDD+ demonstration area, among other sites, to serve as a 
short-term national case study of a nested approach to REDD+ 
development in parallel with national-scale government efforts 
[14]. Among the key activities to assess the potential of 
REDD+ initiatives is the credible baseline mapping of forest 
area changes and estimation of forest carbon stocks.  

Remotely sensed data have been used in the past (c. since 
1970s) for national and sub-national forest cover mapping and 
satellite-assisted forest inventory, mainly by applying visual 
interpretation techniques on optical/multispectral satellite data 
(e.g., Landsat, SPOT) [15], [16], persistent cloud cover and 

inclement weather conditions, however, continually poses a 
challenge for acquiring optical/multispectral data that can be 
used for either wall-to-wall or even site-level land cover 
mapping and consistent forest change monitoring. 

The Japan Aerospace Exploration Agency’s (JAXA) 
Advance Land Observing Satellite (ALOS) Phased Array L-
band Synthetic Aperture Radar (PALSAR) provided an 
opportunity to utilise synthetic aperture radar (SAR) as a 
suitable alternative data source to overcome these limitations of 
optical/multispectral data. SAR sensors, which have day- and 
night-time imaging capability and independence from weather 
conditions and solar illumination, are effective for periodic 
forest monitoring and change detection [17], [18]. Longer 
wavelength L-band SAR, such as ALOS/PALSAR, have been 
demonstrated to be suitable for monitoring forest and wetland 
areas largely because of its sensitivity to vegetation [19]–[21].  

Through the Kyoto & Carbon (K&C) Initiative led by 
JAXA, ALOS/PALSAR mosaic images generated from the 
Fine Beam Dual (FBD; HH and HV polarisation) data have 
been used in this study to provide information on forest cover 
change and estimate aboveground biomass (AGB) and forest 
carbon stocks in support of REDD+ readiness processes 
implemented in southern Palawan, Philippines. This 
contributes to the aims of the K&C Initiative that intends to 
evaluate and demonstrate the potential of ALOS/PALSAR in 
support of addressing regional-scale information needs related 
to carbon cycle science, multinational conventions, and 
environmental conservation [22].  Fauna & Flora International 
(FFI) conducted this study through a joint collaboration under 
the framework of the K&C Initiative with the Deutsche 
Gesellschaft für Internationale Zusammenarbeit (GIZ) GmbH 
and the Department of Geodetic Engineering of the University 
of the Philippines (UP-DGE).

 
 

 
2007 ALOS/PALSAR image 

 
2010 ALOS/PALSAR image 

 
Figure 1. 2007 and 2010 ALOS/PALSAR colour composites (RGB = HH-HV-HH/HV) from K&C mosaic data of Victoria-Anepahan mountain range, Palawan, 
Philippines © JAXA/METI 
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Figure 2. Location of transects, forest carbon plots, and ground-truthed points within study area and REDD+ project area in Victoria-Anepahan mountain range, 
Palawan, Philippines. Forest/non-forest map derived from classified 2010 ALOS/PALSAR K&C mosaic image. 
 
 

II. STUDY AREA AND DATA 

A. Study Area 
The Victoria-Anepahan mountain range (approx. 9°19’ N, 

118°13’ E; 1,648 km2) is situated in the southern portion of the 
14,600-km2 island of Palawan, the fifth largest island in the 
Philippine archipelago. It is recognised as a Key Biodiversity 
Area (KBA) and is one of the most understudied KBAs in the 
island province [23]. Victoria-Anepahan can be characterised 
by mountainous terrain with a maximum elevation of 1,700 
meters above mean sea level. Soils are based on ultramafic 
substrate formed by the Palawan Ophiolitic Complex found in 
the southern and central blocks of the island [24]. Mean annual 
rainfall ranges from 1600 to 3000 mm with a dry season from 
January to April, and varying intensity of rainfall for the rest of 
the year. Mean annual temperature ranges from 26 to 28°C 
with little seasonal variation. 

Palawan has the largest remaining forest areas in the 
country, at approximately 615,000 hectares (close to 46% of its 
land area) [25]. Palawan had a 0.07% average annual 
deforestation rate for the period 1990-2000, while the Victoria-
Anepahan mountains had a rate of forest loss at 0.04% during 
the same period, and its remaining forest cover in 2000 was 
calculated at 69.3% of its total land area [26]. The study 
focuses on the southern part of the mountain range, specifically 
in the municipalities of Narra and Quezon, which consist of 13 
barangays (villages), and where some of the ancestral domains 
of indigenous forest-dependent communities of Pala’wan and 
Tagbanua tribes are located (Figure 2). 

 

B. ALOS/PALSAR Data 
Two dual-polarisation (HH and HV) ALOS/PALSAR 

image mosaics at 25-meter spatial resolution taken at two 
image acquisition years (2007 and 2010, one image tile for 
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each year, specifically 10N-118E) were processed and analysed 
(Figure 1). Each 1x1-degree image mosaic tile (4500 x 4500 
pixels) was pre-processed using JAXA’s mosaicking 
algorithm, which includes calibration, orthorectification, slope 
correction, and intensity tuning of neighbouring data strips 
[27].  
 

C. Field Data 
A three-month long field campaign was conducted from 

June to August 2013 involving biodiversity assessments and 
forest carbon inventories. Field data collection, however, was 
only permitted within six barangays (out of 13) in both 
municipalities based on the endorsements and permits secured 
from the relevant local and provincial government units and 
indigenous communities (note: some barangays refused to 
provide their endorsements for implementation of the forest 
conservation projects). The six barangays subsequently defined 
the REDD+ project area based on the definitions of the 
Verified Carbon Standard (VCS) Methodology for Avoided 
Deforestation (VM0009) [28]. A total of five biodiversity 
transects for the ecological assessments were established with 
each transect covering a distance of two kilometres. Forest 
carbon inventory plots were established at every 250-meter 
station along each transect, which consisted of a 1.0 ha square 
plot (100 m x 100 m) situated at the midpoint of the transect, 
and nine 0.25 ha square plots (50 m x 50 m) at each transect 
station. Note that one quadrant of the 1.0 ha plot coincides with 
the 0.25 ha square plot at that station. This integrated 
biodiversity and forest carbon field data sampling approach 
(shown in Figure 3) is intended for assessing and establishing 
associations between wildlife species populations and their 
habitats. It can also provide evidence of net positive/negative 
impacts to species and biodiversity as a result of management 
interventions (e.g., REDD+ eligible activities) in these forests. 
A total of 45 0.25 ha square plots and five 1.0 ha plots were 
established along five transects.  

In each 0.25 ha square plot, the following forest biophysical 
parameters were collected: tree species name, tree diameter, 
and dead wood. Trees ≥ 30 cm diameter at breast height (DBH) 
was measured within the 0.25 ha plots (50 m x 50 m). Smaller 
nested plots were established within the 0.25 ha plots, 
particularly: (a) 20 m x 20 m square plots (0.04 ha) to measure 
trees with 10 to 30 cm DBH; and (b) 20 m x 50 m plots (0.10 
ha) to similarly measure trees ≥ 10 cm DBH, which are 
intended to fit with and contribute to the National Forest 
Inventory plots. For 1.0 ha plots, tree species name, tree 
diameter, and canopy cover density parameters were collected, 
measuring trees ≥ 5 cm DBH. Nested 0.25 ha plots within 1.0 
ha plots also measured trees ≥ 5 cm DBH. A total of 409 
training data points and 119 validation data points were used 
for the supervised image classification of ALOS/PALSAR 
mosaics using a combination of the field measurements 
collected in 2013; ground-truth data of different land cover 
types recorded during community field trainings conducted in 
May and August 2011; and supplemental forest and non-forest 
validation data points from Google Earth imagery. The location 
of field sampling sites is shown in Figure 2. 

 
Figure 3.  (A) Integrated biodiversity transect and forest plot design, including 
positioning of 1.0 ha and 0.25 ha square plots along two-kilometer transect line; 
(B) Nested plots within 0.25 ha plots at (a) 50m x 50m; (b) 20m x 20m; and (c) 
20m x 50m. All plots are north orientated. 
 

III. METHODS 

A. ALOS/PALSAR Data Processing 
A series of pre-processing steps involving geometric and 

radiometric corrections were applied to the 25 m orthorectified, 
slope-corrected mosaic images prior to classification and 
interpretation. The mosaic tile was geo-coded and re-projected 
to Universal Transverse Mercator Zone 51 North coordinate 
system and World Geodetic System 84 datum with less than 
0.5 total root mean square error (RMSE) to ensure the co-
registration across other tiles and other spatial data. Speckle 
filtering was implemented using Frost filter with a medium-
sized kernel (5 x 5) to reduce signal noise from the radar data. 
The Frost filter replaces the central pixel of the moving 
window with its weighted sum, and the weights decrease as the 
distance and variance from the central pixel increases. Once the 
speckles were reduced, the digital numbers (DN) were 
converted from amplitude format to normalised radar cross-
section, or sigma-naught (σ0; units in decibels or dB) using the 
equation:  

 
σ0 = 10 log10 [DN2] + CF;    (Eq.1) 

 
Where CF is the calibration factor with a value of -83 dB [22]. 
Ratio images were computed (HH/HV) and stacked together 
with the HH and HV image bands. Image masks were used to 
exclude water bodies, layover, and shadow regions where radar 
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data may be erroneous due to the terrain and limitations in data 
acquisition. All point coordinate data from field observations 
(i.e., 2011 ground-truthing survey, and 2013 forest inventory 
plot at transect stations) were consolidated and reclassified into 
forest and non-forest data points. Additional forest and non-
forest validation points were collected from Google Earth 
images of the study area. The consolidated field database was 
divided into two sets: training and validation data for image 
classification. Since radar characteristics were not preserved in 
ALOS/PALSAR mosaic data products, implementing SAR 
image decomposition techniques were not required and image 
classification algorithms conventionally used for optical 
datasets were implemented [29], [30]. The support vector 
machine (SVM) classifier was used for supervised forest/non-
forest classification due to the capability of the algorithm to 
generalise well, even with very limited training samples, and 
often producing higher classification accuracy than traditional 
methods [31]. Separability of forest and non-forest classes 
were measured using the Jeffries-Matusita (J-M) distance on a 
scale of 0 to 2.0, which is a good indicator of the separability 
between classes [32]. The larger the separability values 
between classes mean better classification results. As a general 
rule, a J-M distance above 1.90 indicates good separability 
between two classes, while a J-M distance below 1.0 indicates 
poor separation [33]. Classification accuracy was assessed 
using an error matrix, which provides the basis on which to 
both describe classification accuracy and characterize errors of 
each category present in the classification [34], [35]. Change 
detection analysis was conducted between the two image dates 
by producing a change matrix to show the changes between 
forest and non-forest types at an initial state (2007) and a final 
state (2010) within the study area and the REDD+ project area. 
 

B. Carbon Stock Assessment using Forest Inventory Plots 
The distribution of AGB was analysed and tested for 

normality at two groups of plot sizes according to DBH ranges 
measured: (1) 1.0 and 0.25 ha nested plots (DBH ≥ 5 cm); and 
(2) 0.25, 0.10, and 0.04 ha nested plots along transects. AGB 
was estimated at the individual tree-level using Brown’s 
allometric equation for moist forestlands [36]: 
 

Y = exp {-2.289 + 2.649 * (ln D - 0.021) * ln D2} (Eq.2) 
 
Where Y is aboveground biomass (in kg) and D is diameter at 
breast height (in cm). Brown’s equation was used among other 
allometric equations since it considered parameters such as 
range of diameters of trees measured, location of the sampling 
areas, and the correlation of the trees’ parameters to the 
biomass estimates. The total biomass content  (AGB in kg) at 
the plot level were converted first to biomass in tons (t) prior to 
conversion to carbon content (units in tons, t) using the 
following equation: 
 

C = AGB * 0.50    (Eq.3) 
 
Where AGB is aboveground biomass (in t), C is carbon stock 
(in t), and 0.50 is the default conversion value of biomass to 

carbon content [1]. These carbon stock values were then 
extrapolated to carbon stock per unit area (in tons per hectare, 
t/ha) using the following expansion factor (EF): 
 

EF = 10000 m2 / area of plot   (Eq.4) 
 

C. Estimation of AGB from Radar Backscatter 
Previous studies have demonstrated cross-polarised L-band 

SAR data to be capable of retrieving forest AGB and majority 
of these studies have reported saturation at approximately 60 to 
100 t/ha in terms of its sensitivity to biomass density [11], 
[37]–[40]. Textural analysis of SAR images has also been 
shown to improve biomass estimation by incorporating 
information on spatial variability [41]–[43]. In particular, the 
contrast measure derived from grey-level co-occurrence matrix 
(GLCM) was observed to increase correlation between 
backscatter and biomass using L-band HH-polarised Japan 
Earth Resources Satellite-1 (JERS-1) SAR data [43]. Utilising 
SAR image ratios have also been recommended to enhance the 
relationship of radar backscatter to biomass beyond observed 
saturation levels as polarisation ratios can reduce topographic 
bias and forest structural effects [44]–[46]. One study, for 
example, demonstrated good relationship of ALOS/PALSAR 
HH/HV polarisation ratios with biomass and was used as an 
additional parameter for biomass retrieval [47]. 

In this study, to estimate AGB from radar backscatter, the r-
squared correlation was determined for single HV polarisation, 
HH/HV ratio, and contrast texture (HH, HV) using radar 
measurements and forest inventory plot data by analysing two 
groups of plot sizes: (1) nested 1.0 and 0.25 ha plots (DBH ≥ 5 
cm); and (2) nested 0.25 and 0.10 ha plots along transects 
(DBH ≥ 10 cm). The most correlated parameters were used in 
the regression model between AGB and radar backscatter and 
in the model inversion to generate the biomass distribution 
map. The RMSE was subsequently computed for each model. 
For the regression analysis, additional sample points were 
taken from non-forest areas since the carbon inventory plots 
were mainly established in forest areas and AGB tended 
towards high biomass ranges. Three sampling points based on 
2011 ground-truth data were selected for each non-forest type, 
particularly in cropland, grassland, and settlement. For the 
AGB values used: cropland and grassland were taken from a 
study on carbon budgets in the Philippines [48]; for settlement, 
the prescribed default values by the Intergovernmental Panel 
on Climate Change (IPCC) [49]. 
 

IV. RESULTS AND SUMMARY 

A. Forest Cover Mapping and Change Detection 
 
(1) Accuracy assessment. ALOS/PALSAR images of 2007 

and 2010 were processed for forest/non-forest cover mapping 
and subsequently analysed for forest change detection. Overall 
classification accuracies at 87.28% and 91.60% were achieved 
using the SVM classifier for the 2007 and 2010 PALSAR data, 
respectively (Table I.A), which satisfies the universally 
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accepted minimum 85% overall accuracy [50].  Error matrices 
show that forest classes derived from 2007 and 2010 PALSAR 
data are in agreement with ground-truth data at 96.77% and 
96.83%, respectively, while non-forest classes have slightly 
lower agreement with ground-truth data compared at 76.79% 
and 85.71%, respectively (Table I.B and Table I.C). The results 
show that dual-polarisation ALOS/PALSAR data can 
accurately map forest and non-forest areas, with better 
accuracies achieved for forest classes compared to non-forest 
classes (Figure 5). A J-M distance of 1.928 was achieved 
indicating good separability between forests and non-forest 
classes. HV polarisation distinctly discriminates between forest 
and non-forest compared to HH polarisation (Figure 4). Forest 
and non-forest classes are also distinctly separable using the 
ratio image (HH/HV). 

 

 
Figure 4.  Region-of-interest (ROI) separability boxplots for 2010 forest and 
non-forest classes using HH and HV polarisations (top), and boxplot for 
HH/HV ratio image (bottom).  
 
 

TABLE I.A. 
CLASSIFICATION ACCURACY ASSESSMENTS 

 
 2007 Accuracy (%) 2010 Accuracy (%) 

Class Non-Forest Forest Non-Forest Forest 
Producer’s 76.79% 96.77% 85.71% 96.83% 
User’s 96.77% 82.19% 96.00% 88.41% 
Overall 87.28% 91.60% 
Kappa 0.74 0.83 

 

TABLE I.B. 
ERROR MATRIX FOR 2007 FOREST/NON-FOREST MAP 

 
Error Matrix for 2007 Forest/Non-Forest Map 

 Ground Truth (%) 
Class (%) Non-Forest Forest Total 
Non-Forest 76.79 3.23 38.14 
Forest 23.21 96.77 61.86 
Total 100.00 100.00 100.00 

 
 

TABLE I.C. 
ERROR MATRIX FOR 2010 FOREST/NON-FOREST MAP 

 
Error Matrix for 2010 Forest/Non-Forest Map 

 Ground Truth (%) 
Class (%) Non-Forest Forest Total 
Non-Forest 85.71 3.17 42.02 
Forest 14.29 96.83 57.98 
Total 100.00 100.00 100.00 

 
 
 

TABLE II.A 
FOREST/NON-FOREST COVER STATISTICS 

 
Item 2007 (ha) 2010 (ha) Net Change 

Study Area (within 13 barangays) 
Forest 66,092.97 64,570.21  (1,522.76) ! 
Non-Forest 26,340.59 27,863.36 1,522.76 " 

REDD+ Project Area (within 6 barangays) 
Forest 24,795.98 23,936.56  (859.43) ! 
Non-Forest 12,306.04 13,165.46 859.43 " 

 
 

TABLE II.B 
FOREST COVER CHANGE STATISTICS 

 
Item Area (ha) % 
Study Area (within 13 barangays) 

Forest remaining as Forest 61,228.74 66.24 
Non-Forest remaining as Non-Forest 22,999.12 24.88 
Forest converted to Non-Forest 4,864.24 5.26 
Non-Forest converted to Forest 3,341.47 3.62 

REDD+ Project Area (within 6 barangays) 
Forest remaining as Forest 22,185.74 59.80 
Non-Forest remaining as Non-Forest 10,555.22 28.45 
Forest converted to Non-Forest 2,610.25 7.04 
Non-Forest converted to Forest 1,750.82 4.72 
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2007 FNF map from ALOS/PALSAR data 

 
2010 FNF map from ALOS/PALSAR data 

 
Figure 5. 2007 and 2010 forest/non-forest maps derived from ALOS/PALSAR K&C mosaic data of Victoria-Anepahan mountain range, Palawan, Philippines.  
 

 
    Figure 6. Forest change detection (2007 to 2010) derived from ALOS/PALSAR K&C mosaic data of Victoria-Anepahan mountain range, Palawan, Philippines. 
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(2) Forest change. A net decrease in forest area was 
observed from 2007 to 2010 based on the ALOS/PALSAR 
forest/non-forest classification, specifically amounting to 
1,522.76 ha (5.26%) and 859.43 ha (7.04%) within the study 
area and the REDD+ project area, respectively (Table II.A). 
Forest loss appears to be more extensive in barangays of 
Quezon municipality, particularly Aramaywan, Berong, 
Isugod, and Kalatagbak compared to barangays in Narra 
municipality (Figure 6). Forest gain (or increase in biomass) 
was observed near Kalatagbak in the southern part of the study 
area in Victoria-Anepahan mountain range (Figure 6). The 
results demonstrate the capability of dual-polarised 
ALOS/PALSAR mosaic data for detecting and monitoring 
changes between forest and non-forests at two time points, 
given the acceptable classification accuracies achieved.  

ALOS/PALSAR data was also utilised to measure and 
assess activity data. Activity data, which is one of two basic 
requirements to calculate GHG inventories, refer to the areal 
extent (in hectares) of specific sources of emissions and sinks 
of removals of greenhouse gases [1]. Under the IPCC Good 
Practice Guidance on Land Use, Land Use Change, and 
Forestry (LULUCF), the activity data of the following 
categories are assessed: forest land converted to other land uses 
(deforestation); non-forest lands converted to forest lands 
(forestation); and forest lands remaining as forest lands (forest 
degradation or enhancement) [51], [52]. Activity data were 
computed within the study area and the REDD+ project area 
(see Table II.B), which showed that within the study area 
forests converted to non-forests amounted to 4,864.24 ha (or 
5.26% of the total area), while forest conversion within the 
REDD+ project area amounted to 2,610.25 ha (or 7.04% of the 
total area). More than half of forests converted to non-forest 
within the study area (53.66%) similarly occurred within the 
REDD+ project area. This approach undertaken for assessing 
activity data falls under Approach 3 as described in the IPCC 
Guidelines for National GHG Inventories, which involves 
spatially explicit tracking of land cover conversions [49]. This 
demonstrates the capability of ALOS/PALSAR for generating 
spatially explicit activity data information, in this case for 
forest and non-forest cover types, which is very useful for 
REDD+ implementation. 
 

B. Carbon Stock Assessment using Forest Inventory Plots 
 
The distribution of AGB at various plot sizes were analysed 

and tested for normality. An indicator for normality is the 
Gaussian distribution and small values for skewness and 
kurtosis. The analysis showed that AGB distribution was 
skewed to the right for smaller plots (0.04 to 0.25 ha) and was 
skewed slightly to the left for the larger nested plots (1.0 ha) 
(Figure 7). The large 1.0 ha plots came closest to a normal 
distribution of biomass. 

For the 1.0 ha plots, the AGB distribution was plotted for 
the 1.0 ha and 0.25 plot sizes, which involved trees with DBH 
at 5 cm and above (Figure 7). These 0.25 ha plots had 
neighbouring plot configuration (i.e., quadrats of 1.0 ha plot). 

Standard deviation from the 1.0 ha plots were lower (71.13; 
n=5) compared to neighbouring 0.25 ha plots (112.36; n=20). 
The AGB distribution of the larger plots (i.e., 1.0 ha and 
neighbouring 0.25 ha plots) was almost normally distributed 
(Figure 7). The range of AGB values were narrower for the 1.0 
ha (0 to 325.28 t/ha) compared to the 0.25 ha (0 to 590.85 t/ha). 
This is consistent with the findings from [53] that larger plots 
tend to be normally distributed with smaller deviations from 
the mean estimate. The results suggest that establishing larger 
plot sizes (1.0 ha) are recommended than smaller plots (0.25 
ha) to estimate AGB values with statistical confidence that are 
within the acceptable range of limits for the computed 
estimates.   

For the 0.25 ha nested plots, the AGB estimates revealed 
that most plots were at the lower range of AGB values from 0 
to 200 t/ha, regardless of plot size (Figure 7). This trend is also 
consistent with the results of a previous study [53], indicating 
that the lower range of AGB estimates comprise the larger 
percentage of the total AGB estimates. Although a common 
trend was observed from the sample plots in terms of their 
frequency at certain range of AGB values, the level of 
deviation from the mean AGB estimates is different. The 
lowest deviation was observed from the 0.04 ha sub-plots 
(51.02) followed by 0.25 ha plots (88.12), and lastly from 0.10 
ha plots (112.78). The trend can be attributed to the range of 
DBH values measured in each of these plots. A narrower range 
of DBH measurements were taken from the 0.04 ha plots (10 to 
30 cm) and 0.25 ha plots (≥ 30 cm) compared to the wider 
range of DBH values taken from the 0.10 ha plot (≥ 10 cm). 
Hence, the DBH values and the resulting AGB estimate from 
the 0.10 ha plots have higher deviations from the mean. The 
inclusion of larger diameter trees in a relatively smaller sized 
plot (i.e. 0.10 ha) can potentially introduce heterogeneity and 
variations [53] in AGB estimates.  

Also, for the 0.25 ha nested plots along transects, the range 
of values for the aboveground carbon content varied from 
50.19 to 209.02 tC/ha. The carbon content estimated from the 
0.04 ha nested plot comprised almost half of the total carbon 
content found at the plot level (Figure 8), which indicates that 
smaller diameter trees (from 10 to 30 cm) contributed to almost 
half of the carbon content found in any plot within the areas 
assessed. The aboveground carbon estimates also reflects the 
kind of forests present in the area, particularly in Estrella (one 
of the barangays in Narra municipality) where the forests can 
be classified as forest over ultramafic rocks. This forest type is 
characterised by serpentine substrate, derived from prolonged 
leaching of ultramafic rocks [54], of which the presence of 
larger diameter trees is limited due to the lack of high amount 
of organic matter found in this kind of forest. The carbon 
content found in Estrella is lower compared to the other 
sampling sites due to the limited presence (or the lack thereof) 
of larger diameter trees.  Although smaller diameter trees 
contributed to almost half of the total carbon content per plot, 
lack of larger diameter trees affected the overall carbon content 
of the area, as observed from the plot samples from Estrella, 
Narra municipality.
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Figure 7. Distribution of forest biomass sampled at various plot sizes: 0.25 ha and 1.0 ha nested plots (left); and 0.04 ha, 0.10 ha, 0.25 ha nested plots along 
transects (right). 

 

 
   Figure 8.  Aboveground carbon content from the nested carbon plots established within the municipalities of Narra and Quezon, Palawan. 
 
 

C. Estimation of AGB from Radar Backscatter 
Backscatter coefficients of HV polarisation, ratio of 

HH/HV channels, and contrast texture measures applied to HH 
and HV polarisations were extracted from radar measurements 
of 25 m resolution ALOS/PALSAR mosaic data and forest 
inventory plot data by analysing two groups of plot sizes: (1) 
nested 1.0 and 0.25 ha plots (DBH ≥ 5 cm); and (2) nested 
0.25 and 0.10 ha plots along transects (DBH ≥ 10 cm). The 

optimum fit between logarithmic estimates of both ground-
measured AGB to predicted AGB from radar backscatter was 
determined to be a linear relationship.  

 
(1) Relationship of radar backscatter and AGB for 1.0 ha 

and 0.25 ha nested plot sizes. R-squared correlation between 
radar backscatter and ground-estimated AGB improved as the 
plot size increased, specifically between 1.0 ha and 0.25 ha 
plots (Table III.A). As sensitivity of radar data to biomass 

Plot%size:%1.0%ha%
N:%5%
Mean:%237.44%t/ha%
SD:%71.13%
Skewness:%=0.22%
Kurtosis:%=1.17%
%
Plot%size:%0.25%ha%
N:%20%
Mean:%237.44%t/ha%
SD:%112.36%
Skewness:%1.78%
Kurtosis:%4.19%

Plot%size:%0.25%ha%
N:%45%
Mean:%122.32%t/ha%
SD:%88.12%
Skewness:%1.20%
Kurtosis:%0.99%
%
Plot%size:%0.04%ha%
N:%45%
Mean:%90.70%t/ha%
SD:%51.02%
Skewness:%0.96%
Kurtosis:%0.49%

Plot%size:%0.10%ha%
N:%45%
Mean:%118.92%t/ha%
SD:%112.78%
Skewness:%1.24%
Kurtosis:%0.33%
%
%
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improved with increasing plot size, the standard errors also 
decreased. A previous study showed that as the scale of 
analysis based on plot size increased, the relationship between 
backscatter and AGB improved, mainly attributed to speckle 
noise reduction and spatial averaging of the radar data [53]. 
Sensitivity to biomass was observed to be higher at 1.0 ha plot 
size for the combination of radar channels consisting of HV 
polarisation, HH/HV ratio, and contrast texture derived from 
HV polarisation (0.9387), and degraded with decrease in plot 
size for 0.25 ha (0.6964).  

 
 

TABLE III.A. 
BIOMASS ESTIMATION ACCURACY FROM RADAR 

BACKSCATTER AT NESTED 1.0 HA AND 0.25 HA PLOT SIZES 
 

Combination of 
Radar Channels R2 Adjusted 

R2 SE 

1.0 ha plots (Trees ≥ 5 cm DBH) 
AGB range: 145.04 to 325.28 t/ha 
HV 0.6546 0.5971 0.6172 
HH/HV 0.7030 0.6535 0.5723 
HV, HH/HV 0.7377 0.6328 0.5892 
HV, HH/HV, C-HV 0.9387 0.8927 0.3185 
HV, HH/HV, C-HH 0.8212 0.6871 0.5439 
0.25 ha sub-plots (Trees ≥ 5 cm DBH) 
AGB range: 90.19 to 590.85 t/ha 
HV 0.6618 0.6457 0.3894 
HH/HV 0.5914 0.5719 0.4280 
HV, HH/HV 0.6635 0.6298 0.3980 
HV, HH/HV, C-HV 0.6964 0.6485 0.3879 
HV, HH/HV, C-HH 0.6884 0.6392 0.3929 

 
 

Contrast texture measures derived from HV polarisation 
showed better correlation compared to using HH polarisation 
between the 1.0 ha and 0.25 ha plots. The inclusion of contrast 
texture measures (derived from HV polarisation) improved the 
relationship of radar data to biomass at both plot sizes (i.e., 
0.201 to 0.2841 for 1.0 ha plots; and 0.105 to 0.329 for 0.25 ha 
plots) compared to only single HV polarisation, HH/HV ratio, 
or combined HV and HH/HV channels. This result is consistent 
with previous studies demonstrating improved correlations of 
radar data to biomass, and increased accuracies achieved for 
estimating biomass with SAR with the addition of image 
texture measures [41]–[43].  
 

 (2) Relationship of radar backscatter and AGB for 0.25 ha 
and 0.10 ha nested plot sizes along transects. R-squared 
correlation between radar backscatter and ground-estimated 
AGB improved as the plot size increased between 0.25 ha and 
0.10 ha plots (Table III.B). Standard errors were observed to 
decrease with increasing plot size, similar to the results 
obtained for the 1.0 ha nested plots. Radar backscatter 
sensitivity to biomass was also observed to be higher at 0.25 
ha plot size for the combination of radar channels consisting 
of HV, HH/HV, and contrast texture from HV polarisation 

(0.5847), and decreased at 0.10 ha plot size (0.3517). 
Including contrast texture measures (from HV polarisation) 
improved the relationship of radar data to biomass at both plot 
sizes (i.e., and 0.004 to 0.1342 for 0.25 ha plots; and 0.017 to 
0.0936 for 0.10 ha plots). 
 
 

TABLE III.B. 
BIOMASS ESTIMATION ACCURACY FROM RADAR 

BACKSCATTER AT NESTED 0.25 HA AND 0.10 HA PLOT SIZES 
ALONG TRANSECTS 

 
Combination of 
Radar Channels R2 Adjusted 

R2 SE 

0.25 ha plots along transects (Trees ≥ 10 cm DBH) 
AGB range: 25.39 to 448.49 t/ha 
HV 0.5752 0.5660 0.3246 
HH/HV 0.4505 0.4386 0.3692 
HV, HH/HV 0.5807 0.5621 0.3261 
HV, HH/HV, C-HV 0.5847 0.5564 0.3282 
HV, HH/HV, C-HH 0.5846 0.5563 0.3283 
0.10 ha sub-plots along transects (Trees ≥ 10 cm DBH) 
AGB range: 0 to 477.48 t/ha 
HV 0.3319 0.3170 0.4372 
HH/HV 0.2581 0.2416 0.4607 
HV, HH/HV 0.3347 0.3045 0.4412 
HV, HH/HV, C-HV 0.3517 0.3065 0.4406 
HV, HH/HV, C-HH 0.3492 0.3038 0.4414 

 
 

(3) Comparison of 0.25 ha plots in terms of relationship 
between AGB and radar backscatter. The 0.25 ha plots nested 
within the 1.0 ha plots were compared with the 0.25 ha plots 
along transects in terms of the relationship of ground-estimated 
AGB and radar backscatter. It should be noted here again that 
the trees measured within these two similar plot sizes were 
different at 5 cm and above for 0.25 ha plots nested within the 
1.0 ha plots, and 10 cm and above for 0.25 ha plots along 
transects. R-squared correlation for the 5 cm DBH 0.25 ha 
plots were higher compared to 10 cm DBH 0.25 ha plots. This 
improvement can be explained by the complete inventory 
(100% measurement) of trees ≥ 5 cm DBH employed within 
the 0.25 ha plots nested within 1.0 ha plots. 

In comparison, the 0.25 ha plots along transects measured 
trees ≥ 10 cm DBH, which consisted of DBH ranges measured 
within specific nested plot sizes (i.e., trees ≥ 30 cm DBH in 50 
m x 50 m plot (0.25 ha), and trees 10 to 30 cm DBH in nested 
20 m x 20 m plots (0.04 ha)), and extrapolated the computation 
of aboveground biomass per unit area by an expansion factor. 
The difference in r-squared correlation (Table III.C) was 
highest for HH/HV ratio (0.1409) and the combination of radar 
channels consisting of HV, HH/HV, and contrast texture 
derived from HV polarisation (0.1117). This suggests that 
AGB estimates from complete inventory of trees improves the 
correlation of radar backscatter to ground-measured biomass 
compared to AGB estimates extrapolated from tree 
measurements within nested plots of specific DBH ranges. This 
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also suggests that the AGB contributed by trees with 5 to 10 
cm DBH could be significant to improve the correlation of 
radar backscatter and biomass, which was reflected in Figure 8 
where smaller diameter trees at the plot level contributed to 
almost half of the carbon content found in any plot.  
 

TABLE III.C. 
DIFFERENCE IN R-SQUARED CORRELATION 

BETWEEN 0.25 HA PLOT SIZES 
 

Combination of 
Radar Channels Diff. in R2 

Diff in 
Adjusted 

R2 
Diff in SE 

HV 0.0866 0.0797 0.0648 
HH/HV 0.1409 0.1333 0.0588 
HV, HH/HV 0.0828 0.0677 0.0719 
HV, HH/HV, C-HV 0.1117 0.0921 0.0597 
HV, HH/HV, C-HH 0.1038 0.0829 0.0646 

(3) Radar estimation of biomass. Aboveground biomass 
estimation from L-band ALOS/PALSAR data was modelled 
using the combination of radar channels consisting of HV, 
HH/HV, and contrast texture derived from HV polarisation 
using the 1.0 ha plots. The following equations were used in 
the regression model: 

 
B = 5.3127 - 2.7441HV - 19.9341HH/HV  

- 1.73332HV-Contrast    (Eq.5) 
 

B = 5.75381 + 0.01334HV - 1.70818HH/HV  
- 0.45344HV-Contrast    (Eq.6) 

 
Where B is aboveground biomass (t/ha) and the estimated 
regression coefficients were determined statistically using the 
radar measurements and forest inventory plot data at 1.0 ha and 
0.25 ha nested plot sizes for Eq.5 and Eq.6, respectively. 

 
 
 

1.0 ha and 0.25 ha nested plots 0.25 and 0.10 ha nested plots along transects 0.25 ha plots 

 
(a) 

 
(b) 

 
(c) 

 
Figure 9.  Ground estimated vs. predicted logarithmic aboveground biomass from radar backscatter measurements at different plot sizes: (a) 1.0 ha and 0.25 ha 
nested plots; (b) 0.25 and 0.10 ha nested plots along transects; (c) 0.25 ha plots along transect and within nested 1.0 ha plots. 
 
 

1.0 ha and 0.25 ha nested plots 0.25 and 0.10 ha nested plots along transects 0.25 ha plots 

 
(a) 

 
(b) 

 
(c) 

 
Figure 10.  Ground estimated vs. predicted aboveground biomass from radar backscatter measurements in tons/hectare (t/ha) at different plot sizes: (a) 1.0 ha and 
0.25 ha nested plots; (b) 0.25 and 0.10 ha nested plots along transects; (c) 0.25 ha plots along transect and within nested 1.0 ha plots. 
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(a) 

 
(b) 

 
Figure 11. Distribution of aboveground biomass of the study area at southern portion of Victoria-Anepahan mountain range derived from ALOS/PALSAR 2010 
data and (a) 1.0 ha plots, and (b) 0.25 ha plots nested within 1.0 ha plots. 

 
 

The regression model for the 1.0 ha plots showed the best 
correlation (0.93867) across all models between the 
logarithmic estimates of both predicted AGB from radar 
backscatter to ground-measured AGB (Figure 9a), but showed 
rather low correlation in terms of estimates in tons per hectare 
(0.4641) (Figure 10a). The model inversion to generate the 
biomass distribution does not result to well-distinguished 
biomass gradients and only reflects the low and high-end 
biomass values (Figure 11a). The regression coefficient 
achieved for HH/HV ratio distorted the model. This could be 
attributed to the low number of plot samples for 1.0 ha plots 
(n=5). The standard error achieved for the correlation using the 
1.0 ha plots (0.3185) was better compared to smaller plot sizes 
(Tables III.A and III.B). 

On the other hand, the regression model for the 0.25 ha 
plots (nested within 1.0 ha plots) showed the next best 
correlation (0.69639) across all models between the 
logarithmic estimates of both predicted AGB from radar 
backscatter to ground-measured AGB (Figure 9b), but similarly 
showed low correlation in terms of estimates in tons per 
hectare (0.2252) (Figure 10b). The biomass distribution 
generated was better compared to the 1.0 ha plots given higher 
number of plot samples (n=20), which resulted to well-
distinguished biomass gradients (Figure 11b).  

For 0.25 ha plots, the r-squared correlation for the 0.25 ha 
plots nested within 1.0 ha plots was higher (0.69639) compared 
to the 0.25 ha plots along transects (0.58471). Correlation in 
terms of estimates in tons per hectare was higher instead for 
0.25 ha plots along transects (0.26548) compared to the 0.25 ha 
plots nested within 1.0 ha plots (0.2252), which could be 
attributed to the higher number of plot samples (n=45) for 0.25 
ha plots along transects. 

The RMSE was computed for each model and tabulated in 
Table IV. The results show that the smallest plot area gave the 

largest RMSE, while the 1.0 ha plot gave relatively low RMSE 
compared to the smaller sized plots. However, comparing the 
RMSE of the 1.0 ha plots with the RMSE of the 0.25 ha plots 
along the transects, the results show a difference of 4.75 t/ha 
only. This may be attributed to the limited number of 1.0 ha 
plot samples utilised to run the regression model. 
 

TABLE IV. 
ROOT-MEAN-SQUARE-ERROR OF REGRESSION MODELS 

 
Model RMSE 

1.0 ha plots 105.2915131 
0.25 ha (nested within 1.0 ha plots) 127.7552194 
0.25 ha (along the transects) 100.5497983 
0.10 ha (along the transects) 157.7704100 

 
(4) Implications for REDD+ readiness and implementation 

and for national forest inventory and monitoring system. 
Developing countries engaging under the REDD+ mechanism 
need to develop and establish a national MRV system that 
provides accurate and reliable information on forest carbon 
stocks and carbon stock changes [55]. An MRV system 
consists of three pillars, including activity data, emission 
factor, and GHG inventory [56]. Under the UNFCCC, national 
GHG inventory reports form the basis for assessing a country’s 
performance against its commitments, which determines 
eventual incentives or penalties [1]. The approach presented in 
the IPCC Good Practice Guidance on LULUCF quantifies 
carbon stock changes within a given period based on rates of 
carbon losses and gains by area of land use category; in other 
words, estimates of emissions or removals from carbon stocks 
as the product of the extent of human activity (activity data) 
and emissions-removals ratio per unit of activity (emission 
factor) [1], [51], [55].  
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Activity data can be obtained from earth observation data 
using remote sensing, while emission factor is measured 
through national forest inventories [1], [56]. Activity data and 
emission factor information can be derived through various 
approaches and tiers, respectively; the most complex and 
reliable being from detailed, spatially-explicit forest monitoring 
and modelling data [1], [55]. In this study, the capability of 
dual-polarised ALOS/PALSAR mosaic data was demonstrated 
for Approach 3 generation of spatially explicit activity data 
information, particularly for forest and non-forest cover types 
at a sub-national REDD+ demonstration area, which can be 
scaled up for wall-to-wall activity data assessment at the 
national scale. The capability of ALOS/PALSAR data, 
however, would still need to be tested further for 
discriminating and tracking more specific land cover types 
such as the IPCC six broad land cover types and the 
Philippines national land cover classification system using 20 
land cover types. 

There is also a need to understand the historical forest 
change processes based on available historical data in order to 
establish a national reference scenario for emissions from 
deforestation and forest degradation [1]. A national forest 
monitoring system provides the foundation for measuring, 
reporting, and verifying whether forest-related or REDD+ 
initiatives have resulted into net positive impacts on forest 
carbon stocks [4], [57]. Remote sensing data and ground-based 
forest carbon inventory would need to be utilised for 
developing an effective national forest monitoring system to 
estimate anthropogenic forest-related GHG emissions and 
removals, forest area and forest carbon stock changes. In this 
study, the capability of dual-polarised ALOS/PALSAR mosaic 
data was demonstrated at sub-national scale for detecting and 
monitoring forest changes with acceptable accuracies. The 
utility of ALOS/PALSAR data can be scaled up at national 
scales to provide information for periodic and consistent 
mapping and monitoring forest cover changes, especially since 
SAR data can overcome the limitations of optical/multispectral 
satellite data due to frequent cloud cover and haze 
contamination. ALOS/PALSAR data can also be a viable 
source of historical data of forest change (2007-2010) for 
developing REDD+ projects, which can be complemented and 
continued through ALOS/PALSAR-2 in the near future. 

This study demonstrated the capability of ALOS/PALSAR 
mosaic data for generating spatially explicit distribution of 
biomass at sub-national scale by modelling radar backscatter 
from combined polarimetric radar and texture information to 
ground-measured biomass from 1.0 ha forest inventory plots. 
This study also investigated the relationship of L-band radar 
backscatter to biomass using a pairwise comparison of large 
and small plot sizes, which showed that correlation of radar 
backscatter to biomass improved with increasing plot size. The 
optimal regression model was observed at 1.0 ha plots, which 
was due to speckle noise reduction and spatial averaging of the 
radar data given the increase in pixel size, and the approximate 
normal distribution of forest biomass at 1.0 ha plot size. 
However, the low plot sample size affected the estimation of 
biomass distribution, which indicates that higher plot samples 

are required to better generate spatially explicit biomass 
models. 

Ground-based forest measurements, particularly from 
traditional national forest inventories, is one possible option 
that can be utilised for forest monitoring systems that countries 
participating under the REDD+ mechanism must establish in 
order to assess anthropogenic forest-related GHG emissions 
related to emission factors by sources and removals by sinks 
[58]. Inventory data may be utilised as independent ground-
truth data for classification of remotely-sensed data [51], or 
combined with earth observation data to generate spatially-
explicit biomass or carbon stock estimates [55].  

Existing national forest inventories would need to be 
evaluated in terms of adaptability to national circumstances, 
and capability for monitoring REDD+ eligible activities and 
implementation [58]. Currently, the Philippines National Forest 
Inventory (NFI) adopts 20 m x 250 m rectangular plots (0.50 
ha) with several smaller nested plots measuring trees at 
different DBH ranges [59]. There are plans to integrate a 
remote sensing component in the Philippines NFI to 
complement national reporting and to provide information on 
the distribution and changes in forest cover given remote 
sensing’s broad area coverage and ability to conduct repeated 
and systematic observations. Given the 0.50 ha NFI plot size, 
the results of this study suggests that the relationship of 
biomass to radar backscatter could yield better correlation and 
produce better estimation of biomass using L-band SAR data 
compared to the smaller 0.25 ha plots, although not as good as 
the larger 1.0 ha plots that were observed in this study. It 
should also be noted that based on this study, complete 
inventory approach and inclusion of smaller DBH trees (≥ 5 
cm) employed within the 0.25 ha plots yielded better 
correlation compared to nested sampling approach of trees and 
extrapolation using the same plot size. This finding should also 
be taken into account in view of the potential for utilising NFI 
plot data with SAR data for biomass estimation considering 
that the existing NFI adopts a nested sampling approach for 
measuring trees. 

Plot sizes of 1.0 ha (or more), however, are more 
commonly used and are more suited for long-term ecological 
research studies on forest dynamics in the country, while 
smaller sized plots are preferred or adopted for the national 
forest inventory or for carbon stock assessments. Some argue 
that the NFI plot configuration is costly to implement and 
difficult to establish and measure, especially in rugged and 
unforgiving topography in the Philippines. A report indicated 
that the NFI plot length of 250 m was not efficient and 
recommended using 10 m radius circular plots due to its 
advantages for sampling in the field and better accuracies 
achieved with increased sampling intensity [60], [61]. On one 
hand, L-band SAR data offers the potential for generating 
spatially explicit estimates of biomass—hence, providing an 
opportunity to integrate remote sensing in national forest 
inventories—but would require large plot sizes to improve 
biomass retrieval. On the other hand, practical considerations 
also need to be taken into account, which suggest that smaller 
plot sizes can improve both efficiency and accuracy. The 

124 of 436



results of this study have shown the degree of backscatter-
biomass correlation and level of accuracies achieved for plot 
sizes smaller than the 0.50 ha NFI plot size, which can be 
considered in weighing options. The evaluation of the existing 
national forest inventory would need to weigh these 
considerations (e.g., integration of remote sensing; decreasing 
plot size and increasing sampling intensity), among others, in 
view of assessing its capability for monitoring REDD+ eligible 
activities and implementation. 

 

V. CONCLUSION 
The work carried out under the K&C Initiative Phase 3 

produced important results in support of implementing initial 
REDD+ readiness processes at the sub-national scale in the 
Philippines. This study demonstrated the capability of dual-
polarised ALOS/PALSAR mosaic data for detecting and 
monitoring forest change; for generating spatially explicit 
activity data information, particularly between forest and non-
forest cover types; and for generating spatially explicit 
distribution of aboveground biomass through modelling radar 
backscatter from combined polarimetric radar and texture 
information to field-measured biomass from forest inventory 
plots. These results can potentially be applied and scaled-up to 
provide inputs for national-level monitoring of forest cover and 
forest carbon stock changes and generating activity data for 
greenhouse gas inventories. 

REDD+ is fundamentally about addressing the drivers, 
causes, and agents of deforestation and degradation [62]. Based 
on the forest change analysis derived from ALOS/PALSAR 
data, deforestation (forest conversion to other land uses) 
occurred within the study area from 2007 to 2010, which can 
be one of the bases for developing REDD+ projects intended to 
implement activities seeking to avoid deforestation. The drivers 
and causal factors of deforestation would need to be 
subsequently identified and understood. 

The study provided important considerations for assessing 
the existing Philippine national forest inventory system in 
terms of its capability for monitoring REDD+ eligible activities 
and implementation, particularly on accuracies achieved from 
variable plot sizes and from the inventory approach adopted in 
view of estimating spatially explicit biomass distribution using 
L-band SAR data.  

Future work should focus on testing ALOS/PALSAR for 
detailed activity data assessment by discriminating and 
tracking of specific land cover types. Carbon inventory plots 
should also be established in non-forest areas to account for 
low biomass regions. Tree height measurements from forest 
inventory plots, which were not included in this study for 
developing the SAR biomass model, can be explored to further 
improve aboveground biomass prediction. 
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Abstract— This study aims to provide a comprehensive 
understanding of the capabilities and limitations of the two 
polarization modes of ALOS/PALSAR. Polarimetry (PLR) and 
Fine Beam Dual (FBD) Level 1.1 image datasets were interpreted 
using a series of radar image processes with open source radar 
tools. Image processes include coherency matrix extraction, 
image geocoding, speckle filtering, Entropy-Anisotropy-alpha (H-
A-alpha) image decomposition and image classification. Field 
data from 2010 land cover assessment in Southern Leyte were 
used in training and validation for the Wishart and the Support 
Vector Machine (SVM) supervised classification, as well as in 
accuracy assessments. The Intergovernmental Panel on Climate 
Change (IPCC) land cover definitions were used as basis for the 
class categories defined in the image interpretation, with an 
additional class category defined for Palms. The results from the 
PLR image using the Wishart classifier generated 75% overall 
accuracy and the SVM results gave 85% overall accuracy. The 
resulting classified image is directly comparable to the scattering 
mechanisms observed in the landscape. The FBD dataset was 
only limited to the Wishart classification and analysis, which 
yielded 75% overall accuracy using the IPCC categories; and 
70% accuracy upon the addition of the Palms class. Extraction of 
more detailed classes highly depends on the field data available 
for training and validation. SVM classification for the PLR 
dataset yields comparable and realistic results even with limited 
training samples. 

Index Terms—ALOS PALSAR, K&C Initiative, land cover 
classification, REDD+, radar decomposition, Polarimetry, Fine 
Beam Dual 

I. INTRODUCTION 

A. Synthetic Aperture Radar 
Microwave remote sensing is an active image acquisition 

approach that utilises the microwave region (1 mm – 1.3 m) of 
the electromagnetic spectrum to transmit and receive signals 
in the form of electromagnetic energy [1]. Compared to 
optical sensors that focus lens on target objects to collect 
reflectance, microwave sensors use an antenna to transmit 

pulsed signals to the landscape and collect the backscattered 
energy that manage to return to the antennae [2]. As an active 
system, radar is capable of controlling polarization, which 
refers to the orientation of the transmitted electromagnetic 
energy. Although all orientation angles can be used, horizontal 
or vertical plane of the oscillations are used due to 
conventional antenna design. Backscattered energy can be 
like-polarized, HH (horizontal transmit – horizontal receive), 
VV (vertical transmit – vertical receive); or cross-polarized 
HV (horizontal transmit – vertical receive), VH (vertical 
transmit – horizontal receive). When all channels are used, the 
radar is referred to as quad-polarimetric, and that the data 
produced can be analysed to determine the reflectivity of 
varying land cover types in the landscape. 
 

Synthetic aperture radar (SAR) was developed to improve 
the azimuth resolution of earlier radar systems by using 
Doppler shifts of the return signal [1]. SAR systems are 
coherent imaging systems mounted on either an airborne or 
spaceborne platform. Due to the nature of SAR sensors, the 
atmosphere is virtually transparent, which make cloud-free 
image acquisition possible. 
 

B. Land Cover Mapping to support REDD+ 
The Philippines is located in the Asia-Pacific region, 

which is cloud covered more than half of the year. This 
geographic location has imposed one of the major challenges 
that the country is experiencing with respect to producing land 
cover data products. 

The Philippines’ National Mapping Resources and 
Information Authority (NAMRIA) used optical/multispectral 
satellite datasets such as Landsat ETM+ in 2003 and ALOS 
Advanced Visible and Near Infrared Radiometer (AVNIR) in 
2010 for their land cover mapping work. With the advent of 
Reducing Emissions from Deforestation and Forest 
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Degradation – plus (REDD+) discussions and initiatives in the 
country, producing up to date land cover maps became much 
more essential in providing periodic monitoring and 
assessment as part of the Philippine National REDD+ 
Strategy’s (PNRPS) Monitoring & Measurement-Reporting-
Verification (M & MRV) requirement. 

In the recent years, due to inclement weather conditions 
that the country has been experiencing, cloud-free optical data 
acquisition has become more difficult. Together with other 
organisations involved in land cover mapping and REDD+, 
the search for other data sources for producing land cover 
maps is a continuous undertaking. 

 

II. DESCRIPTION OF YOUR PROJECT 

A. Project Objectives 
This study aims to pilot methodologies and approaches 

using SAR to support the development of the REDD+ MRV 
system in the Philippines through land cover mapping in the 
sub-national REDD+ demonstration sites. The result of this 
study also intends to contribute to the development of the 
national forest monitoring system, incorporating remote 
sensing for large-scale forest cover mapping. 

The specific goal of this study is to compare the capabilities 
of the ALOS/PALSAR Fine Beam Dual (FBD) mode and the 
Polarimetry mode (PLR) in terms of potential for land cover 
and forest cover mapping in the Philippines. The results of this 
study are in accordance with the ALOS K&C Initiative’s 
overall objective, which is to define, develop, and validate 
ALOS/PALSAR-derived thematic products. The study is also 
in support of the information need that was raised for the 
international environmental Convention, Carbon Cycle Science 
and Conservation of the environment. The K&C Initiative aims 
to contribute in regional scale application of the ALOS-derived 
products, of which this study will contribute to, particularly to 
support the development of the REDD+ MRV system in the 
Philippines.  

 

B. Project Area 
The study area covered by the PLR image tile in this study 

partly covers the REDD+ demonstration site in the province of 
Southern Leyte, Philippines; whilst the FBD image tile covers 
almost the whole of Southern Leyte. 

Leyte Island is located in between the geographic latitude 
of 9 – 12 degrees North and longitude of 124 – 125 degrees 
East. Southern Leyte comprises almost a quarter of the entire 
Leyte Island with a total land area of approximately 168,460 
hectares. Mt. Nacolod is located in the municipality of 
Hinunangan in Southern Leyte, which is identified as one of 
the Key Biodiversity Areas in the Philippines (KBA90) in 
accordance to the Philippine Biodiversity Conservation 
Priority–setting program. This makes Southern Leyte one of 
the priority conservation areas of the country.  

 
 
Figure 1. ALOS/PALSAR FBD and PLR frames in Leyte Island, Philippines.. 

© JAXA/METI / © Google Earth Images 
 

III. METHODOLOGY 

A. Satellite data 
Japan’s Aerospace Exploration Agency’s (JAXA) 

ALOS/PALSAR Level 1.1, 10-meter resolution image datasets 
were used in this study. Two polarization modes of 
ALOS/PALSAR were assessed: (1) quad-polarimetric with 
four polarizations HH, HV, VH, and VV (PLR); and (2) dual-
polarimetric mode with two polarizations HH and HV (FBD). 
Longer wavelength L-band SAR, such as ALOS/PALSAR, is 
suitable for forest change monitoring largely because of its 
sensitivity to vegetation [3], [4]. The FBD scene covers almost 
the whole of Southern Leyte province while the PLR scene 
covers most of the eastern part of the province including some 
parts of the REDD+ demonstration site found in the 
municipalities of Silago and Sogod, while the FBD scene 
covers most of Southern Leyte, excluding portions covering the 
municipalities of Pintuyan, Liloan, San Ricardo, San Francisco, 
Limasawa, Padre Burgos, and Macrohon, which are situated in 
the far south. In addition to the ALOS/PALSAR data, 
Advanced Spaceborne Thermal Emission and Reflection 
Radiometer Global Digital Elevation Model (ASTER GDEM) 
was used for terrain correction using the Alaska Satellite 
Facility (ASF) MapReady v.3.2 software. The image tiles were 
geocoded to Universal Transverse Mercator Zone 51 North, 
World Geodetic System 1984. 

Landsat 7 Enhanced Thematic Mapper (ETM+) 15-meter 
panchromatic band (band 8) Level 1G was used for enhancing 
reference image projection and registration. The Landsat image 
tile used was downloaded from the US Geological Survey 
website (http://earthexplorer.usgs.gov). The dataset was 
acquired in 26 March 2001, with path-row address of 113-52. 
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Figure 2. (top) ALOS/PALSAR PLR and (bottom) FBD frames in Leyte 

Island, Philippines with REDD+ pilot site boundary 
 © JAXA/METI / © Google Earth Images 

 

B. Ground data 
This study utilised the field data collected through the 

Deutsche Gesellschaft für Internationale Zusammenarbeit 
(GIZ) GmbH – Forest Resources Assessment (FRA) conducted 
in the REDD+ demonstration site in Southern Leyte. The field 
database consists of plot coordinates for each cluster 
determined using Garmin™ GPS receivers with corresponding 
land cover assessments (generally adapting the Food and 
Agriculture Organization (FAO) Land Cover Classification 
System (LCCS)). The GIZ FRA data collection concentrated 
mostly in forest areas; hence, sampling points were not 
available for non-forest classes such as built-up areas, etc. To 
improve the training data, sampling points over non-forest, 
coconut plantations and additional forest areas were collected 
from Google Earth images. 

 

C. Image decomposition and classification 
All image processing steps for information extraction was 

done in PolSARpro v.4.2. The coherency matrix [T3] and the 
covariance matrix [C2] images were extracted from 
ALOS/PALSAR Level 1.1 PLR and FBD data, respectively. 
The intermediate results were subsequently geocoded and 
terrain-corrected using ASTER 30-meter DEM. The resulting 
geocoded images needed improvement upon double-checking 
the geometric distortions and spatial information [5],[6]. These 

were addressed by co-registering the results to the Level 1G 
Landsat ETM+ 15-meter panchromatic band.  

 
Raw SAR images have inherent speckled characteristics 

because of the nature of the signal propagation of the 
microwave sensors. A 5x5 Lee filter was used for speckle noise 
reduction and edge preservation of the features [7]. 
Decomposition parameters such as Entropy (H), Anisotropy 
(A) and Alpha (α) were extracted using the H-A-alpha 
decomposition function. This is a preliminary step in the 
determination of the land cover class categories from the SAR 
data [8]. The resulting decomposed images were classified 
using the Wishart classification and (SVM) algorithm 
[9][10][11]. An initial five (5) land cover classes were used as 
training samples for classification, namely – Water/Ocean, 
Built-Up, Forest land, Agriculture and Other Surface Scattering 
(Cultivated land), Agriculture and Other Volume Scattering 
(Grassland/Shrublands). These classes follow the standard 
IPCC land use classes with the exception of the category for 
Other lands (which by definition includes other barren lands, 
that is not observed in the feature extraction). Field data 
collected for the site was limited to the forest areas. On the 
second run of the classification, a separate class for the palm & 
coconut plantations was included since forest areas in Southern 
Leyte are heavily mixed with palm & coconut plantations 
across the landscape. The training data were delineated 
manually as polygons using the graphic tool available in 
PolSARpro [12]. This can be further improved using an option 
to write a script to define training areas in the image. However, 
due to the limited time for the conduct of the study, the 
delineation of training areas were limited to the use of the 
graphic tool. 

 

IV. RESULTS AND SUMMARY 

A. Polarimetry mode 
The resulting geocoded and terrain corrected images from 

the T3 coherency matrix seen in Figure 3 has a final output 
resolution of 16.005 meters. The total landscape covered by the 
image tile amounts to 187,983.34 hectares, which also includes 
water bodies (i.e., ocean). The resulting image decomposition 
parameters extracted from the T3 coherence matrix, Entropy 
(H), Anisotropy (A) and Alpha (α), is seen in Figure 4. Five (5) 
class categories were used as training samples for the image 
classification, namely: Forest, Agriculture and other 
vegetation, Non-Forest (built-up), Inland water, and Ocean. 
The Wishart Supervised Classification classified 50.10% of 
this total area as forest areas, amounting to 94,174.90 ha. This 
made the Forest class as the most dominant land cover class. In 
the Support Vector Machine Classification result, the Forest 
class accounts for 54.25% of the total land cover, translating to 
101,984.25 ha. The resulting classified image, as seen in Figure 
6, suggests a relatively contiguous forest cover for the eastern 
part of the island. 

 

 

131 of 436



 
(a) 

 
(b) 

Figure 3. 2010 ALOS/PALSAR data showing: (a) PLR mode Pauli RGB image; (b) T3 Coherence Elements (Covariance Matrix) 
2010 © JAXA/METI 

 

 
Figure 4.  Decomposition parameters from ALOS/PALSAR PLR mode, particularly: (L-R) Entropy image; Anisotropy image; Alpha image. 
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!

!
Figure 5. (top) Cloude-Pottier diagram with coded regions based on the range of the H-alpha parameters (bottom) Cloude-Pottier diagram of the H-alpha class: 

Occurrence Plane of the PLR dataset. 
 

Table 1.   
Land cover area represented by the scattering mechanisms 

H-alpha Class Land Area (hectares) Land Area (%) 
Volume Scattering Regions 93,585.939 63.26 
Other Scattering Regions 54,350.497 36.74 

TOTAL 147,936.436 100.000 
 

 
Figure 6.  Supervised classification results from ALOS/PALSAR PLR mode with 5 classes using: (a) Wishart H-A-alpha Segmentation; (b) Support Vector 

Machine Classification 
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Table 2.   
Land area figures (in ha and %) and computed accuracies from Wishart supervised classification results of ALOS/PALSAR PLR mode using 5 classes 

 
Table 3.   

Land area figures (in ha and %) and computed accuracies from SVM supervised classification results of ALOS/PALSAR PLR mode using 5 classes 

 
 

 
Figure 7.  Supervised classification results from ALOS/PALSAR PLR mode with 6 classes using: (a) Wishart H-A-alpha Segmentation; (b) Support Vector 

Machine Classification 
 
 
 
 
 
 
 
 

PLR mode Wishart Supervised Classification Accuracy Assessment 

Categories / Class Codes Land Area (Ha) Land Area (%) Producer’s Accuracy (%) User’s Accuracy (%) 
Ocean / C1 45,098.99607 23.991 99.84 100 
Forest / C5 94,174.90214 50.097 99.45 98.28 

Non-Forest (Built Up) / C3 37,441.16897 19.917 80.61 82.29 
Agriculture & Other 

Surface Scattering / C4 
5,817.471016 3.095 77.86 76.29 

Agriculture & Other 
Volume Scattering / C2 

5,450.803556 2.900 69.65 70.30 

TOTAL 187,983.3417 100.00 Overall Accuracy 85% 

PLR mode Support Vector Machine Classification Accuracy Assessment 

Categories / Class Codes Land Area (Ha) Land Area (%) Producer’s Accuracy (%) User’s Accuracy (%) 
Ocean / C1 45,422.885 24.163 100 100 
Forest / C5 101,984.248 54.252 99.40 99.04 

Non-Forest (Built Up) / C3 24,642.620 13.109 87.63 88.69 
Agriculture & Other 

Surface Scattering / C4 
12,449.403 6.623 86.59 88.76 

Agriculture & Other 
Volume Scattering / C2 

3,484.186 1.853 97.21 93.94 

TOTAL 187,983.3417 100.00 Overall Accuracy 94% 
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Table 4.   
Land area figures (in ha and %) and computed accuracies from Wishart supervised classification results of ALOS/PALSAR PLR mode using 6 classes 

 
Table 5.   

Land area figures (in ha and %) and computed accuracies from SVM supervised classification results of ALOS/PALSAR PLR mode using 6 classes 

 
 

Due to the known landscape of Leyte Island of having 
palms and coconuts intercropped within forest areas, a second 
round of image classification was conducted to include a sixth 
additional class represented by the palms and coconuts class. 
Palms are not considered as tree species and are not considered 
as part of the forest category based on the FAO and the IPCC 
definitions. The intention of this step is to segregate the 
coconut class pixels. The results of the classification, as seen in 
Figure 7, have reduced the forest areas by as much as 50,000 
hectares. The results from the Wishart supervised classification 
for the redefined categories computed that the forest areas 
represent only 21% of the land cover, with an area of 39,163 
hectares; while the palms/coconut class represent 47% of the 
land cover, with an area of 88,773 hectares (Table 2). Using the 
SVM classification, the forest class was computed to now have 
a total land area of 60,826 hectares (32%) and the 
palms/coconut class with a total area of 58,859 hectares (31%) 
(Table 3). The results of the Wishart classification are more 
comparable to the result of the different scattering mechanisms 
observed in the landscape as seen in the Cloude-Pottier 
diagram in Figure 5 and Table 1. We observe that the highest 
concentration of points is in the high-entropy volume scattering 
region and the low entropy surface scattering region. This tells 
us that the landscape exhibits physical structures having 
vegetation covers with trees and flat surfaces comparable to 

agriculture and settlements area. This was expected since the 
parameters to compute the different scattering mechanisms 
were the same parameters that were used in the Wishart 
supervised classification algorithm. 

 
Comparing the overall percent accuracies of the results, the 

tables tell us that we can expect higher accuracies in using 
SVM classification compared to Wishart classification. It is 
also observed that the overall accuracies decreased upon the 
addition of the Palm class. In this case, it is also notable that 
even with the decreased accuracy of the results, the overall 
achieved accuracy still passed the 85% required standard for 
classification accuracy using the SVM classifier. The resulting 
classified image also demonstrated the closest resemblance in 
the observed landscape in the forest and palm areas of Southern 
Leyte. In both classifiers, two classes remain stable, Ocean 
class and the Agriculture & Other volume scattering class; 
while all other classes have demonstrated more than 2% 
change in the pixel classification. 

 

B. Fine Beam Dual Mode 
The resulting geocoded and terrain corrected images from 

the extracted C2 covariance matrix has a final output resolution 
of 11.813 meters, as seen in Figure 8. The methods and 
processing flow of the FBD dataset is almost identical to that 

PLR mode Wishart Supervised Classification Accuracy Assessment 

 Categories / Class Codes Land Area (Ha) Land Area (%) Producer’s Accuracy (%) User’s Accuracy (%) 

Ocean / C6 41,644.166 22.153 100.00 99.16 

Forest / C2 39,163.154 20.833 74.64 38.47 

Non-Forest (Built Up) / C5 4,996.888 2.658 96.52 88.40 

Agriculture & Other 
Surface Scattering / C4 

1,364.846 0.726 91.68 60.06 

Agriculture & Other 
Volume Scattering / C3 

12,041.033 6.405 66.85 82.64 

Palm & Coconut / C1 88,773.256 47.224 49.73 83.84 

TOTAL 187,983.3417 100.00 Overall Accuracy 75 

PLR mode Support Vector Machine Classification Accuracy Assessment 

 Categories / Class Codes Land Area (Ha) Land Area (%) Producer’s Accuracy (%) User’s Accuracy (%) 

Ocean / C6 41,644.166 22.153 98.86 99.95 

Forest / C2 39,163.154 20.833 84.30 89.34 

Non-Forest (Built Up) / C5 4,996.888 2.658 95.84 90.37 

Agriculture & Other 
Surface Scattering / C4 

1,364.846 0.726 82.45 82.53 

Agriculture & Other 
Volume Scattering / C3 

12,041.033 6.405 76.82 78.11 

Palm & Coconut / C1 88,773.256 47.224 79.10 76.61 

TOTAL 187,983.3417 100.00 Overall Accuracy 86 

135 of 436



of the PLR mode. However, the dissimilarities in the contained 
information are more observable in the resulting images that 
are produced for each step. The boundaries for each class 
became fuzzier and less distinct as compared to the results of 

the PLR dataset (Figure 9). It is to be expected that this will 
have some implications on extracting different land cover 
classification, which highly depends on the image 
decomposition parameters to be used.

 

 
Figure 8.  Decomposition parameters from ALOS/PALSAR FBD mode, particularly: (L-R) Entropy image; Anisotropy image; Alpha image 

 

 
Figure 9  Decomposition parameters from ALOS/PALSAR FBD mode, particularly: (L-R) Entropy image; Anisotropy image; Alpha image 

 

 
Figure 10.  Supervised classification results from ALOS/PALSAR FBD mode using Wishart H-A-alpha Segmentation with: (L) 5 land cover 

classes; (R) 6 land cover classes 
 
 
 
 
 
 
 

136 of 436



Table 6.   
Land area figures (in ha and %) and computed accuracies from Wishart supervised classification results of ALOS/PALSAR PLR mode using 5 and 6 

land cover classes 
FBD mode (Wishart 

Supervised Classification) 
Five (5) Land Cover Classes Six (6) Land Cover Classes 

Categories / Class Codes Land Area (Ha) Land Area 
(%) 

Accuracy 
(%) 

Land Area  
(Ha) 

Land Area 
(%) 

Accuracy 
(%) 

Ocean / (blue) 160,537.819 39.962 100 162,700.309 40.501 99.93 

Forest / (green) 206,739.128 51.463 88.06 157,145.935 39.118 69.37 

Non-Forest (Built Up) / 
(orange) 

10,942.548 2.724 74.32 16,041.887 3.993 96.10 

Agriculture & Other 
Surface Scattering / (yellow) 

13,195.589 3.285 27.67 11,383.684 2.834 70.02 

Agriculture & Other 
Volume Scattering / (light 

green -5 classes, light blue – 
6 classes) 

10,309.060 2.566 85.21 28,886.418 7.191 44.47 

Palm & Coconut / (light 
green) 

n/a n/a n/a 25,565.912 6.364 38.53 

TOTAL 401,724.144 100.00  401,724.144 100.00  

Overall Accuracy   
a) 75.05 

  
b) 69.74  

 

 

Although the FBD dataset offers higher pixel resolution, 
the entropy image result indicates that there is high degree of 
randomness for the majority of the image coverage. This high 
entropy is observed not just concentrated on the area of 
vegetation but for other areas as well.  

Another limitation to the FBD data is the limited functions 
in the software to process the data. Options for creating 
Cloude-Pottier diagrams are not available in the software to 
determine the different land cover types present in the 
landscape. Classification was limited to using Wishart 
supervised classification, as the SVM classifier was also not 
available for image processing. 

 
The results of the Wishart classification tell us that the 

dominant land cover type for the wider coverage of Southern 
Leyte is the forest class, which approximately comprises 40% 
to 50% of the entire image scene. Based on the resulting 
classified image in Figure 10, this suggests a very contiguous 
forest structure for the province, which is not realistically 
consistent. The forests in the province of Southern Leyte have 
patches and fragments of palms and coconut plantations that 
are intercropped with the naturally growing tree species. 
Although based on numerous field visits and validation, there 
are still areas of intact forests and advanced second growth 
forests, but these are still unlikely to be contiguous blocks. The 
achieved accuracies for the classification of both the five (5) 

classes suggest that the dataset is having some challenges in 
separating the non-forest, agriculture (surface scattering) and 
agriculture (volume scattering), where the computed accuracies 
are 74.32%, 27.67% and 85.21%. The resulting image also 
shows that there is oversampling of the forest class. This is 
expected due to the resulting decomposition images observed 
in Figure 8, which shows particularly high Entropy values 
suggesting low coherency of the signal. With the classification 
results using six (6) classes, it was observed that the accuracies 
for the non-forest class and the agriculture (surface scattering) 
have increased, while the accuracies for all the vegetation 
classes under volume scattering have decreased. This has 
significantly decreased the overall accuracy from 75.05% (5 
classes) to 69.74% (6 classes).  

 

C. Comparison of PLR and FBD Results 
With the two (2) different acquisition modes, it was 

observed that the depth of image interpretation relies heavily 
on the different elements that can be analysed by the 
processing system. In this case, the PLR mode performs better 
in terms of delineating different land cover types as seen in 
Table 7. The PLR data set was able to distinguish the 
separation between forest and non-forest more realistically 
than the FBD data set. 
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Table 7.   
Computed accuracies from Wishart supervised classification and SVM classification results of ALOS/PALSAR PLR mode using 5 and 6 land cover 

classes for PLR and FBD acquisition modes. 
 c) Wishart Supervised Classification d) SVM Classification 
 e) 5 Classes f) 6 Classes g) 5 Classes h) 6 Classes 

i) Categories j) PLR k) FBD l) PLR m) FBD n) PLR o) PLR 

p) Ocean q) 99.84 r) 100.00 s) 100.00 t) 99.93 u) 100.00 v) 98.86 

w) Forest 
99.45 

x) 88.06 y) 74.64 z) 69.37 aa) 99.40 bb) 84.30 

cc) Non-Forest 
dd)  (Built Up) 

ee) 80.61 ff) 74.32 gg) 96.52 hh) 96.10 ii) 87.63 jj) 95.84 

kk) Agriculture/ 
ll) Inland Water 

mm) 77.86 nn) 27.67 oo) 91.68 pp) 70.02 qq) 86.59 rr) 82.45 

ss) Agriculture/ 
tt) Other 
Vegetation 

uu) 69.65 
2.57 

vv) 66.85 ww) 44.47 xx) 97.21 yy) 76.82 

zz) Palm/Coconut aaa) n/a bbb) n/a ccc) 49.73 ddd) 38.53 eee) n/a fff) 79.10 

ggg) TOTAL hhh) 85% iii) 75% jjj) 75% kkk) 70% lll) 94% mmm) 86% 
 
 

The results of the classification using the 5 land cover 
classes using the Wishart Supervised Classification, for both 
the PLR and FBD detect a forest cover of around 50% - 55%, 
which can be true for the total vegetation cover of the area. 
This is also consistent with the result of the total area for the 
volume scattering as seen in Table 1. The results using the 6 
land cover classes for both modes have decreased the forest 
cover to around 39% to give way for the palm & coconut 
class.  

The following land cover types dominate the landscape: for 
the PLR mode, the landscape is dominated by forest areas 
comprising almost 75% - 80% and built-up areas with 
approximately 13% - 20% of the image scene using the 5 
classes for both Wishart Supervised Classification and 
Support Vector Machine. Adding the palm/coconut class, the 
forest class was reduced to 21% - 32% in both the 
classifications.  

The dominant scattering mechanism in the landscape, as 
observed in the Cloude-Pottier Diagram of the PLR mode 
(Figure 4), is determined to fall under the volume scattering 
regions that refer to the forest and palm/coconut areas in the 
image. Just as forest varies in biomass based on the presence, 
absence and growth of tree stands, radar backscatter also 
depends on the physical structure of the targets, in this case 
vegetation, rather than the type of tree present in the site. 

 

V. CONCLUSION 
The ALOS/PALSAR datasets have been demonstrated to 

perform well in mapping forest and non-forest areas. The 
classification results achieved acceptable overall accuracies for 
both PLR and FBD datasets. SVM technique for classifying 
PLR datasets was found to be advantageous for sites that have 
minimal training data points as it can still be used categorize  

 
 
and make generalizations. This is in contrast to the FBD 
dataset that need more training samples to effectively 
distinguish the different land cover types. The PLR dataset 
offers more flexibility in the approaches to information 
extraction with the option to use backscatter mechanisms to 
interpret the decomposed images and classifications; while the 
FBD dataset offer higher resolution and wider area coverage, 
but with lesser flexibility in data processing and image 
interpretation using the PolSARpro software. Results of the 
image datasets processing can be further improved with the 
availability of more intensive sample data for training and by 
defining more detailed land cover categories. This study 
showed that ALOS/PALSAR could be a viable alternative data 
source of earth observation data for purposes of Forest/Non-
Forest cover mapping and land cover mapping. 

For developing national REDD+ MRV systems, one of the 
considerations should be the level or scale of measurement and 
categorization. For Tier 1, information on forest area change is 
required, of which analysis of multi-temporal ALOS/PALSAR 
datasets can provide. For this tier, it requires countries to 
produce information on activity data as indicated by the 
changes in the forest areas of the proposed REDD+ site. This 
study demonstrated that delineation of forest area and non-
forest area is possible and can be explored in multi-year image 
processing and analysis. Tier 2 requires information for 
monitoring changes among land cover categories, such as the 
IPCC broad land use classes. ALOS/PALSAR can still be 
utilised and can produce acceptable results. In this study, it was 
ascertained that areas where field data has been collected, such 
as for forest area classes through the Forest Resources 
Assessment, accuracies were found to be acceptable for forest 
cover change monitoring. Improvement on the classification 
and accuracies of the transition and other vegetation classes 
could be improved with more extensive set of training and 
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validation data involving field data collection across all target 
land cover categories to be mapped; and more exhaustive 
feature extraction/classification techniques on the image 
processing algorithm. 

The ALOS/PALSAR FBD mode can be more suitable for a 
nationwide or wall-to-wall land cover assessment with a small 
trade-off in terms of overall accuracy compared to the PLR 
mode. PLR mode, on the other hand, could be a costly option 
for wall-to-wall mapping of the whole country, as the coverage 
per scene is too narrow, however higher overall accuracy can 
be obtained for Forest/Non-Forest or land cover discrimination. 
PLR mode will be more suitable for targeted assessments and 
monitoring of REDD+ activities at the sub-national or project-
level. 
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Abstract—This study aims to develop a land cover 
classification scheme applicable to the series of ALOS 
PALSAR HH-HV dual polarized imageries with 25m ground 
resolution acquired in 2007 – 2010 of the upper Marikina 
watershed. From the raw polarization bands, additional 
bands HH/HV and NL was computed for surface texture 
normalization. The land cover classification used was based 
on texture analysis using grey level co-occurrence matrix 
(GLCM) with parameters of mean, variance and angular 
second moment to measure feature statistics for 
classification extraction. Varied window size bands from 3x3 
to 29x29 in odd series were produced with these texture 
bands. Using Support Vector Machine (SVM) for land cover 
classification, each texture–window size band classification 
accuracy was computed and yielded an initial result that 
peaks at 78% to 81% observable stability on the NL band on 
window sizes 15 to 29. With this, a permuted window size of 
2,744 texture–window size bands were produced for NL 
band and were subjected to SVM classification. 
Classification accuracy results yielded 85.49%, 95.91%, 
87.86% and 87.49% for years 2007, 2008, 2009 and 2010, 
respectively. As a result, high dependence on both mean and 
variance as a function of texture-window size band was 
observed. Classified texture-window size bands with high 
accuracy assessment have large window sizes that cause 
generalization of the land cover classification. 
 
Index Terms—ALOS PALSAR, K&C Initiative, Images 
Texture Analysis, Grey Level Co-occurrence Matrix, Land 
Cover Classification, Change Detection 
 

I. INTRODUCTION 

A. Radar Polarimetry  
The use of radar polarimetry gives advantage over the 

optical satellite imageries since it has the capability to 
capture the surface’s dielectric constant, slope and 
directionality. Its radar function also allows observers to 
acquire periodic cloud free imageries independent of 
acquisition time. 

The polarization information contained within the 
waves backscattered from a surface is highly dependent 
on the geometrical structure, shape and orientation of the 
target. The radar antennas can be configured to transmit 
and receive horizontally or vertically polarized 
electromagnetic radiation. It can also either have co-
polarized (e.g. HH and VV) or cross-polarized (e.g. HV 
and VH) configuration, with each orientation capable of 
extracting different information from the surface. Co-
polarized configuration is capable of distinguishing 
physical structure that emits Braggs scattering, such as 
ocean or bare soil. On the other hand, cross-polarized 
configuration can distinguish volume scattering produced 
by surfaces such as vegetation or forest.  

B. Grey Level Co-occurrence Matrix 
Aside from the information drawn from 

polarization, texture data is an important characteristic of 
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satellite imagery as well. It gives information on the 
surface spatial pattern, arrangement and variation of 
ground features. The use of GLCM defines the brightness 
value distribution per window size of the image [1, 4]. 

II. PROJECT DESCRIPTION 

A. Project Objectives 
This study aims to develop a texture-based 

classification scheme for a series of radar imageries that 
were consistently generated. This data set is already 
radiometric, geo-located and terrain corrected. This study 
also intends to understand and monitor the dynamics of 
land cover at a higher temporal frequency that are not 
possible with optical imageries. 

B. Study Area 
The Upper Marikina watershed is located at the north-

eastern part of the province of Rizal, bound between 
coordinates 14° 50’ to 14° 34’ latitude and 121° 7’ to 
121° 19’ longitude. It is located within 5 municipalities of 
Rizal province, namely Rodriquez, Antipolo, Baras, San 
Mateo and Tanay. Its main land cover features are forest, 
bare soil, built up and grassland. As of January 2012, its 
26,125 hectares, out of the total 67,408 hectares, of land 
was declared a protected area by the national government 
under the Presidential Proclamation no.296. This was 
proclaimed after the catastrophe caused by tropical storm 
Ondoy (international name Ketsana) in September 2009.  

The watershed’s forested river basin is important as 
the area’s first line of defense against water surging such 
as that which happened during tropical storm Ondoy. The 
Presidential Proclamation of the Marikina watershed 
coincides with the DENR project of massive reforestation 
to increase the basin’s absorption capacity. To aid the 
monitoring of this new protected area, this study also 
aspires to develop a weather-independent monitoring 
system for the upper Marikina River Basin Protect 
Landscape.  

III. METHODOLOGY 

A. Data Set 
Japan Aerospace and Exploration Agency’s (JAXA) 

ALOS Phased Array type L-band Synthetic Aperture 
Radar (PALSAR) acquisition plan opened the opportunity 
for stable terrestrial observation through its periodic and 
consistent acquisition plan that minimizes temporal bias. 
For this particular paper, ALOS PALSAR 25m mosaic 
HH+HV dual polarization images from 2007-2010 were 
used for land cover classification over the area of Upper 
Marikina Watershed, Luzon, Philippines. It was in 
ascending mode during the time of acquisition and had an 
off-nadir angle of ~41.5 degrees. Its swath and resolution 
were 70km and 25m, respectively.  

A series of mosaic ALOS PALSAR terrain-corrected 
HH-HV dual polarized images was used to develop the 

texture-based classification scheme. This has a nominal 
ground resolution of 25m. There are 4 ALOS PALSAR 
imageries in this series dating from 2007 to 2010, each 
taken once a year: 
I. September 21, 2007 
II. August 2, 2008 
III. June 26, 2009 
IV. August 14, 2010 

These ALOS PALSAR data sets were georeferenced 
with an ALOS AVNIR imagery (February 2, 2010) for 
pre-processing.  

From the raw bands of HH and HV, additional 
derivative bands were computed to normalized surface 
texture (NL band) [2]. These bands are:  
I. HH/HV 
II. !" = !!∗!"

!!_!"  

B. Texture Bands 
From the assumption that SAR land cover 

classification is highly dependent on the texture 
characteristics of the surface, these 4 polarimetric bands 
were subjected to GLCM process with texture variables of 
mean, variance and angular second moment. For each 
texture variables, varied window sizes of odd series from 
3x3 to 29x29 were generated which then produced 42 
texture bands per polarimetric band. 

The 42 texture bands were permuted to form sets of 3 
texture bands to produce texture-window size bands 
(TWS bands) with arrangement of TWS band (mean, 
variance, angular second moment). This produces a total 
of 2,744 TWS bands per polarization bands. 

C. Classification 
From the available dataset, classes for Region of 

Interest (ROI) were set at the first-degree classification 
level, which is composed of forest, grassland, bare soil 
and built up. For each class, at least 500 pixels were used 
as training set.  

These ROIs were fed into the TWS bands for 
supervised classification using SVM [3]. SVM 
classification was selected against maximum likelihood to 
process the TWS band due to its capability to separate 
non-linear classes by using higher dimension through a 
Kernel function. It also uses penalty parameter during the 
classification that accounts errors [1].  

The classification error matrix was manually 
interpreted among the classified images with high 
accuracy. Accuracy assessment was computed using 10%, 
25% and 100% of the ROI training set. This was done to 
observe consistency of the classification accuracy 
computation with varying number of the sampling set.  

D. Change Detection 
For every year, a classified TWS band with the 

highest accuracy assessment (for 100% sampling) was 
selected for change detection against the following year’s 
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highest accuracy assessment. These 3 pairs are: 2007 and 
2008; 2008 and 2009; and 2009 and 2010.  

IV. RESULTS AND DISCUSSION 

A. Classification  
Accuracy assessment results from the classified TWS 

bands with window size held constant for 3 texture 
variables show that the HV band (60% to 88%) has an 
increasing trend while there are unstable accuracy results 
for both HH and HH/HV bands. Stable accuracy was 
observed only at NL (58% to 80%) band on window sizes 
15 to 29 with accuracy that peaks at ~ 78% to 81% 
(Figure 1.1). Initial assessment of the classification results 
indicates stability of normalized band NL.  

 
With the initial results, the classified TWS bands of 

NL polarimetric band for 2007-2010 were generated 
together with its accuracy assessment as seen in figure 
2.0. The results show that the accuracy of the classified 
TWS bands is strongly dependent on variance and angular 
second moment texture variables. This dependence is not 
linear as seen in the contour maps graphed as variance vs. 
angular second moment. Figures show that high 
classification accuracy falls, in general, in larger window 
sizes. This is due to generalization of land cover 
classification. The small regions of land cover are 
considered outliers on larger land cover class and thus are 
misclassified.  

Figure 1. ALOS AVNIR and PALSAR dual polarization HH-HV data set (from left to right: HH; HV; HH/HV; NL) 

Figure 2. The classified TWS bands' accuracy vs. fixed window size graph show the stability of TWS bands with the NL derived polarization band over the 
window sizes 15x15 to 29x29, with accuracy ranging from 58% to 80% 
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The elevation variable seen in figure 3.0 shows the 
mean texture. As observed, the mean texture variable does 
not draw a linear relationship with the accuracy.  

Anomalies are assumed to be contributed by the error 
of commission introduced by misclassification among 
land covers. Factors considered to lead to land cover 
misclassification are insensitivity of the land cover type 
for large window sizes and surface texture characteristics 

such as misclassification of built-up to forest due to 
volume scattering. 

 
  

Figure 3. The figure shows a contour map with variance vs. angular second moment parameters. The elevation shows the mean texture parameter. NL bands 
texture-window size band accuracy assessment shows its high dependence in the texture variables variance and angular second moment. 
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Table 1 .The change detection statistics highly pronnounce the land cover change forest to other land cover class. 

Table 2 .The change detection statistics highly pronnounce the land cover change forest to other land cover class. 

 Built up Forest Grassland Bare Soil 
 km2 % km2 % km2 % km2 % 
Sept 2007 – Aug 2008 
Built up 54,076.88 62.921 4,024.38 1.993 30.63 0.014 2,903.75 1.902 
Forest 27,013.75 31.432 129,253.13 64.01 55,066.25 25.427 19,593.75 12.833 
Grassland 3,136.25 3.649 67,623.13 33.489 152,797.50 70.556 52,194.38 34.186 
Bare soil 1,717.50 1.998 1,025.63 0.508 8,668.13 4.003 77,987.50 51.079 
Aug 2008 – June 2009 
Built up 56,745.63 92.971 32,292.50 13.984 3,576.25 1.297 6,438.75 7.202 
Forest 2,978.75 4.88 114,056.88 49.391 73,497.50 26.654 316.25 0.354 
Grassland 238.13 0.39 82,606.25 35.772 181,048.75 65.657 23,908.13 26.743 
Bare soil 1,073.13 1.758 1,971.25 0.854 17,628.75 6.393 58,735.63 65.701 
June 2009 – Aug 2010 
Built up 33,836.88 34.16 5,713.75 2.994 598.75 0.208 8.75 0.011 
Forest 32,700.00 33.013 121,643.75 63.738 63,902.50 22.204 789.38 0.994 
Grassland 6,871.25 6.937 62,775.63 32.893 188,476.88 65.489 13,153.75 16.565 
Bare soil 25,645.00 25.89 716.25 0.375 34,823.13 12.1 65,456.88 82.43 

 
 

Figure 5. The change detection was done in 3 pairs: 2007 and 2008 (figure 5a); 2008 and 2009 (figure 5b); and 2009 and 2010 (figure 5c) 
 

Figure 4. Above is the result of land cover classification from 2007 to 2010 (from left to right) 
Legend: Bare Soil = White; Built-up = Yellow; Forest = Sea Green; Grassland = Green 

a b c 
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B. Change Detection  
The change detection was done in 3 pairs of classified 

images: 2007 and 2008; 2008 and 2009; and 2009 and 
2010.  

The series of change detection analysis yielded 
consistent results. As observed, there are illogical 
transitions of land cover change: built-up to forest, 
grassland to forest and bare soil to forest. These illogical 
transitions are rooted from the misclassification of the 
TWS bands. 

The annual land cover change is observable especially 
in built-up and forest areas. A drastic change can be seen 
in the forest cover of the watershed: From the assessed 
~129,253km2, based on 2007 ALOS PALSAR image, the 
forest cover was converted to other land cover types 
leaving ~121,643km2 of forest cover measured using the 
ALOS PALSAR 2010 image. Approximately 42,031km2 
of the 2007 forest covered area was converted into built-
up.  

V. CONCLUSION 
The use of the texture-based classification scheme for 

a series of ALOS PALSAR imageries yields accuracy 
with, with the highest in years 2007, 2008, 2009 and 2010 
of 85.49%, 94.91%, 87.86% and 87.49%, respectively. 
Given that the reference image of the ALOS PALSAR 
images is the ALOS AVNIR-2, acquired in February 
2010, the anomaly in the higher accuracy for 2007, 2008 
and 2009 compared to 2010 was due to the 
misclassification caused by error of commission. 
Elements that are considered to have lead to the 
misclassification of the land cover are insensitivity 
of large window sizes to land cover type and surface 
texture characteristics. These lead to the 
generalization of the land cover classification and 
illogical land cover transition for the series of 
change detections.  
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Figure 13. Forest-non forest classification result in the part of Jambi and South Sumatra Province using Random Forest classifier. 
 

Table 4. Confusion matrix of forest-non forest classification using Random Forest classifier. 

     Reference 
          Data 
 
Classified 
Data 

Forest Non Forest Water User’s  
accuracy 

Forest 8292 431 0 95.06 
Non-Forest 322 5980 0 94.89 
Water 0 0 1583 100.00 
Producer’s  
accuracy 

96.26 93.28 100.00  

 Overall accuracy:  95.46% Kappa Coefficient:  0.9207 
 

 
3.3 Forest loss map of Sumatra (2007~2008, 2008~2009, 

2009~ 2010) 

Forest loss maps were generated by applying a simple 
thresholding method as shown in Figure 5. The forest loss map 
of Sumatra Island for year 2007~2008, 2008~ 2009, and 
2009~2010 are presented in Figure 14. In these experiments, 
three threshold values were applied, i.e., -1 dB, -2 dB, and -3 
dB.  

Detailed analysis of the results is conducted on the 
boundary between Harapan Rain Forest and oilpalm plantation 
as presented in Figure 15. The PALSAR data for each year are 
shown on the top of the figure, while the results of forest loss 
detection are shown on the bottom of the figure. From this 
figure, it can be seen that the clear-cut area and its expansion 
can be detected using threshold greater than -1dB. In general, 
with a larger threshold value ( -2 dB or -3 dB), the more 
confident detection results will be obtained, while small 
threshold value will cause too many small-scale changes at 
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non-forest area are also detected as forest loss area. For the 
time being, we still difficult to determine the most optimal 
threshold due to the lack of field data for each year. In Figure 

16, the forest loss map is overlaid with forest-non forest map 
(year 2010) in the part of Jambi and South Sumatra Province. 

 
 

 

 

 

 

 

 
 
 

 
 

      

a) 2007~2008  b) 2008~2009  c) 2009~2010  

Figure 14. Forest loss detection results of Sumatera. 

 

 

 
 
 
 
 
 
 
 
 

 

Figure 15. Forest loss near Harapan Rain Forest Area. 
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Figure 16. Forest-non forest map (year 2010) and forest loss (year 2007 ~ year 2010) in the part of Jambi and South Sumatra Province. 
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IV. CONCLUSION 
ALOS PALSAR 25m mosaic data proved having great 

potential for the generation of land cover map, forest-non forest 
map, and forest loss map in Sumatra island, Indonesia and then 
can be utilized as one of basis information to support forest 
carbon tracking in this area. In this study, land cover map and 
forest-non forest map were experimentally generated using 
non-parametric classifier, i.e. Support Vector Machine (SVM) 
and Random Forest (RF).  

In our experiment, we combined SVM and RF with a 
training samples selection and evaluation technique by 
identifying its position in a HV-HH feature space in order to 
minimize the presence of outliers in the training samples and to 
increase inter-class separabilities. There were nine different 
classes discriminated: forest, rubber plantation, mangrove & 
shrubs with trees, oilpalm & coconut, shrubs, cropland, bare 
soil, settlement, and water. In our study area (the part of Jambi 
and South Sumatra Province), overall accuracy of 87.79% 
using SVM and 88,93% using RF were obtained, with 
producer’s   accuracies   for   forest,   rubber   plantation,   mangrove  
& shrubs with trees, cropland, and water class were greater 
than 92%.  

Furthermore, it has been shown that both SVM and RF 
gave better results compared with maximum likelihood 
classifier (3.47% ~ 4.61%). Although SVM and RF did not 
produce significantly better result than the Maximum 
Likelihood classifier, it provided less omission error (or higher 
producer’s  accuracy)  in  classifying forest, mangrove & shrubs 
with trees, oil palm & coconut than Maximum Likelihood 
classifier. This distinction may be important for future studies 
especially in monitoring forest and non-forest area and its 
change in Indonesia, for example due to area extension of oil 
palm plantation. 

Forest-non forest classification maps were generated by 
class aggregation of land cover classification result. Overall 
accuracy 95.46% can be achieved, with forest, swamp forest, 
and mangrove were consistently categorized as forest, while 
oilpalm plantation was consistently categorized as non-forest. 

Using multi-temporal PALSAR data, forest loss detection 
can be identified using HV backscatter changes (decrease more 
than 1 dB). Forest loss detection using simple thresholding 
method developed by JAXA can fairly provide consistent 
result, although we still difficult to determine the most optimal 
threshold due to the lack of field data for each year. 

Our future work will focus on using other additional input 
features such as image texture or optical data. This can 
overcome the limitation of the current method to discriminate 
swamp forest, acacia, shrubs, and mangrove with natural forest 
and can help to further improve the classification performance. 
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Abstract — In this paper, the use of multi-frequency 
intensity and interferometric phase – coherence and 
height – is shown in three studies. In a first part, it is 
demonstrated that the appropriate selection and the 
adequate integration of multi-annual, seasonal and 
multi-sensor data acquired at different frequencies and 
spatial resolutions – in this case ALOS PALSAR-1, 
ENVISAT ASAR, and Cosmo-SkyMed – allow the 
generation of accurate and consistent products (for 
instance forest area, cultivated area, land cover map) at 
national scale. Moreover, it is shown that i) the use of 
multi-temporal SAR (Synthetic Aperture Radar) data is 
not only essential for the data analysis, but it is conditio 
sine qua non for the achievement of high quality speckle 
filtered intensity data; ii) the combination of different 
processing techniques enhances the product accuracy; 
iii) the use of complementary and redundant data 
consents to perform a highly automated end-to-end data 
processing. In a second part, preliminary results in 
boreal region on forest height estimation based on 
interferometric repeat-pass ALOS PALSAR-1 and 
bistatic TerraSAR-X data are presented. Even if a 
deeper analysis and more terrestrial measurements are 
necessary in order to draw solid conclusions, it becomes 
evident that baseline and especially vegetation phenology 
play a key role for height estimation, particularly at X-
band.       
   

Index Terms — Multi-annual, multi-sensor, SAR, data 
fusion, forest, agriculture, land cover map, forest height. 
 

I. INTRODUCTION 
Remote sensing based land cover maps incorporating cover 
types characterized by significant spatial-temporal dynamic 
– for instance wetlands, agriculture, grassland – should 
always consider the use of multi-annual and/or seasonal 
data, as far as possible, regularly acquired. Today, the only 
operational sensors fitting these stringent requirements are 
the low and medium resolution ones, i.e. sensors acquiring 
on a daily basis at spatial resolutions ranging from 1000 
(low) to 250 (medium) meters. High (10 to 30m resolution) 
to very high (<10m) spaceborne sensors, unfortunately, do 
not provide continuous systematic acquisitions (except the 
Landsat mission), hence limiting the analysis in temporal 
and spatial terms.  An advisable approach, particularly for 
agricultural applications, is the integration of SAR high 
resolution with optical medium resolution data [1,2]. This 
solution allows: 

� to overcome the spatial-temporal problem, hence 
assuring an appropriate temporal repetition at an 
adequate spatial scale over large areas; 

� to provide an operational monitoring that is sensor 
independent and based on data redundancy.  
 

An extension of this approach is provided in [3], where 
multi-annual and seasonal multi-frequency high resolution 
SAR data are combined with 1-day interferometric very high 
resolution one. This solution is primarily meant for those 
regions, particularly in Africa, where the landscape is highly 
fragmented.   
 

In this paper, the focus is on the exploitation of multi-annual 
and seasonal archive data acquired from ALOS PALSAR-1, 
ENVISAT ASAR, and Cosmo-SkyMed for land cover 
mapping at national scale. The proposed methods  will be 
demonstrated in two countries: The Gambia (Section II), 
where the purpose is to establish a national baseline Land 
Cover Map (LCM) including the main land cover types, and 
Malawi (Section III), where the target is to provide 
consistent forest and agricultural area (i.e. the effective 
cultivated area during the raining season) maps at national 
scale. The second part of the paper investigates the 
estimation of forest height in boreal region in Russia by 
using of spaceborne interferometric 46-days L-band and 
bistatic X-band data (Section IV). Overall conclusions are 
provided in Section V. 
 

II. THE GAMBIA 
A. Method 
The data processing flow can be divided into two distinct 
steps. The first one converts the multi-temporal SLC data 
into terrain geocoded backscattering coefficient (V°). In the 
second step the different products are generated. 
 
A.1  SAR Data Processing 
It is essential that ALOS PALSAR-1, ENVISAT ASAR, 
Cosmo-SkyMed time-series have appropriate acquisition 
modes and they are rigorously processed. For this reason 
SAR data are selected according to the most suitable 
acquisition geometries, modes, and crop season periods. In a 
second step, Single Look Complex (SLC) data are converted 
into terrain geocoded backscattering coefficient (V°) by 
means of: 
 

� Strip mosaicing of single frames in slant range geometry 
and multi-looking; 

� Grouping of the strip mosaics acquired with the same 
geometry;  
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� Digital Elevation Model (DEM) based orbital correction;  
� Co-registration including DEM;   
� De Grandi time series speckle filtering;  
� Terrain geocoding, radiometric calibration and 

normalisation;  
� Anisotropic Non-Linear Diffusion filtering; 
� Strip mosaicing (along azimuth); 
� Filtering of atmospheric attenuations, particularly at X-

and C-band data in the rainy season where intense 
localised events can contaminate the image.  

 
A.2  Multi-annual Multi-sensor Approach 
Looking at the ENVISAT ASAR data archive, it 
immediately appears evident that SAR data have been 
irregularly acquired, therefore preventing their use on an 
annual basis. On the contrary, ALOS PALSAR-1 data have 
been systematically acquired only in given periods of the 
year. This typical temporal coverage data status leads to a 
multi-annual approach as already proposed and 
operationally performed in [2]: a pseudo-annual time-series 
with a relatively high temporal occurrence is created by 
combining all years of ENVISAT ASAR observations into 
one synthetic year. In this case, a pseudo-annual time-series 
is built for each sensor and acquisition mode, i.e. ASAR 
Alternating Polarization (AP, HH/HV), PALSAR-1 Fine 
Beam Dual (FBD, HH/HV), ASAR Wide Swath (WS, HH), 
PALSAR-1 ScanSAR (SS, HH). Here, instead to exclusively 
analyse the seasonal and annual rice signatures as done in 
[2], for each mode, frequency, and polarization, following 
temporal features are computed: 
 

� minimum Vo during the dry season (pre-crop); 
� mean Vo during the dry season (pre-crop); 
� maximum Vo during the wet season (in-crop); 
� mean Vo during the wet season (in-crop); 
� span Vo (difference between maximum and minimum). 
   

Note that these temporal features are not at all casual, but 
they have a clear meaning with respect to the vegetation 
phenology and the radar backscatter at these wavelengths 
[2].  
 

The final step is to generate from the temporal features the 
national baseline LCM. Furthermore, in order to 
demonstrate the usefulness and the higher level of detail 
achievable with an adequate data synergy, the following 
products have been obtained by means of a hierarchical prior 
knowledge-based classifier:   
 

1. National agricultural extent at 100m based on multi-year 
ASAR WS: input temporal features are mean Vo C-HH 
pre-crop, max Vo C-HH in-crop, span Vo C-HH. 

2. National agricultural extent at 100m based on multi-year 
ASAR WS and PALSAR-1 SS: input temporal features 
are mean Vo L-HH pre-crop, mean Vo C-HH pre-crop, 
span Vo C-HH. 

3. National LCM at 15m based on multi-year ASAR AP 
and PALSAR-1 FBD: input temporal features are mean 

Vo L-HV pre-crop, mean Vo C-HH pre-crop, span Vo C-
HH.         
 

A.3  Seasonal LCM 2013 
When remote sensing time-series are acquired on a regular 
basis and tuned according to the crop season period and 
agro-management, then the achievable information is not 
only the cultivated area, but also the occurrence of crop 
practices and plant development (when and where fields are 
prepared and the crop growth status).  These products are 
generated based on the known temporal relationship 
between the radar backscatter and crop phenology by 
considering the different wavelengths and polarizations but 
also crop practices and seasonal lengths [2,3]. Here, instead 
to exclusively consider a single signature as done in [2], 
temporal features of the main land coverage – i.e. rice, 
agriculture, forest, water, etc. – have been derived from the 
SAR time-series and used in a hierarchical prior knowledge-
based classifier. 
 
B. Data Sets 
Following data sets have been used: 
 

� 17 ALOS PALSAR-1 SS scenes (350x350km, 100m) 
irregularly acquired from 2006 to 2010. 
 

� 21 ENVISAT ASAR WS scenes (400x400km, 100m) 
irregularly acquired from 2004 to 2006. 
 

� 156 ALOS PALSAR-1 FBD scenes (70x70km, 15m) 
regularly acquired during given periods of the year from 
2007 to 2010. 
 

� 280 ENVISAT ASAR AP scenes (100x100km, 15m) 
irregularly acquired from 2003 to 2010. 

 

� 11 Cosmo-SkyMed Stripmap scenes (40x40km, 3m) 
regularly acquired from May to December 2013. 

 
C. Ionospheric Effects on ALOS PALSAR-1 Data 
Ionospheric effects in the equatorial region observed in the 
L-band data, as shown in Figure 1, are well known [4].  
 

 
 

Figure 1: Example of ionospheric effects on geocoded ALOS-PALSAR-1 
HH intensity (detail). 
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Due to the significant (several dB) and not systematic 
radiometric distortions, no attempts have been done to 
correct them. This will be the subject of a separate study.  
Although these data have not been considered in the product 
generation, an analysis – by visually inspecting the images – 
regarding the percentage of corrupted data has been carried 
out. The purpose is to quantify and to identify possible 
temporal trend for all FBS and FBD acquisitions in the 
period January 2007 to April 2011. The outcome of this 
analysis is illustrated in Table 1.   
 

 
 

Table 1:  Corrupted (marked as not OK, no refers to the total amount of 
data) ALOS PALSAR-1 FBS and FBD data over The Gambia. 
*The ALOS PALSAR-1 mission ended in April 2011. 

 
The amount of corrupted data is significant. On average, 
around one fourth of the FBS and FBD data (all night 
acquisitions) are affected. Moreover, a clear trend is 
identifiable over the five years: the less corrupted data are 
images acquired from June to August (none in June and 
July), while the most degraded ones are those acquired from 
September to November, January and April.  
 
D. Results and Discussion 
Due to the large data amount, the time consuming 
processing, and the high automation level of the end-to-end 
processing chain, the data processing and products 
generation are performed using a low cost, high performing 
cluster solution. Note that all algorithms have been 
implemented to fully exploit the processor characteristics, 
and the number of PCs of the cluster solution can be 
extended according to the data amount and/or requested 
product generation time. 
 
Figures 2 to 4 illustrate, in sequence, the obtained inter-
mediate (in form of color composites) and the LCM: 

 

1. Countrywide multi-year PALSAR-1 FBD and ASAR AP 
color composite at 15m and corresponding national 
baseline LCM (Figure 2). The white box indicates the 
40x40km Cosmo-SkyMed Stripmap area acquired during 
the crop season 2013. The color composite has been 
generated by combining the mean Vo L-HV pre-crop 
(red), the mean Vo C-HH pre-crop (green), and the span 
Vo C-HH (blue). The agricultural area appears blue, due 
to the large difference at C-HH between the Vo maximum 
(high roughness and high moisture content of the crop 
plant during the rainy season) and Vo minimum (bare soil 
condition during the dry season) in the pseudo-annual 

time-series. Note that the C-band data have been 
preferred to the L-band, for two reasons: i) the PALSAR-
1 FBD acquisition dates during the wet season are not 
suitable (too early or too late in the crop season); ii) at 
longer wavelengths, short plant crops  tend to be 
transparent. Consequently, the agricultural area would 
have been considerably underestimated. Mangroves are 
very well detectable in bright yellow (high red – 
corresponding to a strong L-HV radar backscatter – and 
high green values – corresponding to a strong C-HH 
radar backscatter) particularly during the dry season, 
when the emerging tree trunk part significantly 
contributes to the radar backscattering (double bounce). 
Forest is also clearly distinguishable (dark red-orange-
dark yellow), mainly due to the L-HV contribution: it is 
well known that the radar backscatter at this frequency 
and polarization is positively correlated with above 
ground biomass. In general, by visually comparing the 
color composite with the obtained LCM, a high 
correspondence is remarkable.  
 

2. Detail of Cosmo-SkyMed Stripmap color composite 
acquired during the crop season 2013 (Figure 2 top) and 
corresponding seasonal LCM (bottom). The remarkable 
color composite quality and the high level of detail of the 
obtained LCM demonstrate, on one hand, the importance 
of the use of very high resolution data in small plot 
agriculture [6]; on the other hand, the advantage in using 
large multi-temporal stacks (11 images), where the 
adoption of a multi-temporal speckle filter considerably 
enhances the signal-to-noise ratio (i.e. it significantly 
reduces the speckle effect). Moreover, since Cosmo-
SkyMed data have been regularly acquired along the 
whole crop season, the crop growth evolution 
(intrinsically indicating the main crop types) can be 
assessed. In Figure 2 centre, dark blue and red 
correspond to rainfed and irrigated rice, cyan to millet, 
sorghum, and groundnuts (all showing the same radar 
signature at this frequency).   

 

3. Countrywide multi-year ENVISAT ASAR WS color 
composite at 100m (Figure 4 top – max Vo HH in-crop 
=red, span Vo HH=green, mean Vo HH pre-crop=blue) 
and corresponding agricultural extent (second from top); 
countrywide multi-year ALOS PALSAR-1 ScanSAR 
and ENVISAT ASAR WS color composite at 100m 
(Figure 4 third from top – mean Vo L-HH pre-crop =red, 
mean Vo C-HH=green pre-crop, span Vo C-HH=blue) and 
corresponding agricultural extent (bottom). These four 
products have been additionally and exclusively 
generated, in order to demonstrate that irregularly 
acquired data and limited to one frequency (C-band in 
the first case) considerably under- or over-estimates (this 
case) agriculture. These problems are definitely reduced 
when a complementary frequency is additionally 
considered. However, the limited spatial resolution and 
the data amount – particularly during the period of 
interest – affect the product accuracy. 
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Figure 2: Countrywide multi-annual ALOS PALSAR-1 FBD and 
ENVISAT ASAR AP color composite at 15m (top) and corresponding 
national baseline LCM 15m (bottom). The white box indicates the 40x40km 
Cosmo-SkyMed Stripmap coverage. Brown=Agriculture, Orange= 
Mangrove/Sandbanks, Blue=Water; Yellow=Bare Soil, Light Green= 
Medium Biomass, Dark Green= High Biomass.  
 

 

 
 

 
 

 
 

 

Figure 3: Detail of Cosmo-SkyMed Stripmap color composite 3m acquired 
during the crop season 2013 (top); Seasonal evolution: agriculture is 
assigned to blue-cyan and red (middle); Seasonal LCM 2013 (bottom). 
Red=Rice, Blue=Water, Yellow=Forest, Green=Agriculture. 
 

 

 

 

 

 

 

Figure 4: Countrywide multi-year ENVISAT ASAR WS color composite at 
100m (top) and corresponding agricultural extent (second from top). 
Countrywide multi-year ALOS PALSAR-1 ScanSAR and ENVISAT 
ASAR WS color composite at 100m (third from top) and corresponding 
agricultural extent (bottom). 
 
 
 
E. Validation 
Validation process involves the collection of terrestrial data 
for the assessment of EO products accuracy. Usually it is 
carried out by sampling units, i.e. points unambiguously 
identified by co-ordinates. As shown in Figure 5, systematic 
grids are used with randomly selected starting corner co-
ordinates in order to ensure a representative and spatially 
well-distributed sampling.   
 
In this case, it has been opted for 4km distance between the 
points for the 40x40km area (Figure 5 top) and 5km distance 
countrywide (Figure 5 bottom), leading to a total of 82 
(seasonal LCM 2013), 85 (national baseline LCM 15m), and 
420 (national baseline LCM 15m) points, respectively. For 
the 40x40km area, two field works – at begin and at peak of 
the 2013 crop season – have been performed by the 
PIWAMP team, while, countrywide, a LCM based on aerial 
photo-interpretation build up in 2003 by the Japan 
International Cooperation Agency (JICA) has been used. It 
is worth mentioning that prior to its use for the validation, a 
general cross-check with Google Earth images have been 
carried out. The outcome of this analysis was more than 
satisfactory. 
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Figure 5: Validation points (black triangles 40x40km area; cyan circles 
countrywide) for (top left) seasonal LCM 2013; (top right) national baseline 
LCM 15m same area as seasonal LCM 2013; (centre) national baseline 
LCM 15m; (bottom) JICA LCM 2003. 

 
Table 2 shows the obtained confusion matrices relative to 
the class agriculture for the seasonal LCM 2013 (top) and 
national baseline LCM 15m (bottom). Furthermore, in order 
to directly compare the 3 and 15 meter product, the same 
validation points used in the seasonal LCM 2013 have been 
applied to the national baseline LCM 15m, leading to the 
confusion matrix (centre). In general, the obtained 
accuracies are high.  
 
Following considerations can be made: 
 

1. In order to provide a rigorous accuracy assessment, the 
number of crop and non-crop points should be more 
balanced, ideally 50% each. However, it has to be 
pointed out that the field campaign in these remote areas 
is very complex and time consuming (4 persons during 1 
week for each field visit). 
 

2. The seasonal LCM 2013 and the national baseline LCM 
15m are consistent. This is additionally confirmed by 
visually inspecting the two products, particularly by 
focussing on the land cover patterns and their 
distributions. Nevertheless, the commission error of the 
national baseline LCM 15m is around 8% higher than the 
seasonal LCM 2013 in the overlapping area. Most 
probably this discrepancy is mainly given by the fact that 
the baseline LCM 15m is the outcome of a pseudo-
annual time-series (thus an average of several seasons), 
while the seasonal LCM 2013 results from the 2013 crop 
season only. 

 
 

 
 

 
 

 
 
 

Table 2: Confusion matrices relative to the class agriculture for (top) 
seasonal LCM 2013; (centre) national baseline LCM 15m same area as 
seasonal LCM 2013; (bottom) national baseline LCM 15m. Accuracy is 
defined as 100%-omission error, reliability as 100%-commission error.  

 
3. The consistency between the first two confusion matrices 

demonstrates the validity of the proposed approach, i.e. 
the use of pseudo-annual time-series. Of course, this 
approach must be applied and used with care, i.e. with a 
priori knowledge of the phenological and environmental 
condition in the considered period.  
 

4. At national level, as illustrated in the confusion matrix in 
Table 1 bottom, the correspondence between the baseline 
LCM 15m and the JICA LCM 2003 is high. This means, 
that even at national scale the baseline LCM 15m is a 
high quality product, particularly by considering that the 
JICA LCM 2003 has been produced by photo-
interpretation of aerial images. The quality of the 
baseline LCM 15m is additionally confirmed by visually 
inspecting the two products, especially by looking at the 
land cover patterns and their distributions. The 
consistency between the two products confirms the 
validity of the proposed approach (i.e. the use of pseudo-
annual time-series) and its suitability and applicability to 
others land cover classes than agriculture, as proposed in 
[5]. 

 
 

III. MALAWI 
The forest cover in Malawi is approximately 32,000 sqkm 
corresponding to 34% of country surface [30]. Natural 
forests represent the remainder of the Miombo (Swahili 
word for Brachystegia) forests that once covered almost the 
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whole country. The area of natural forests (primary forest 
29%, other naturally regenerated forest 60%) over the years 
has remained unchanged – annual change rate between 2005 
and 2010 is less than 1% – with the exception of forest 
reserves that have continued to grow in number. 
Characteristically, the trees shed their leaves for a short 
period in the dry season (June to October) to reduce water 
loss, and produce a flush of new leaves just before the onset 
of the rainy season (November-December to March-April). 
Planted forests consist of softwood (mainly Pinus patula) 
and hardwood species (mainly Eucalyptus). 
 
A.1  SAR Data Processing 
In addition to the generation of intensity (refer to Section 
II.A.1), for the 46-days ALOS-PALSAR-1 and 1-day 
Cosmo-SkyMed Stripmap interferometric data, coherence 
(J) is computed and terrain geocoded according to: 
� Strip mosaicing of single frames in slant range geometry; 
� Grouping of the strip mosaics acquired with the same 

geometry;  
� Co-registration including DEM; 
� Generation of coherence including DEM; 
� Terrain geocoding; 
� Anisotropic Non-Linear Diffusion filtering; 
� Strip mosaicing (along azimuth). 

 
A.2  Forest Area 
Given the regular country-wide ALOS PALSAR-1 FBD 
acquisitions between 2006 and 2011, the high acquisition 
rate between June and October (dry season), and that forest 
extent in Malawi is relatively constant (annual change rate 
between 2005 and 2010 is less than 1%), a pseudo-seasonal 
time-series with a relatively high temporal occurrence by 
combining all years of ALOS PALSAR-1 FBD observations 
into one year has been developed. The seasonal HH-HV 
forest signatures – except some rare outliers representing 
clear cuts – are typically characterized by a constant high V°, 
while other cover types show noticeable lower (bare soil, 
water, dry or low vegetation) or higher (settlements) values. 
It has to be pointed out that this net discrimination between 
the different land covers is given by the combination of two 
factors. First, the selected dry season period, which, due to 
the very limited vegetation development, considerably 
reduces the confusion between low forest biomass and 
others vegetation types, agriculture (i.e. maize) in particular. 
Second, the long wavelength, on one hand tends to smooth 
out the radar backscatter from land covers characterized by 
limited surface roughness, on the other hand it guarantees a 
relatively high backscatter of those land covers, like forest, 
where double bounce and volume scattering prevail. Note 
that this separability is not obtainable at shorter 
wavelengths, due to similarities in the volume scattering 
contributions. 
 
A.3  Cultivated Area 
Pre-requisite for the generation of this product is to obtain a 

seasonal data set as far as possible regularly acquired along 
the whole crop season and according to the crop practices. 
This allows i) to reduce the confusion between cropped 
areas and the surrounding vegetated (non crop) areas; and ii) 
to monitor the crop development [3,7]. The specific 
sensitivity of active microwave short wavelength sensors (C- 
and X-band) to soil properties, such as roughness and 
moisture content, enables the possibility to detect these 
changes already at the earliest stage during the field 
preparation, i.e. ploughing (high backscatter) and harrowing 
(low backscatter). During the second phase (namely from 
flowering to plant drying stage), the dielectric and structure 
properties of the plant are the key factors determining the 
high reflectivity at C-band HH polarization. Finally, the 
lower reflectivity during the plant drying is caused by the 
loss of plant moisture. As proposed in [3,7], an efficient way 
to quantitatively describe the Vo temporal crop signature is 
to derive appropriate temporal features, i.e. the relative 
minimum and maximum including corresponding dates; 
their difference; the minimum and maximum ratio between 
two subsequent acquisitions. These features are used to 
generate the product according to:  
a. The crop start of season, which is identified when there 

is a relative minimum followed by a maximum 
increment between two subsequent acquisitions;  

b. The crop peak of season, which is identified when there 
is a relative maximum followed by a minimum 
increment between two subsequent acquisitions; 

c. The pixel, which is classified as crop if: 
� conditions 1 and 2 are satisfied; 
� the range between relative minimum and maximum 

attains a minimum value; 
� the temporal duration between 1 and 2 is within a 

given duration. 
 
B.  Data Sets 
Following data sets have been used: 
� 910 ALOS PALSAR-1 FBD scenes (70x70km, 15m) 

regularly acquired during given periods of the year from 
2007 to 2010. 
 

� 225 ENVISAT ASAR AP scenes (100x100km, 15m) 
regularly acquired from October 2007 to April 2008. 

 

� One 1-day interferometric Cosmo-SkyMed Stripmap pair 
(40x40km, 3m) acquired in November 2010. 

 
C. Results and Discussion 
Figure 6 illustrates four multi-temporal mosaics: the multi-
year ALOS PALSAR-1 FBD mosaic acquired during the dry 
season (top left); the seasonal (October to April) ENVISAT 
ASAR HH mosaic (top right); an ENVISAT ASAR HH 
mosaic (October and January, the months showing the most 
significant radiometric changes) combined with the ALOS 
PALSAR-1 HV July one (bottom left); the ALOS PALSAR-
1 HH coherence-intensity mosaic (bottom centre).    
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These examples clearly show that depending upon the 
selected sensor, the acquisition mode and time, and a smart 
data integration, different types of information (i.e. 
products) can be derived. It is worth mentioning that the 
purpose of data synergy is not exclusively to obtain higher 
accuracies or more information, but it is also intended to 
simplify and automatize the products generation. Conditio 
sine qua non is, on one hand, to recognize the sensor 
capabilities and limitations – including the processing 
techniques – on the other hand, to understand the object, its 
characteristics, and the environmental surrounding 
conditions. 

 

 
Figure 6:  (left) Multi-year ALOS PALSAR-1 FBD mosaic, 15m acquired 
during the dry season (mean HH = red, mean HV = green, mean HH / mean 
HV=blue); (right) Seasonal ENVISAT ASAR HH mosaic, 15m (ASAR HH 
October = red, ASAR HH December = green, ASAR HH January = blue). 
(left) ENVISAT ASAR HH - ALOS PALSAR-1 HV mosaic, 15m (ASAR 
HH December = red, PALSAR-1 HV July = green, ASAR HH January = 
blue); (centre) ALOS PALSAR-1 HH (FBS) coherence-intensity mosaic, 
10m (coherence January-February = red, mean intensity = green, intensity 
difference = blue); (top right) detail of figure left; (bottom right) detail of 
figure centre.  

The multi-year ALOS PALSAR-1 FBD mosaic (Figure 6 
top left) acquired during the dry season undoubtedly shows a 
clear distinction between forest (green colour) and other 
cover types (blue tonalities). Note that this net separation is 
the outcome of i) the excellent quality of the multi-temporal 
speckle filtering, and ii) the averaging (omitting some rare 
outliers) of the HH intensities, and the HV respectively over 
the dry season period and years (total of 14 images). Both 
operations contribute to considerably improve the signal-to-
noise ratio and to enhance the level of detail. Concerning the 
temporal averaging, it has to be pointed out that this 
procedure is more than reasonable, because the SAR data 
have been exclusively selected in the dry period, where the 
vegetation phenology is stable, in terms of roughness and 
dielectric properties, and, the forest extent variations are 
negligible. In order to demonstrate the usefulness of this 
approach, for a selected area, a 1-day interferometric 
Cosmo-SkyMed Stripmap image pair (3m resolution) 
acquired in September has been acquired and processed.  

Figure 7 shows, for comparison purposes, the single-date 
and multi-year ALOS PALSAR-1 products, and the 1-day 
interferometric Cosmo-Skymed Stripmap pair (3m 
resolution). The high level of detail of the multi-year ALOS 
PALSAR-1 product (bottom left) is particularly appreciable 
by comparing the speckle effect in the forest in the two 
ALOS-PALSAR-1 products, and the better feature 
delineations (for instance in the riparian forest) in the multi-
year one.  

 

 
Figure 7: (top left) Single-date ALOS PALSAR-1 FBD mosaic, 15m (mean 
HH = red, mean HV = green, mean HH / mean HV=blue); (bottom left) 
Multi-year ALOS PALSAR-1 FBD mosaic, 15m; (bottom right) Cosmo-
SkyMed Stripmap coherence-intensity, 3m (1 day coherence = red, mean 
intensity = green, intensity difference = blue).  
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By visually inspecting the single trees in the multi-year 
ALOS PALSAR-1 product and in the Cosmo-SkyMed one, 
it is noticeable that almost all single trees identifiable in the 
3m image are easily recognisable in the 15m multi-year 
scene, hardly in 15m single-date one. With respect to the use 
of X-band data for forest applications, it should be shortly 
remarked that, in general, the 1-day Cosmo-SkyMed 
coherence or the bistatic TerraSAR-X one are essential, 
because the limited Vo dynamic range at this frequency 
significantly reduces the discrimination capabilities in 
vegetated areas, if exclusively intensity is used [5].  

As expected, due to the shorter wavelength, forest is quite 
less distinguishable in the seasonal ENVISAT ASAR 
mosaic (Figure 6 top left) confirming the conclusions 
presented in the comparative study carried out by [6]. The 
dominant colours in this image are the cyan (southward) and 
blue-violet (northward), corresponding to the crop growth 
after the start of the rain (around November). This is 
reflected in the December (green) and January (blue) 
acquisition, where the C-band backscattering coefficient 
almost attains its highest values due to the rapid crop growth 
(i.e. increase in the surface and volume scattering) and the 
high crop moisture content (increase in the dielectric 
constant). 

It is interesting to note the correspondence between the blue 
areas in the ALOS PALSAR-1 FBD mosaic (bare soil 
during the dry season) becoming brightly coloured in the 
ENVISAT ASAR mosaic (cultivated area during the wet 
season). This is becoming obvious in Figure 6 left (and 
detail, top right), where the ALOS PALSAR-1 HV July 
mosaic (green) has been merged with the ENVISAT ASAR 
HH mosaic of December (red) and January (blue). This 
colour composite demonstrates, in a qualitative but evident 
way, that data synergy is undoubtedly beneficial, if 
exploited in a wise manner. 

Coherence is unquestionably a complementary and valuable 
source of information. However, in practice, useful 
interferometric correlation is often not easy to obtain due to 
unfavourable baseline conditions and unsystematic 
atmospheric effects. Moreover, the temporal decorrelation 
sometimes causes interpretation uncertainties. Figure 6 
bottom right shows a 46-days repeat-pass ALOS PALSAR-1 
HH coherence-intensity mosaic generated from an FBS 
image pair acquired in January and February 2008. As 
expected, forest has a low correlation and an average high 
intensity (green), meaning that the forest didn’t vary in this 
gap of time; blue (large intensity difference), particularly 
visible in the detail bottom right, represents the growing 
fields; the red tonalities correspond to those areas where the 
cover changes were minimal, i.e. meaning primarily rough 
bare soil areas. Nonetheless, it should be considered that tiny 
crops at L-band are almost transparent, hence resulting into 
a relatively medium coherence, as the rough bare soil. It 
turns out that the cultivated area is underestimated in favour 
of bare soil. In synthesis, a forest map could be generated 
even if, due to the long repeat-pass and the different 

baselines, the uncertainties can be relevant; these 
ambiguities are significantly higher for the cultivated area 
also considering that for this product long acquisition time 
intervals are unsuitable [3]. A final example on coherence is 
illustrated in Figure 8, which it has been obtained from a 
July-August FBD image pair.  
 

 
Figure 8:  (left) ALOS PALSAR-1 46-days HH July-August coherence; 
(centre) HV July-August  coherence; (right) multi-year ALOS PALSAR-1 
FBD image, 15m resolution (mean HH = red, mean HV = green, mean HH 
/ mean HV=blue).  
 

Observing the coherence, the Miombo forest is not 
distinguishable in the HH polarization (average J is 0.6), 
hardly detectable in the HV (average J is 0.5). In the multi-
year ALOS PALSAR-1 FBD intensity colour composite, as 
extensively presented and discussed above, forest is clearly 
separable from the surrounding land covers. It is anticipated 
that the perpendicular baseline of the interferometric pair is 
280m, which for this frequency, is thereby appropriate for 
thematic analysis. The Miombo forest – bare in the dry 
season – on average has a tree height significantly less than 
10m and a diameter breast height ranging from 10 to 20 cm 
corresponding to a relatively low biomass (often 
considerably less than 100 tons/ha). This means that the 
main scattering contribution is the volume, primarily 
induced by the tree branches; hence the HH radar 
backscatter is markedly attenuated. This is reflected in both, 
HH coherence (Figure 8 left) and HH intensity (Figure 8 
right). At HV intensity, forest is well recognizable in green 
(Figure 8 right). This distinction is mainly given by the 
temporal averaging over the dry seasons and four years, 
which strongly enhances the separability of the various land 
types. On the opposite, for the HV coherence (Figure 8 
centre), the discrimination between forest and the 
surrounding area (both having a relatively high coherence) is 
very limited: this is due, on one hand, to 46-days temporal 
decorrelation, on the other hand, to the impossibility to 
perform a temporal averaging. In summary, coherence is 
doubtless a valuable source of information, however, it 
should be used with care.   
 
Based on the above considerations and evaluations, the most 
suitable solution is to use the multi-year ALOS PALSAR 
FBD data set for the forest area product, and the seasonal 
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ENVISAT ASAR one for the cultivated area. Furthermore, 
in order to understand the contribution of the seasonal 
ENVISAT ASAR for the forest area (Figure 9 left), the 
obtained cultivated area (Figure 9 right) is merged in IF 
condition with the forest area one. 

 
Figure 9:  (left) Forest area generated from multi-year ALOS PALSAR-1 
FBD data; (right) Cultivated area generated from seasonal ENVISAT 
ASAR data.   
 
The two maps are performed using a hierarchical prior 
knowledge-based classifier. For the forest area the input data 
were the mean HH intensity and the corresponding mean 
HV intensity of the multi-year ALOS PALSAR FBD data 
set. Concerning the cultivated area, the temporal features of 
the seasonal ENVISAT ASAR data set have been used.  

D.  Validation 
As in The Gambia (Section II) and as shown in Figure 10, 
systematic grids are used with randomly selected starting 
corner co-ordinates in order to ensure a representative and 
spatially well-distributed sample.  
 
In this case, it has been opted for 1km distance between the 
clusters, 16 points per cluster, and 250m distance between 
the points within the cluster. A total of 868 valid points have 
been collected. 
 
Table 2 shows the obtained confusion matrices for the forest 
product exclusively based on the multi-year ALOS 
PALSAR-1 FBD (top) and for the forest product generated 
by combining the forest and cultivated area product 
(bottom). In general, the obtained accuracies are high. The 
main difference between the two tables is in the reduction of 
the omission errors of the classes sugar cane and crop, and 

urban. Sugar cane is a tall crop with a long crop season 
(typically one year). This fully explains the large omission 
error. 
 

   

Figure 10: Validation scheme. 
 
By merging the cultivated area map, this error could be 
reduced by 30% only, because the cultivated area product, as 
defined here, exclusively considers the crop planted at the 
start of the rainy season. The same explanation is valid for 
the class crop. In essence, in order to almost completely 
remove this omission error, an annual (and not just seasonal) 
ENVISAT ASAR monitoring should be carried out. 
Concerning the class urban (mainly small cabins in the rural 
areas), the omission error has been reduced by 40%, leading 
to a 10% error. In this specific case, the radar backscatter is 
often random, therefore the combination of the two 
frequencies strongly contributes to better detect this land 
cover type. 
 

 
Table 2: Confusion matrices forest area product – (top) Multi-year ALOS 
PALSAR-1 FBD; (bottom) Multi-year ALOS PALSAR-1 FBD and 
seasonal ENVISAT ASAR. 
 
With respect to the cultivated area, the obtained overall 
accuracy is 80% (for details refer to [7]). In summary, in that 
work, it was recognized that the limiting factor for cultivated 
area estimation in small plot agriculture in Africa is the 
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spatial resolution. A possible way to overcome this 
limitation is on the synergetic use of sensors with different 
spatial resolutions and characteristics, therefore by 
optimizing the spatial and temporal resolution in a way that 
both dynamics are taken into account. 

 

IV.    FOREST HEIGHT ESTIMATION IN BOREAL 
FOREST  – PRELIMINARY RESULTS 

A. Method 
So far, in the SAR domain, three main approaches have been 
pursuit to retrieve forest height. In summary form, they are: 
1. Regressions based on exponential function derived from 

single frequency single/dual polarizations [8], or 
ensemble regression models at eco-regions level by 
considering multi-sensor data and bio- and geo-physical 
gradient data (elevation, slope, aspect, canopy density, 
and land cover) [9]. A major drawback of this approach 
is that it suffers from the radar backscatter saturation, 
hence limited in forest areas ranging from low to 
medium biomass. 

2. Airborne single-pass dual frequency SAR Interferometry 
(InSAR) – The generation of height data consists of first 
generating a good estimate of the interferometric phase, 
then transforming it into the best possible estimate range 
differences, and finally transforming the estimate into 
height values on a grid map [10]. Today, the inference of 
forest height is already operationally performed by using 
an airborne dual frequency (X- and P-band) single-pass 
interferometric SAR system over large areas [11]. The 
principle is quite intuitive: the radar backscattering of the 
short wavelength (X-band), reflected from the top of 
forest canopies, enables the generation of a Digital 
Surface Model (DSM). The longer wavelength (P-band), 
which penetrates into the forest cover, is used to generate 
a Digital Terrain Model (DTM). The difference between 
the DSM and DTM is a measure of the vegetation cover 
height. The major limitation of this approach is that, so 
far, this technology is exclusively airborne based. The 
major drawback is that  in steep sloped areas the P-band 
return does not provide a reliable estimate of the ground 
height. 

3. Airborne single-pass Polarimetric SAR Interferometry 
(PolInSAR) – In [12] a forest model involving a random 
volume of scatterers situated over a ground scattering 
model is used. Their model involves 6 parameters: the 
vegetation height, the topographic phase at the ground 
level, the mean volume extinction coefficient and three 
ground to volume scattering ratios. When six 
measurements of coherence magnitude and angle are 
obtained, the model can be inverted, i.e. solved for the 
model coefficients given the radar observations. A major 
drawback of this approach is that the temporal 
decorrelation strongly affects the estimated height. In 
fact, experiments performed with ALOS PALSAR-1 
didn’t provided reasonable results.  
 

The focus of this work is to perform an investigation on the 
feasibility (and related reliability) to estimate forest height 
using spaceborne dual frequency (L- and X-band) InSAR 
data in boreal forest. The selection of boreal forest is 
dictated by the fact that the forest and environmental 
conditions in this eco-region are less complex than in others, 
in particular with respect to the tropical ones. 
 
In principle, the method adopted in this study is equivalent 
to the airborne single-pass dual frequency one described In 
section IV.A except that here – in order to assess the 
capabilities and limitations of each sensor independently – 
from the resulting interferometric elevation (of each 
interferometric image pair) a reference terrain height is 
subtracted. This has been derived by visually selecting 
samples in non forest areas from TerraSAR-X 
interferometric elevation (averaged over two acquisitions) 
and subsequently interpolating them.  
 
It is expected that the resulting ALOS PALSAR-1 heights 
approach the terrain heights, while the TerraSAR-X ones 
follow the vegetation heights.    
 
 
B. Data Sets 
Following data sets have been used: 

 

� 46-days interferometric ALOS PALSAR-1 FBS HH data 
acquired with following characteristics: 
 
Spatial resolution 10 m  
2S phase ambiguity 25 m  
Average coherence forest > 0.7  
Theoretical height std dev at 1 look 4 m  
Theoretical height std dev after process 2.5 m  
Acquisition date Aug-Oct 2006 
 

Note that this is the only InSAR image pair suitable for 
this investigation. 

 

� Bistatic TerraSAR-X HH data acquired with following 
characteristics: 
 

Spatial resolution 5 m  
2S phase ambiguity 125 m  
Average coherence forest > 0.9  
Theoretical height std dev at 1 look 6.7 m  
Theoretical height std dev after process 4 m  
Acquisition time Feb 2012 
 
Spatial resolution 5 m  
2S phase ambiguity 285 m  
Average coherence forest > 0.85  
Theoretical height std dev at 1 look 15 m  
Theoretical height std dev after process 12 m 
Acquisition date May 2012 
 
Spatial resolution 5 m  
2S phase ambiguity 26 m  
Average coherence forest > 0.85 
Theoretical height std dev at 1 look 2 m  
Theoretical height std dev after process 1 m  
Acquisition time  May 2013 
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C. Results and Discussion 
Figure 11 shows, in sequence from top to bottom, for 
bistatic TerraSAR-X February 2012, terrain geocoded 
intensity, terrain geocoded coherence, interferometric height, 
estimated terrain height and estimated forest height.  
 

 
 

 
 

 
 

 
 

 
 

Figure 11: (top) Terrain geocoded TSX intensity of February 2012; 
(second) Terrain geocoded TSX coherence; (third) TSX interferometric 
height; (fourth) Estimated terrain height; (bottom) Estimated forest height. 
Violet dots correspond to in situ measurements; Yellow dots correspond to 
derived terrain height.  

The yellow dots in Figure 11 fourth image from the top 
represent the visually selected terrain reference heights 
(averaged over the February and May 2012 acquisitions) 
which, in turn, have been used to generate the reference 
terrain height by interpolation. The resulting mean height is 
427.4 meter with a standard deviation of 2.4 meter. It can be 
remarked in the figure that, apart a very small area in the 
upper part (white), the terrain elevation is quite constant.     
 
Figure 12 shows, on the top, the estimated forest height for 
the August-October ALOS PALSAR-1 FBS image pair, 
while on the bottom, the corresponding one based on the 
bistatic TerraSAR-X data acquired in May 2012. 
 

 
 

 
 
 

Figure 12: (top) PALSAR-1 August-October 2006 estimated forest height; 
(bottom) TSX  May 2012 estimated forest height. 
 
Figure 13 illustrates the obtained heights (i.e. interferometric 
elevation minus reference terrain height) for 49 points, 
identifiable as violet dots in Figure 11. Note that the black 
line corresponds to the in situ measurements, blue to bistatic 
TerraSAR-X February 2012, red to the bistatic TerraSAR-X 
May 2012, and green to the InSAR ALOS PALSAR-1 FBS 
August-October 2006. 
 
 

 
 
 

Figure 13: Heights comparison: black=in situ measurement; blue=TSX 
February 2012; red=TSX May 2012, green=PALSAR-1 Aug-Oct 2006. 
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The above results lead to the following preliminary 
considerations:  
 

� Bistatic TerraSAR-X February 2012 – The 2S phase 
ambiguity of 125 metres is not the most appropriate for 
the purpose of this work, because the expected height 
standard deviation is around 4 metres. Note that the 
average forest height is in the range of 20 meters. From 
an analysis of the resulting heights around 20% of the 
samples are within the expected range of accuracy, while 
approximately 75% show a significant underestimation. 
Given the fact that the acquisition has been carried out 
on February 2012, it should be considered that, at that 
time of the year, deciduous trees don’t have foliage. 
Hence, depending upon the tree type (in primis 
deciduous or coniferous), the tree structure, the 
distribution and density of the tree branches and tree 
density, the radar waves can significantly penetrate into 
the forest or be directly backscattered  from the tree 
crown. It is worth mentioning that in this mixed forest 
most of the trees are deciduous: this is the reason why 
the inferred estimated forest heights result significantly 
lower than the terrestrial measured ones.  

� Bistatic TerraSAR-X May 2012 – The 2S phase 
ambiguity of 285 metres is doubtless less appropriate 
than the previous one, because the expected height 
standard deviation is around 15 metres, hence the 
resulting heights must be interpreted with caution.  
Nevertheless, in general, they show a significantly lower 
underestimation with respect to the February ones. A 
reason is that most of the trees are already covered by 
foliage.  

� Interferometric ALOS PALSAR-1 FBS August-October 
2006 – Despite the 46-days repeat cycle, the average 
coherence over forest remains high (0.7). Given a 2S 
phase ambiguity of 25 metres – corresponding to a 
height standard deviation of 4 metres – this data set, in 
terms of theoretical height standard deviation, is 
equivalent to the bistatic TerraSAR-X February 2012. As 
expected, a significant penetration into the forest is 
observed, even if the trees are completely covered by the 
foliage. However, the inferred height hardly can be 
considered as terrain height. 

 
In synthesis, even if a deeper analysis and more terrestrial 
measurements are necessary in order to draw solid 
conclusions, it becomes evident that baseline and especially 
vegetation phenology play a key role for height estimation, 
particularly at X-band. In order to clarify what is the impact 
of these two factors, a forest site where the bistatic 
TerraSAR-X data have been acquired in May and a 2S phase 
ambiguity of 26 metres (corresponding to 1 meter height 
standard deviation) has been selected. Unfortunately, all 
available ALOS PALSAR-1 InSAR acquisitions were not 
suitable for the analysis, because either the coherence was 
too low or the 2S phase ambiguity too large. Figure 13 
illustrates the obtained results based on bistatic TerraSAR-X 
acquired in May 2013. Even if the amount of terrestrial 

measurements is limited, and therefore a much extended 
analysis is needed, it appears evident that interferometric 
SAR data acquired with an appropriate baseline and in the 
suitable phenological period provide excellent forest height 
estimations.   
 

 
 

 
 

Figure 13: (top) Bistatic TSX May 2013 estimated forest height. Red dots 
correspond to in situ measurements; (bottom) Estimated forest heights 
comparison: black=measured; red=estimated. 
 
 

V. CONCLUSIONS 
The results obtained in these three works lead to the 
following conclusions: 
 

� The use of the existing archive data, even if not optimal 
for the targeted application, provides a valuable data 
source, enabling the generation of consistent 
countrywide LCM. It is therefore strongly recommended 
that space agencies with mandates for future SAR 
missions should incorporate systematic acquisitions 
according to the geographical areas and applications, 
instead of building data archives according to sporadic 
user requests. 

� Multi-temporal (multi-annual, seasonal) data are 
fundamental from a data processing and analysis 
perspective. Few or sporadically acquired images are of 
little use for operational mapping and monitoring. 

� Systematic acquisitions of remote sensing data at 
different spatial resolutions – from 3-5m, 10-20m, 100m, 
and 250m – at different wavelengths is crucial for 
agricultural applications. In particular, the near future 
availability of Sentinel-1A/B, -2 and -3 combined with 
MODIS, Proba-V, ALOS-2 and very high resolution 
SAR data (Cosmo-SkyMed and TerraSAR-X Stripmap 
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mode) will enable countrywide provision of reliable 
LCM that would capture even small plot agriculture and 
the corresponding phenological and status monitoring. 
However, wise application-oriented information 
integration at semantic level is needed to achieve the best 
possible product. 

� The proposed multi-annual multi-sensor method 
combined with a cluster solution allows the processing of 
large data amount and time consuming processing in 
more than reasonable time. For instance, the national 
baseline LCM 15m have been generated within three 
days, obtaining an overall accuracy comparable to the 
JICA LCM 2003; this last required a two years’ work, 
which was exclusively based on manual photo-
interpretation. 

� Preliminary results of forest height estimations suggest 
that the vegetation phenology and baseline are critical 
factors for the generation of a Digital Surface Model 
using bistatic TSX data, while the ground height, derived 
from repeat-pass ALOS PALSAR-1, hardly can be 
considered as terrain height, even if a strong penetration 
into the canopy is observed. Concerning further 
experiments based on bistatic TSX data, it is planned to 
investigate the coherent combination of the 
interferometric data from several tracks, a direct 
approach to resolve the SAR scattering ambiguity 
problems in a volume. 
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    Abstract 
At a global level, there is still a high level of interest in 
obtaining spatial information on the above ground biomass 
(AGB) of forests, including woodlands.   A number of 
studies have established empirical relationships between 
such attributes and ALOS PALSAR data but have rarely 
considered information from other sensors.  In this study, 
we uniquely combined 25 m ALOS PALSAR mosaic data 
for Australia with Landsat-derived persistent green 
vegetation (PGV) cover to segment the landscape.  Each 
segment was then associated with a mean ICESAT 
waveform and associated height descriptors as well as 
cover, allowing subsequent classification according to the 
scheme of Carnahan (1990).  These datasets (HH, HV, 
PGV and height metrics) are being used to generate an 
estimate of AGB for each segment, thereby leading to a 
national map.   Large area validation is being undertaken 
using the extensive archive of lidar data available through 
the Auscover/Terrestrial Environment Research Network 
(TERN). 

Index Terms—ALOS PALSAR, forests and woodlands, 
height, cover, above ground biomass. 

 

1. INTRODUCTION 
 

In K&C Phase II, 50 m strip data from 2007, 2008 and 
2009 were provided for the State of Queensland, Australia, 
for purposes of estimating the above ground biomass 
(AGB) of woody vegetation.  However, an analysis of 
these data by Lucas et al. (2010) established that: 

 

a) Surface (soil and vegetation) conditions enhanced the L-
band HH and HV backscatter by several dB, which 
compromised the retrieval of AGB based on empirical 
relationships. 

b) Saturation of the L-band HH and HV backscatter 
occurred, preventing estimation at the higher end (> 200 
Mg ha-1) of the AGB range, particularly when moisture 
conditions were high. 

c) Mean L-band HV and HH backscatter were different 
between remnant and regenerating forest of equivalent 
AGB, indicating that the relationship between L-band 
backscatter and ABG depends on vegetation structure. 
 

These challenges were addressed in K&C Phase III where 
we sought to generate maps of both vegetation structure 
and AGB for all of Australia using 25 m ALOS PALSAR 
data.  To overcome a), data from the driest year (in this 
case, 2009) were preferentially used and for b) and c), 
other datasets (namely Landsat-derived persistent green 
cover and ICESAT GLAS waveform data) were included.  

 

The following sections provide a brief background to the 
vegetation of Australia and then describe the development 
of the Australian biomass library (started as part of K&C 
II), the integration of the available remote sensing data and 
the generation of the output products.   
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2. STUDY AREA 
 

The study focused on the Australian continent, including 
offshore islands. Most of the forests in Australia occur around 
the margins, with over 85% being woodlands.  Traditionally, 
these forests have been defined on the basis of their height and 
cover, as indicated in Table I (Specht and Specht, 1999).  
Common formations in the woodland areas are associated with 
Eucalyptus, Acacia and Callitris species whilst a mix of 
rainforest species and sclerophyll forest often occurring in 
proximity to the coast and its associated highlands. 
 
 
Table 1. Structural forms of vegetation in Australia (based on 
Specht, 1970).  Highlighted areas are woodlands (W) with the 

remainder being forests (F) 
COVER HEIGHT 

 5-10 m 10-30 m > 30 m 
< 10 % Low open W Open W Tall open W 

10-30 % Low W W Tall W 
30-70 % Low open F Open F Tall open F 
70-100 % Low closed F Closed F Tall closed F 

 

 
Figure 1.  Location and source of AGB plots associated with 

the Auscover/TERN biomass library. 
 
 

2. METHODS 
A.  The Australian Biomass Library 
Field-based estimates of AGB are essential to support the 
development and validation of retrieval algorithms.   In K&C 
Phase II, focus was on mapping the AGB in Queensland for 
which a large amount of field-based data for the period 2007 
to 2009 were collated.  These data consisted of measurements 
of individual trees (identified to species) within plots of 
known location and dimensions.  K&C Phase III focused on 
extending this biomass library to all of Australia.  In total, 
over 3800 plots within individual tree measurements were 
sourced from multiple organisations across Australia (Figure 
1).  A set of 71 species-site specific, species specific, and 
generic allometric equations were collated from the literature 

and selectively applied to the measurements of diameter to 
estimate the AGB of individual trees within each plot.   
 
B.  Remote sensing data 
Many studies (e.g., Mitchard, 2009) have demonstrated the 
benefits of using ALOS PALSAR data alone for retrieving the 
AGB of vegetation but this has not been achieved at a 
continental scale. Using the 25 m resolution ALOS PALSAR 
mosaics provided by JAXA, a single empirical relationship 
between backscatter and AGB for Australia would limit 
retrieval to levels below 260 Mg ha-1, depending on vegetation 
structure. For this reason, the inclusion of other vegetation 
structure data layers was considered, with these being the 
Landsat-derived PGV cover generated by Gill et al. (2014) and 
ICESat/GLAS (Release 33) Global Land Surface Altimetry 
Data (GLA14) acquired over Australia between 2003 and 
2009 and available from the National Snow and Ice Data 
Centre (NSIDC).   
 
C.  Remote sensing data processing 
The ALOS PALSAR and Landsat-derived PGV layers were 
generated at 25 m and 30 m spatial resolution, respectively. A 
high level of orthorectification was also achieved for both 
products, with this undertaken by JAXA and the United States 
Geological Survey (USGS), however accurate co-registration 
of these datasets was critical for image segmentation. Hence, 
the registration errors were assessed independently for both 
datasets using the panchromatic Landsat mosaic for Australia. 
 
To ensure compatibility, the PALSAR data were resampled to 
30 m and placed in the same projection (GDA94 Australian 
Albers with GRS1980 Spheroid).  Registration accuracy was 
evaluated using the tie point generation code in RSGISLib 
(Bunting et al., 2013).  Processing was undertaken separately 
within each tile and then these were combined.  Over 60,000 
tie points were generated between the two mosaics, with these 
clipped subsequently to ensure they were all within the land 
area as some were located in the sea.   
 
D.  Segmentation 
Following image registration, a segmentation of the mosaic of 
Landsat-derived perennial green cover and ALOS PALSAR 
HH and HV data was undertaken using the algorithm of 
Shepherd et al. (2014) implemented within RSGISLib 
(Bunting et al., 2013).   The objective of the algorithm is to 
define spectrally homogeneous regions. The approach first 
stretches the input data using a two standard deviation stretch 
to ensure all bands are equally weighted. A k-Means clustering 
is then used to identify the unique spectral regions of the 
image where the number of clusters, k, is user-defined.  The 
image pixels are subsequently labeled based on the k-Means 
clusters before being clumped into discrete regions and an 
iterative elimination, removing regions under a minimum 
object size, is executed. The elimination process requires a 
user-defined minimum object size, specified in pixels, where 
features below this threshold are eliminated through 
assignment to their spectrally closest neighbour with a size 
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larger than itself. Features with a Euclidean spectral distance 
greater than a user-defined threshold are not assigned. 
Following elimination, the resulting features are re-labeled to 
ensure they are numbered sequentially. 
Given the size of the national mosaics, it was necessary to 
process the image in smaller tiles to use multi-node HPC 
facilities. However, splitting the mosaics into tiles can result in 
processing artefacts, such as straight lines, at tile boundaries. 
To produce a seamless segmentation over very large areas a 
technique was developed in RSGISLib to identify and segment 
tile boundary features separately, and then merge with the 
original tiles when mosaicing. This segmentation procedure 
was applied to individual 10 km by 10 km tiles. 
 
E.  Classification of segments 
To identify segments that were considered structurally similar, 
a k-means clustering algorithm was used on the segment 
means of HH and HV radar backscatter and the PGV value. 
The k-means algorithm was applied with different numbers of 
predetermined class sizes (500, 1000, 2000 and 4000).  These 
were selected based on an analysis of the percentage variance 
explained (Figure 2) which shows that a minimum of 500 
clusters are required to model the majority of the variance of 
the segment means. For this project, the 1000 cluster product 
was used for subsequent work based on   the   “elbow”   of   the  
plot in Figure 2. Future work will more formally assess the 
ICESat/GLAS waveform variance within each cluster to better 
account for those areas which experienced change in the 6 
year GLAS-ICESat operational period. 
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Figure 2. Percentage of variance in the segment means 
explained by the k-means algorithm at different clustering 
levels. 
 
F.  Generation of vegetation profiles 
 The resulting classes were linked to the ICESat/GLAS 
waveforms in the GLA14 product. Returns from areas with a 
slope > 5o were excluded due to the difficulty in calculating 
whether the resulting waveform was due to the terrain or 
vegetation. All valid waveforms which intersected segments 
within a given class were normalized by the transmitted pulse 
intensity and were used to compute a mean representative 
waveform. Vegetation structure metrics, including the 25th, 
50th, 75th and 95th percentile as well as the height of maximum 
cover were then extracted and mapped for each class. 
 
 

G.  Generation of vegetation structural map 
A decision tree model using the cluster mean heights and 
persistent green values was used to build a national vegetation 
structure map based on height and cover classes shown in 
Table 1. In this work, the cover used was the segment mean 
PGV cover and the height class was the height of maximum 
cover metric. 
 
 
 

3. RESULTS 
A.  Registration of datasets 
A map of tie points categorized by offsets is given in Figure 3, 
noting that the scale on the map is in pixels (30 m) and not 
metres).  Based on all tie points, the overall RMSE was 49.55 
m in the east-west direction and 31.17 in the north-south 
direction. The overall mean error was 10.37 m, indicating little 
bias. It was found that a linear shift applied globally provided 
the best improvement to overall registration accuracy, as 
correcting localised non-linear shifts (Figure 3) may introduce 
errors in other areas. 
 

 
Figure 3. Map of tie point offsets between the 25 m Landsat 

panchromatic mosaic and the ALOS PALSAR mosaic. 
 
B.   Mosaic generation 
The ALOS PALSAR and Landsat-derived persistent green 
data and were combined to generate a three band mosaic 
(Figure 4a).   Noticeable within the image is the areas of forest 
occurring along the east and north coasts and the far 
southwest.   However, considerable detail is also evident 
within the interior reflecting the landforms but also vegetation 
that was woody but of low stature (highlighted in red).  Such 
areas as also associated with woody regrowth (Figure 4b; 
Lucas et al., 2014).  As this image is effectively showing the 
relative proportions of foliage cover, branches (resulting from 
volume scattering and high returns at HV polarization) and 
trunks (resulting from double bounce scattering at HH 
polarization), the different patterns across the landscape may 
relate to the distribution of different ecosystems. 
Discrimination of these using the ALOS PALSAR data is the 
subject of ongoing research.  
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a)  

 
b) 

 
Figure 4.   Composite of Landsat-derived PGV and ALOS 
PALSAR L-band HH and HV data in RGB for a) all of 
Australia and b) Cubby Station on the Queensland/NSW 
border showing areas of woody regrowth (in red). 
 
B.   Estimation of vegetation height 
The estimates of vegetation height were generated at a 
national level and validation against airborne lidar data 
across TERN Auscover sites (Figure 1) is ongoing with 
completion expected in April 2014. An example of the 
height percentile metric maps for the Injune Landscape 
Collaborative Project (ILCP) in Queensland in presented in 
Figure 4.   Comparison with height estimates for this region 
obtained an r2 of 0.60 when compared against reserved 
ICESat data and an r2 of 0.74 when compared against 
airborne data.    
 
 
 
 
 

 
Figure 5.  Estimation of vegetation height metrics over the 
Injune Landscape Collaborative Project area (95th, 75th and 

50th percentiles in RGB). 
 
C.  National-level products 
The canopy height model at a national level is provided in 
Figure 6a, with this complementing the equivalent national 
datasets of persistent green cover (Figure 6b).  As expected, 
the tallest forests are located in Tasmania, Victoria and 
Western Australia as well as the tropical regions of far north 
Queensland.   The taller forests are also in areas where the 
persistent green cover is greatest suggesting that this 
combination of data is useful for estimating AGB.  When 
combined, a dataset equivalent to that of AUSLIG (1990) was 
generated (Figure 6c).  Although validation is pending, this 
latter dataset is the most detailed classification of forest 
structural types available for Australia. This level of detail is 
highlighted by comparison with the AUSLIG (1990) map for 
Queensland (Figure 7). 
 
D.  Steps towards a national biomass map 

The AGB map for Australia (based on the year 2009) is still in the process 
of production (anticipated May 2014).  Whilst the previous map for 
eastern Australia (Figure 8) was based on an empirical relationship 
between backscatter and AGB, the revised Australian map will include 
information on the cover and height in the formulation.   
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a) Height of peak cover 

 

b) Persistent green vegetation cover 

 

c) Vegetation structure stratification 

 

Figure 6.  Maps of a) height of peak cover, b) canopy cover and c) forest 
type (based on the scheme of AUSLIG, 1990). 

 

 

 

 
 

Figure 7. Comparison of vegetation structure stratification 
based on the scheme of AUSLIG (1990) (left) and the 

equivalent derived from the integration of ALOS PALSAR, 
Landsat PGV, and ICESat GLAS height in this work. 

 
 
 
 

 
Figure 8.  Map of AGB generated using ALOS PALSAR 50 

m strip data for eastern Australia. 
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5.  DISCUSSION 
In many cases, the retrieval of biophysical attributes or 
classification of land cover types over large areas using ALOS 
PALSAR data have employed pixel-based alorithms and other 
types of remotely sensed data have often not been 
incorporated. This study has uniquely used the ALOS 
PALSAR data in combination with Landsat sensor data to 
provide a segmentation of the Australian landscape.  The 
resulting segments are also considered to be structurally 
homogeneous given that the data used are indicative of the 
distribution and amounts of foliage, branches and trunks 
across for Australian vegetation structure formations (Lucas et 
al., 2004 ; Lucas et al., 2014). The homogeneity of segments 
has been evaluated with reference to airborne lidar data across 
the 5 km by 5 km TERN Auscover lidar sites (Figure 1). 
 
Key to the development of the AGB layer has been the 
collation of forest and woodland inventory data, specifically 
raw tree measurements through which a pre-defined suite of 
allometric equations can be run.  These AGB data are a 
component of the K&C Phase III work and are available to 
JAXA to assist further development of global AGB products. 
The Australian Biomass Library is a legacy of the K&C 
projects and is an invaluable source of information for 
researchers in Australia.  It is anticipated that this dataset will 
be developed further to support the intepretation of ALOS-2 
PALSAR-2 data and specifically the detection of AGB 
change.   
 
 

6. CONCLUSIONS 
 
Using ALOS PALSAR data in combination with Landsat 
sensor data, a segmentation of the Australian landscape has 
been achieved. By then classifying these data and associating 
these with ICESAT GLAS waveforms, a national height 
metrics map has been generated.  This has been combined 
with the Landsat-derived persistent cover data to generate a 
structural type classification that aligns with the classes 
specified by AUSLIG (1990).   Estimates of AGB have been 
produced for eastern Australia using the previous 50 m strip 
data from 2009.  However, a refined map at a national level is 
being produced that integrates both the Landsat-derived cover 
and ICESAT-derived height metrics.  These datasets are 
baselines against which future change can be quantified and 
estimates of structural and AGB change can be obtained. 
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Abstract— The objective of this research was to utilize the 
PALSAR mosaic dataset to obtain a grasp of the current status of 
forest distribution in order to contribute to REDD+ activities in 
Mozambique. However, as a result of the period of substantive 
activities for K&C Phase 3 being short and radar images not 
being used up until now, the following review was conducted for 
Phase 3 activities. 

(1) Characteristics of Radar and Optical Satellite Imagery for 
Forest Sites, (2) Forest-cover Change Detection using Mutli -
temporal PALSAR 

It was confirmed that the PALSAR mosaic dataset is effective 
for forest change detection in Mozambique. In addition, the 
image characteristics for each forest type were organized, and we 
were able to use these as basic data for forest cover classification. 
We hope that the results of this review will be utilized in the 
future to help implement full-fledged REDD+ activities in 
Mozambique. 

Index Terms— REDD+, ALOS PALSAR, Deforestation, 
Driving Factor, Forest-cover Change Detection 

I. INTRODUCTION 

A. Background and Objective 
In the global agenda, Reducing Emissions from 

Deforestation and Forest Degradation (REDD) + has become 
one of the key elements of the new protocol under negotiation 
since IPCC identified that deforestation causes approximately 
20% of global GHG emissions. 

Mozambique is endowed with forest, woodland resources 
and other vegetation covering 70% of its territory, after the 
long period of conflicts, forests are rapidly depleted for people 
to survive. The sources of forest loss and degradation include 
subsistence and commercial agriculture due to unsustainable 
land use practices including use of fire in land clearing and 
hunting, increasing demand for biomass energy in the urban 
areas, illegal harvesting of timber and non-effective 
implementation of management plans, mining associated with 
land clearing for settlement (in particular artisan miners) and 
infrastructure development including roads, railways and 
expansion of urban areas. Charcoal making is one of the 
limited opportunities for people to make money for 
substenance. Farmers burn forests to clear and prepare the 
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field and catch small animals to intake animal proteins. 
Shifting cultivation is taken place in large areas of forests on 
infertile tropical soils. These cause a rapid deforestation 
estimated from 0.56% to 1.14% of entire forest covers per 
year. The annual loss of these resources amounts to 0.58% or 
219,000 ha according to the inventory report of 2007. 

Deterioration of forests environment increases 
vulnerability against extreme natural disasters intensified by 
changing climate. Mozambique has been affected cyclically 
by floods and also is suffered by longer period of drought year 
by year. 

These cause serious impoverishment of vulnerable 
communities who are getting to feel the link between 
deforestation and the suffering. 

 
The focus of the REDD+ mechanism is to improve such 

situation by financing the forest conservation efforts of the 
country. In order to participate in the mechanism, 
Mozambique government needs to establish an appropriate 
forest resource data and monitoring systems and proposed 
JICA to launch a Technical Cooperation Project for the 
Establishment of Sustainable Forest Resource Information 
Platform for Monitoring REDD+. To develop a technical 
capacity of Remote Sensing to detect forest cover change is 
one of the components of the project.  We would like to 
develop our capacity on how to interpret the PALSAR images 
of time series to detect deforestation and monitor the 
deforestation annually and continuously. All the brought 
capacity will allow the thought analysis of REDD+, the 
viability needs for forest assessment to be conducted including 
Forest reference emission level, determination of opportunity 
costs, monitoring, supervising, transaction and implementation 
costs. 

We hope to cooperate with JAXA by exchanging data and 
resources to develop appropriate methodologies and systems 
of monitoring our forests. 

 

II. DATA IN USE 

A. Study Area 
Mozambique is located in the southeast of African 

continent and has the area of 799,380km², which includes 
approximately 13,000km2 of inland water. Because of its shape 
widely stretching in a north-south direction, climate zones in 
this country are also varied. For example, the middle and 
northern parts of the country are located within the tropical 
savannah zone, while the southern part of the country is located 
within the subtropical climate zones. 

This study intends to cover the Cabo Delgado and Gaza 
Provinces where a large number of deforestation sites are 
found. In addition to these provinces, two districts from each of 
ten provinces were also selected as a pilot study area (Figure 
1). In this figure, the two pilot provinces are indicated in 

yellow, and the pilot districts selected from each province are 
shown by hatched lines. 

 

 
 

Figure 1.  Pilot Provinces and Districts of the JICA Project 
 
 

B. Satellite Data 
Within the K&C 3 cooperation framework, PALSAR FBD 

mosaic data with 25m spatial resolution for the entire area of 
Mozambique were provided. The mosaic datasets were 
available for the years 2007, 2008, 2009, and 2010. The mosaic 
data for one year consist of 104 one-mesh tiles to cover the 
whole country. Figure 2 shows PALSAR FBD mosaic data for 
the year 2010 (R:G:B=HH:HV:HH-HV). 

Forest/Non-forest Maps (FNF Maps) for 2007, 2008, 2009, 
and 2010 were also provided. Due to the situation that the FNF 
Maps were provided after   the   project’s   implementation  phase  
started, however, the FNF Maps were not used within the K&C 
3 Phase time period. 

ALOS AVNIR-2 data that were provided as a part of the 
Japan Grant Aid Program were also used as reference. 
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Figure 2.  PALSAR FBD Mosaic Data for 2010, generated by JAXA EORC. 
2010 © JAXA/METI, Analyzed by JAXA. 

 

C. Ground Truth Data 
In 2005 and 2006 a third national-level forest inventory 

survey was implemented in Mozambique. 
The Government of Mozambique has launched a bid in 

2010 for contracting services to perform the agro-ecological 
zoning at national level to find a tool that enables making 
decisions related to the integrated management of land use, 
occupation of land use and natural resources. 

The overall objective of the ZAE Project was to conduct a 
national agro-ecological zoning at the scale 1:250,000, based 
on modern information technologies such as remote sensing 
(RS), Geographic Information Systems (GIS) and Thematic 
Cartography, supported by Ground truth. 

For ZAEN a total of 3099 sample plots was set up and the 
sample were distributed by land use and land cover stratum. 
The field verification and validation was done and permitted 
each teams describing the sample sites on the ground, also it 
allowed collecting data at the very detailed level. 

 

III. RESULTS 
 
This paper explains the results of radar imagery analysis 

training that using PALSAR data that were provided as a part 
of the K&C3 cooperation framework. 

 

A. Characteristics of Radar and Optical Satellite Imagery for 
Forest Sites 
 
In the context of REDD+, it is important to first understand 

forest type distribution patterns across the country. Forest-
cover classification analysis using optical satellite imagery is 
often influenced by clouds. PALSAR, on the other hand, can 
make cloud-free and day-and-night observations, and make it 
possible to understand the most part of Mozambique. Many 
technical staff members of DIRN have not used radar satellite 
data. Therefore, the basics of radar observations and their 
unique features were first discussed, and then radar and optical 
satellite  imagery’s  different  characteristics  for  forest  sites  were  
further examined. 

Because of the diverse climate characteristics in 
Mozambique, various forest types can be found within the 
country. For instance, Miombo forests are dominant in the 
northern part of country, while Mopane and Mecrusse forests 
are found in the southern part of the country. Figure 3 (a) and 
(b) show comparison results of radar and optical satellite 
imagery for Mopane and Mecrusse forests respectively. 

For Figure 3 (a), radar imagery data show that HV 
polarization is stronger for Mopane forest sites compared with 
the HV polarization for their neighboring areas. As a result, 
Mopane forest sites can be easily identified. At the same time, 
optical imagery data shows that the Mopane forest sites appear 
in green when using false color composite because near-
infrared reflection for the Mopane forest sites is relatively weak 
compared with near-infrared reflection for their neighboring 
areas. 

For Figure 3 (b), radar imagery data show that HH 
polarization is stronger for Mecrusse forest sites compared with 
their neighboring areas. Optical imagery data also show that 
the Mecrusse forest sites appear in red because near-infrared 
reflection is relatively strong compared with their neighboring 
areas. 

Prior to forest-cover classification analysis, characteristics 
of both radar and optical satellite imagery for target forest sites 
were examined. 
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Figure 3 (a).  Radar and Optical Satellite Imagery Data for Mopane Forests in Gaza Province 
 

 
 

Figure 3 (b).  Radar and Optical Satellite Imagery Data for Mecrusse Forests in Gaza Province 
 
 

B. Forest-cover Change Detection using Mutli-temporal 
PALSAR 
 

Forest-cover change detection using PALSAR was 
examined. PALSAR mosaic data for 2007, 2008, 2009, and 
2010 were provided within the K&C 3 cooperation framework. 
Of all the mosaic data, PALSAR mosaic data for 2007 and 
2010 were used to create a color composite imagery. This 
imagery showed areas where forest-cover changes due to 

deforestation and expansion of agriculture lands occurred 
between 2007 and 2010. 

Prior to the examination, information about potential 
driving factors of deforestation in each target province and 
district, such as locations, main reasons, concerned actors, and 
time of the occurrence, were discussed and gathered. 

Figure 4 shows an example of forest-cover change during 
the three years from 2007 and 2010 in the Cabo Delgado 
Province. Areas in magenta correspond to deforestation areas, 
while areas in green correspond to re-growing forest sites. 
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Figure 4 (a) shows that deforestation occurred along a straight 
line. According to interviews, LNG has been developed in this 
area, and it is possible that the deforestation occurred due to the 
infrastructure improvement. Figure 4 (b) shows that 
deforestation occurred around a village. According to 

interviews, shifting cultivation is commonly carried out in this 
area. While the regrowth is happening in the fallow land, 
agriculture lands are newly developed in adjacent lands. 

 

 

 
 

Figure 4 (a).  Forest-cover Change from 2007 to 2010 in Palma District, Cabo Delgado Province 
 

 
 

Figure 4 (b).  Forest-cover Change from 2007 to 2010 in Ancuabe District, Cabo Delgado Province 
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IV. CONCLUSIONS 

A. Summary 
In this study, because the K&C 3 cooperative agreement 

between DNTF and JAXA was concluded after the JICA 
project’s   implementation  phase   started,  PALSAR  mosaic  data  
were not available at the beginning of the project. Within four 
months from December 2013 to March 2014, however, the 
PALSAR mosaic data were well examined, and this study 
revealed that PALSAR mosaic data has a great potential to 
conduct the forest-cover change detection in Mozambique. In 
order to periodically carry out real-time monitoring using 
ALOS-2 data in the future, it is planned that radar imagery 
analysis training intended for DNTF technical staff members 
will be continued using PALSAR archive data. 

 

B. Future Perspectives 
 
i) Deforestation Sites Detection (Continued) 

During the first project year that partially corresponded to 
the K&C 3 program period, deforestation sites detection using 
PALSAR archive data was conducted only for a limited study 
area. For the second project year, it is planned to continue this 
exercise and, when appropriate, expand a study area to the 
remaining parts of the pilot provinces. The deforestation sites 
detection exercises will be continued based on information 
about major driving factors of deforestation found in the 
country. It is further planned to examine outcomes of radar 
imagery analysis to effectively contribute to future REDD+ 
activities. 

ii) Regular, real-time forest monitoring using ALOS-2 
data 

It was announced that ALOS-2, which is also known as 
PALSAR-2, will be launched in May, 2014. After the launch 
and initial operation check are successfully completed as 
scheduled, the K&C cooperative program will be continued, 
and ALOS-2 data will be also provided within the K&C 4 
cooperative agreement. 

iii) Forest inventory 

With the JICA project, DNTF will conduct ground truth 
and inventory surveys in the two pilot Provinces and sixteen 
pilot districts (two districts per each eight province). The 
collected data will be used as sample data for the development 
of forest-cover maps and the REL/RL setting. Within the future 
cooperation framework, DNTF will provide the above-
mentioned   field   surveys’   results   to   JAXA,   and   radar   imagery  
data provided to DNTF. 
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Abstract—The woody component in African savannahs provide 
essential ecosystem services such as fuel wood and medicinal 
products for rural communities.  Woody canopy cover (CC) is a 
key parameter and is used for the estimation of above ground 
biomass. This study seeks to advance the use of the ALOS 
PALSAR L-band products, together with other optical and radar 
datasets, to model and map CC. We first compared various 
ALOS PALSAR products, considering the polarization 
(including the decomposition of fully polarimetric products) and 
the season. Then, we compared the accuracies for modelling CC, 
via Random Forest, with X-band (TerraSAR-X), C-band 
(Radarsat-2) and L-band (ALOS PALSAR) data individually and 
as a combined datasets in order to ascertain the best frequency 
combinations.  Finally, we attempted to maximize the accuracy of 
regional-scale woody canopy cover estimation by combining 
datasets from SAR (ALOS PALSAR) and optical (LandSAT-5) 
sensors. ALOS PALSAR L-band was found to be the single most 
important dataset for accurate CC mapping in South African 
savannahs. The highest accuracies were observed with co- and 
cross-polarized L-band backscatters (HH, HV) acquired in the 
winter (dry season). The ca. 100m (1 ha) sampling grid was the 
best compromise between modelling detail and accuracy. The 
volume component of polarimetric decompositions produced 
encouraging results, but could only be tested at the end of the wet 
season, which was the poorest performing season for linear 
polarizations. Combining L-band with optical (LandSAT) or 
other SAR frequencies (X-band, C-band) did improve marginally 
to moderately the mapping accuracies. In the absence of L-band 
data, both C-band Radarsat-2 and LandSAT products produced 
acceptable results as single datasets. However, optical products 
suffer from sensitivity to cloud cover. The results of these studies 
bode well for future regional scale mapping of CC with the 
forthcoming launch of the ALOS PALSAR-2 L-band sensor. The 
extension of this work by using integrated ALOS PALSAR-2 and 
LandSAT-8 datasets for the creation of a nationwide map of CC 
will prove vital in the fulfilment of the national mandates of 

various South African governmental departments (e.g. 
Department of Agriculture, Forestry and Fisheries). 

Index Terms—Woody canopy cover, ALOS PALSAR, multi-
temporal, multi-polarimetry, multi-frequency, LandSAT-5 

I. INTRODUCTION 

A. Savannahs and their woody component 
Woody plants in African savannahs provide essential 

ecosystem services such as fuel wood, construction timber, 
fruits, or medicinal products to rural communities. While 
unsustainable resource extraction can lead to long-term 
woodland degradation, inversely bush encroachment is 
reported as a threat to cattle production in various parts of 
South Afruca. The woody component is also an important 
physical attribute for many ecological processes and impact 
the fire regime, vegetation production, nutrient cycling, soil 
erosion and the water cycle of these environments [1].  There 
is currently very limited information on the status of 
savannahs and woodlands in South Africa, despite legal 
requirement for updated information every three years. To 
monitor and manage these resources, the structural parameters 
of the woody components needs to be estimated over large 
areas, but savannahs and woodlands are distributed over more 
than one third of South Africa, making this possibility very 
challenging. Woody canopy cover (i.e. the percentage area 
occupied by woody canopy or CC) is a key property of the 
woody component in savannas and it is used during the 
estimation of above ground biomass [2]. 
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B. Remote sensing and its application  
Remote Sensing is the preferred tool for quantifying and 

mapping woody cover mainly due to its superior information 
gathering capabilities, wide spatial coverage, cost 
effectiveness and revisit capacity [3].  Active remote sensing 
sensors such as Light Detection And Ranging (LiDAR) and 
Synthetic Aperture Radar (SAR) are effective at assessing the 
woody component, because of their capacity to image within-
canopy properties of the vegetation [4], [5]. The SAR-based 
approach, furthermore, offers an all-weather capacity to map 
relatively large extents of the woody component, which cannot 
be achieved with LiDAR alone [6].  Satellite SAR imagery has 
been widely used throughout the world for mapping woody 
structure and biomass, with a large bias toward densely 
vegetated biomes, e.g. temperate deciduous forests, tropical 
rainforests, boreal coniferous forests [7], [8], [9], [10].  
Studies are under-represented in low woody density 
environments such as African savannahs [11]. 

Techniques developed for assessing woody structure in 
dense canopy cover environments may not be directly 
transferable in savannahs and woodlands. Guidelines need to 
be developed on the best SAR remote sensing techniques to 
achieve a given level of accuracy in local ecosystems. This 
K&C project sought to fill this gap in South Africa; a number 
of initial questions were addressed during the project 
activities. These were identified to support the development of 
an optimized approach and system for the regional mapping of 
savannah woody structure. For instance, what is (are) the best 
season(s) for mapping structure considering the typical 
phenological pattern of South African savannahs? What is the 
best polarization configuration and is fully polarimetric data 
useful compared to single or dual polarization? Can a multi-
frequency approach provide additional benefits for mapping 
ecosystems such as savannahs characterized by a short scale 
variability of tree height and cover (e.g. shrub vs medium and 
tall trees)? Indeed, various components of a woody plant are 
sensed differently depending on the SAR frequency or 
wavelength (e.g. shorter wavelengths interact with fine leaf 
and branch elements while longer wavelengths interact with 
major branches and trunks) [11]. Forest structural 
characteristics can be derived from optical spectral and 
textural modelling [3] while the L-band SAR wavelength has 
been proved to be the most effective in modelling tree vertical 
profile [12] due to its ability to interact with the major 
constituents of vegetation such as trunks and branches [11]. 
Another question is can the combined influences of SAR 
frequencies, and optical products, under a multi-sensor 
approach enhance the sensing of the savannah woody element 
[13]? 

II. DESCRIPTION OF PROJECT 

A. Aims, objectives and relevance to the K&C drivers 
The project generally aimed at investigating the best 

approaches to assess woody structural parameters in South 
African savannahs. Here, we report on the assessment of 

woody canopy cover (CC), but other variables such as woody 
biomass and canopy volume were also modelled. The study 
targeted several sub-objectives. We first assessed and 
compared the various ALOS PALSAR products, considering 
the polarization (including the decomposition of fully 
polarimetric products), the season, and the scale of the data. 
Then, we compared the accuracies for modelling CC with the 
use of X-band (TerraSAR-X), C-band (RADARSAT-2) and L-
band (ALOS PALSAR) data individually and as a combined 
datasets in order to ascertain the best SAR frequency and/or 
frequency combinations.  Finally, we assessed regional-scale 
woody canopy cover at the highest possible accuracies using 
datasets from combined SAR (L-band ALOS PALSAR) and 
optical (LandSAT-5 TM) sensor technologies. With the 
eminent launch of ALOS PALSAR-2 in the spring of 2014 and 
the recently launched LandSAT-8, these sensors could serve as 
the basis for the establishment of a regional monitoring tool for 
woody cover across the savannah biome including protected 
lands and communal rangelands. 

Achieving these aims addressed the key objectives put 
forward in the K&C-3 proposal which focused on developing 
and validating ALOS PALSAR-based structural models and 
the creation and provision of ground truth data for model 
calibration and validation. These study aims relate strongly 
with   the   original   “thematic   drivers”   of   the   K&C   Initiative:  
Conventions (e.g. the provision of new and reliable woody 
structural modelling methodologies and techniques), Carbon 
(e.g. the modelling of woody canopy cover, which, when 
combined with vegetation height, can derive above ground 
biomass and thus carbon stocks) and Conservation (e.g. the 
provision of woody canopy maps, especially temporal 
products, can identify key areas for focusing monitoring and 
conservation efforts). 
 

B. General methodological approach 
The general methodological flow involves the acquisition 

and processing of multi-frequency SAR datasets (X-band, C-
band, and L-band), medium resolution multi-spectral imagery 
(LandSAT-5 TM) and airborne LiDAR datasets, as a 
calibration and validation dataset.  Additionally, CC field level 
data (at 25m X 25m plots) was collected to validate the LiDAR 
derived CC product.  For the optical products, a variety of 
spectral vegetation indices and textures were derived (see 
Appendix I). Afterwards, the multi-sensor datasets and 
products were integrated at a given grid cell and CC was 
modelled and mapped with Random Forest.   
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Figure 1.  Coverage of all remote sensing datasets including field sampling 
plots (in red).  The greenish pattern indicates the 2008 LiDAR coverage while 
the brownish pattern indicates the 2012 LiDAR coverage.  The ALOS 
PALSAR coverage (in gold) indicates both 2008 and 2010 coverage.  The 
remaining seven 2008 ALOS PALSAR imagery extends further north and east.  
 

C. Study area 
The region under study is made up of the southern portion of 
the Greater Kruger National Park Region, South Africa, which 
falls   between   approximately   23°   39’S   to   25°   19’S   and   30° 
57’E   to  32°  11’E.     This   region   is  made  up  of   the  mixture  of  
communal rangelands (Bushbuckridge Municipality District), 
private game reserves (Sabi Sands and Mala Mala) as well as 
provincial and national parks (Kruger National Park, Andover) 
(figure 1).  The region covers an extensive range of geologies 
(e.g. granite, basalt, gabbro, tonalite, shale etc.), vegetation 
types (commercial plantations, Clay Thorn Bushveld, Mixed 
Bushveld, Sweet Lowveld Bushveld, Open Grassland – [14]), 
rainfall (mean annual precipitation of 1200mm in the west to 
550mm in the east [15]), management regimes (communal and 
protected) and disturbance regimes (fire, elephant damage, 
grazing and browsing patterns of herbivores, fuelwood 
harvesting) 
 

D. Satellite data, processing and derived products 
For the multi-temporal and polarimetric SAR analyses, four 

single pol. FBS (HH), four dual pol. FBD (HH, HV) and two 
full pol. PLR (HH, HV, VH, VV) ALOS PALSAR datasets 
were acquired at three key phenological stages of the seasonal 
savannah cycle between years 2007 and 2010: i) middle of wet 
season (summer / MWET), ii) dry season (winter / DRY), and 
iii) end of wet season (autumn / EWET). Due to the acquisition 
strategy defined by JAXA, FBS, PLR, and FBD modes were 
only available during MWET, EWET, and DRY seasons 
respectively.  For the multi-frequency analysis, five 2012 
TerraSAR-X X-band (Dual pol. StripMap), four 2009 
Radarsat-2 C-band (Qual pol. Fine beam) and two 2010 Dual 
pol. FBD ALOS PALSAR L-band images were acquired.  For 
the SAR and optical integrated analysis, nine 2008 FBD ALOS 
PALSAR images were used for a broader study region.  These 
particular SAR imagery datasets were acquired in winter when 
it is dry with the lowest moisture levels and leaf-off conditions, 
thus which allowing for minimal SAR signal interference [16].  
The SAR intensity imagery underwent the following pre-

processing steps in GAMMA radar software: multi-looking 
(range and azimuth factor of 2:8 for L-band, 1:5 for C-band 
and 4:4 for X-band), radiometric calibration (conversion into 
σ0   backscatter   values),   geocoding   and   topographically  
normalization of the backscatter (90m SRTM DEM) and 
filtering (3X3m sigma Lee filter). Two model-based 
polarimetric decompositions of Freeman-Durden [17] and Van 
Zyl [18] were derived from the coherence matrix using a 5 X 5 
pixel window over the PLR datasets. 

 
For the SAR and optical integrated analysis, a single 2008 

LandSAT-5 TM summer image was obtained from the U.S 
Geology Survey Landsat Earth Explorer Portal (along path 168 
and row 77).  A summer image (wet season) was chosen as the 
vegetation would be at its greenest and will be more 
representative of the cover present on the ground.  The imagery 
underwent atmospheric correction with the use of ATCOR 2 
which converted the raw digital number data to top of canopy 
(TOA) reflectance using a Modtran®-5 radiative transfer code. 
3 X 3 Grey-level co-occurrence matrices (GLCM) based 
textures (mean, variance, entropy, dissimilarity & contrast) for 
bands 1-5 and 7 and eight vegetation indices (see Appendix 1 
for list and formulae) were derived from the optical image.  

 
Discrete LiDAR data were acquired by the Carnegie 

Airborne Observatory LiDAR sensor in summer of 2008 
(coverage of ca. 35000 ha) and 2012 (coverage of ca. 63000 
ha) and were processed according to steps outlined in [19] and 
[20].  These were used as the primary calibration and validation 
datasets for the SAR and optical cover models. Due to optical 
coverage limitations (i.e. extensive cloud cover), 2008 LiDAR 
data was used for the SAR and optical integrated modelling 
section while the 2012 LiDAR data was used for the multi-
frequency section.  The LiDAR CC product was derived from a 
Canopy Height Model (CHM, pixel size of 1.1m) computed by 
subtracting a Digital Elevation Model (DEM) from a Digital 
Surface Model (DSM) obtained from the raw point cloud. The 
percentage area of 25 x 25m cells covered by CC (CHM values 
above 0.5m to exclude the grass layer) was calculated.   
 

 
Figure 2.  Field data collection in the South African Lowveld 
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E. Ground data 
The 2012 LiDAR derived CC product was validated against 

collected field data. Woody canopy cover field data were 
collected in April, May, November and December 2012 across 
35 scattered plots. For each 25 x 25m plot, the sampling 
procedure involved laying down transects along a fixed 25m 
measuring tape orientated from north to south and moving 
from west to east at 2m increments.  Along these transects, the 
canopy cover (presence/absence) was recorded every 2m, and 
used to compute a CC value for the plot (figure 2). These 35 
CC ground truth plots were validated against the 2012 LiDAR 
derived CC metric (figure 3) which yielded a positive, non-
biased relationship (R2=0.79 and RMSE of 12.4%). 
 

F. Dataset integration and modelling 
For the modelling, the LiDAR derived CC, optical products 

(textures and vegetation indices) and SAR (polarimetric 
backscatter) datasets were combined using a fixed spatial grid, 
spaced 50m apart to avoid spatial autocorrelation.  Earlier tests 
performed with fine beam Radarsat-2 data [16] showed that a 
grid of 105 m provides the best compromise between high 
mapping details and model strength. For the ALOS PALSAR 
datasets used in the multi-temporal and polarimetric analysis, 
grid sizes of 25m, 50m, 125m and 200m were additionally 
assessed. Finally, the 2012 LiDAR derived CC, 2009 Radarsat-
2, 2012 TerraSAR-X and 2010 ALOS PALSAR datasets were 
integrated for the multi-frequency modelling analysis while  
the 2008 LiDAR derived CC, 2008 LandSAT-5 optical 
products and 2008 ALOS PALSAR datasets were integrated 
for the optical and SAR integrated modelling analysis, both at a 
cell size of 105m.  For all analyses, polygon shapefiles of the 
informal settlements, the main roads, rivers and dams were 
used to remove any grid cells occupying those features.  Mean 
values within cells were extracted from the SAR, optical 
products and LiDAR CC datasets. 

 

 
Figure 3.  2012 LiDAR derived CC versus field collected CC 

 
 A random forest (RF) non-parametric data mining 

algorithm [21] was applied in an R rattle modelling software to 
the integrated dataset with 35% of the data being used for 
model training and the remaining 65% being used for model 

validation.  Other well-known parametric and non-parametric 
algorithms such as linear regression, support vector machines 
(SVM) and artificial neural networks (ANN) were also tested 
but RF was the most robust, consistent and accurate, and thus 
reported here.  For the multi-temporal and polarimetric 
analysis, the ALOS PALSAR datasets were split into a total of 
33 SAR scenarios (consisting of the individual imagery, 
seasons and polarimetric decompositions) across the four 
different grid sizes.  For the multi-frequency analysis, the 
datasets were split up into a total of 7 frequency scenarios for 
the modelling process while for the optical and SAR integrated 
modelling analysis, a total of 14 optical and SAR scenarios 
were derived.  The validation results of the different scenarios 
were then displayed in the form of mean: coefficient of 
determination (R2), root mean square error (RMSE), Standard 
error of prediction (SEP).  For the mapping process a random 
forest algorithm in the ModelMap module of R was used.      
 

III. RESULTS AND SUMMARY 
The summaries of results were split according to the three 

main aims put forward in this report: A) assessment of multi-
temporal and polarimetric ALOS PALSAR products for 
mapping CC, B) multi-frequency SAR modelling of CC, and 
C) regional modelling of CC using integrated ALOS PALSAR 
and optical LandSAT-5 products. 
 

A. Multi-temporal and polarimetric assessment of ALOS 
PALSAR products for mapping CC 

Due to the background ALOS PALSAR acquisition strategy in 
the region only HH products could be compared across all 
three seasons. When examining the correlation between the 
PALSAR HH products and LiDAR woody cover across 
seasons and grid size (figure 4), R2 values were the highest at 
all grid resolutions during the winter or DRY season, followed 
by the summer or MWET season, with the poorest results 
obtained during the transition between wet and dry seasons 
EWET. EWET is a period when the moisture status is more 
likely to be highly heterogeneous in the landscape.  Similar 
results were obtained with Radarsat-2 data in the region [16]. 
 

The previous observations are echoed in the more extensive 
modelling results presented in table 1. Regardless of season, 
the 200m grid resolution yielded the highest overall R2 values.  
The 50-125m, however, was the best compromise between 
modelling detail and accuracy (i.e. the best relationship without 
excessive loss in spatial resolution). HH and HV products 
consistently produced the highest relationships during the 
winter season, and, interestingly, similar performances were 
achieved for co- and cross-polarized products. The volume 
components from the polarimetric decompositions (Freeman-
Durden, Van Zyl) showed higher correlations to the LiDAR 
CC than the co- and cross-polarized backscatter of the same 
season, and may suggest additional benefits of fully 
polarimetric data compared to single or dual polarimetry 
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products.  However, fully polarimetric data were only available 
for the end of the wet season EWET, which is also the season 
which overall produced the poorest relationships when 
considering linear polarizations. A more comprehensive 
seasonal analysis of fully polarimetric data would be required 
to be able to make a more definite conclusion. 
 

 
Figure 4. Mean R2 between PALSAR HH backscatter and LiDAR CC for three 
seasons (middle of wet season MWET, end of wet season EWET, dry season 
DRY) at four different grid sizes 
 

B. Multi-frequency SAR modelling and mapping 
Table 2 illustrates the RF validation results (N=21170 for 

X-band, 17980 for C-band and 21467 for L-band) of the 
various multi-frequency SAR scenarios.  Results indicated that, 
amongst the individual wavelengths, the L-band (R2=0.77; 
RMSE=10.59%; SEP=29.64%) yielded accuracies greater than 
the other shorter wavelengths and their combination (X-band, 
C-band and X+C-band).  This result coincided with numerous 
studies [12], [22], [23], [24]. The X-band wavelength yielded 
the poorest results.  Combination of any of the shorter 
wavelengths with the L-band (e.g. X+L-band and C+L-band) 
yielded marginal improvements with the use of all three 
wavelengths (e.g. X+C+L-band) yielding the highest overall 
accuracy (R2=0.83; RMSE=8.76%; SEP=25.40%, figure 5).   

 
Figure 6 illustrates the spatial distribution patterns of CC 

derived from X+C+L-band datasets.  A 2008 LandSAT-5 false 
colour composite is  provided as  means for  comparison  and 
identification of landscape features.  Figure 6 illustrates 
patterns which were predicted and expected based on expert 
field knowledge of the area by the authors.  For example, 
higher CC values are expected along riparian zones and valley 
landscape features.  The pine plantation forests of Sappi (A) in 
the mountainous  region of the study  area also show  high CC 
 
TABLE I – SEASONAL ALOS PALSAR AND LIDAR CC R2 
RESULTS AT DIFFERENT SPATIAL RESOLUTIONS 

  25 m 50 m 125 m 200 m 

DR
Y 

FBD_HH_06aug07 0.36 0.65 0.72 0.75 
FBD_HH_23sep08 0.32 0.66 0.72 0.75 
FBD_HH_11aug09 0.26 0.64 0.67 0.67 
FBD_HH_29sep10 0.33 0.56 0.67 0.73 
FBD_HV_06aug07 0.40 0.68 0.73 0.76 
FBD_HV_23sep08 0.35 0.67 0.72 0.74 
FBD_HV_11aug09 0.29 0.65 0.66 0.66 
FBD_HV_29sep10 0.35 0.57 0.67 0.71 
Mean (HH DRY) 0.32 0.63 0.70 0.73 
Mean (HV DRY) 0.35 0.64 0.69 0.72 

M
W

ET
 

FBS_HH_03feb07 0.32 0.38 0.50 0.72 
FBS_HH_08feb09 0.33 0.33 0.53 0.49 
FBS_HH_27dec09 0.26 0.32 0.42 0.48 
FBS_HH_11feb10 0.12 0.22 0.61 0.39 
Mean (HH MWET) 0.26 0.31 0.52 0.52 

EW
ET

 

PLR_HH_14apr07 0.05 0.16 0.26 0.30 
PLR_HH_19apr09 0.09 0.29 0.47 0.61 
PLR_VV_14apr07 0.02 0.09 0.16 0.19 
PLR_VV_19apr09 0.06 0.21 0.38 0.51 
PLR_HV_14apr07 0.10 0.30 0.45 0.51 
PLR_HV_19apr09 0.14 0.39 0.57 0.70 
PLR_VH_14apr07 0.09 0.26 0.42 0.49 
PLR_VH_19apr09 0.12 0.34 0.53 0.67 
Mean (HH EWET) 0.07 0.23 0.37 0.45 
Mean (VV EWET) 0.04 0.15 0.27 0.35 
Mean (HV EWET) 0.12 0.34 0.51 0.61 
Mean (VH EWET) 0.10 0.30 0.47 0.58 

EW
ET

 

Freeman_Vol_14apr07 0.19 0.38 0.47 0.53 
Freeman_Vol_19apr09 0.24 0.47 0.59 0.70 
VanZyl_Vol_14apr07 0.19 0.38 0.47 0.52 
VanZyl_Vol_19apr09 0.24 0.47 0.59 0.70 
Mean (Freeman Vol) 0.21 0.42 0.53 0.61 
Mean (VanZyl Vol) 0.21 0.42 0.53 0.61 

 
 

DRY = dry season/winter; MWET = middle of wet season/summer; EWET = 
end of the wet season/autumn; H = horizontal polarization; V = vertical 
polarization; FBS = Fine Beam Single Polarization mode; FBD = Fine Beam 
Dual Polarization mode; PLR = Full Polarimetry mode; Vol = volume 
component decomposition. Cell shaded tones indicate the following mean R2 
conditions: R2≤0.5   is  white;;   0.5<R2≤0.6   is   light   grey;;   0.6<R2≤0.7   is  medium  
grey; R2>0.7 is black. N ranges from 2371 to 176855 depending on grid size. 
 
values as expected. The area of interest B points out a distinct 
fence line contrast between the low to medium CC of Sabi 
Sands in the south (active bush clearing due to game viewing 
activities) and high CC of the Athole area in the north (severely 
bush encroached former cattle grazing paddocks). Lower CC 
values were typically found on crest landscape features, gabbro 
geological patches (resulting from basaltic intrusions) and as 
well as close to some settlements due to fire wood removal 
(e.g. C – Justicia area). The high CC values found at D in the 
Kruger National Park refers to dense shrubby layer of Acacia 
welwitschii which were typically found on brackish flats. In 
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conclusion, when it comes to the feasibility of modelling and 
mapping CC at the regional scale (and possibility at regular 
intervals), L-band ALOS PALSAR dataset would be 
recommended. C-band Radarsat-2 also has some potential and 
may be useful if time series are available. 
 
TABLE II MULTI-FREQUENCY CC RF MODEL VALIDATION 

X-band only C-band only 

R² RMSE (SEP) R² RMSE (SEP) 
0.34 18.12% (50.87%) 0.61 13.20% (38.50%) 

L-band only X+C band 

R² RMSE (SEP) R² RMSE (SEP) 
0.77 10.59% (29.64%) 0.69 11.71% (33.94%) 

X+L band C+L band 

R² RMSE (SEP) R² RMSE (SEP) 
0.80 9.90% (27.78%) 0.81 9.23% (26.94%) 

X+C+L band   
R² RMSE (SEP)     
0.83 8.76% (25.40%)     

 

 
Figure 5. Observed CC (LiDAR) versus Predicted CC (X+C+L SAR) 
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Figure 6. X+C+L SAR derived CC distribution map (i) with a 2008 LandSAT-5 false colour image over the same area of interest (ii) [A-D= features of interest] 

(i) 

(ii) 

A 

A 

B 

B 

C 

C 

D 

D 
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C. Integrated optical and SAR modelling and mapping 

 When examining the optical-SAR validation results of 
table 3 (N=8010), as expected, the L-band SAR dataset 
obtained the highest accuracy as a single dataset (R2=0.80; 
RMSE=7.87%; SEP=32.21%) due to the ability of SAR signals 
to interact (via signal penetration and backscatter) with the 3D 
structure of vegetation.  For the optical only products, the 
GLCM textures yielded higher accuracies than the raw 
reflectance bands and spectral indices both as single datasets 
and their combination.  These textures captured the local 
variance information resulting from the heterogeneous 
vegetation structure and canopy coverage [25] which gave a 
better indication of CC than the spectral responses.  As soon as 
any of the optical products were combined with the L-band 
SAR datasets, noticeable improvements in the modelling 
accuracies were achieved (R2=~0.85; RMSE=~6.7%; 
SEP=~27.6%).  However, the lack of variability in the 
modelling accuracies with the different optical products, when 
integrated with the SAR data, indicates that the optical data 
products offer a limited contribution to the overall CC 
modelling accuracies with the bulk of the contribution coming 
from the ALOS SAR data. Due to the minimum number of 
processing steps required, which is critical for effective 
temporal CC product automation,  the SAR and raw reflectance 
band integrated model was deemed the best model for mapping 
CC (figures 7 and 8).  Overall the combination of optical 
images and L-band SAR images tends to produce better results 
than combining SAR frequencies. 
 
TABLE III SAR AND OPTICAL CC RF MODEL VALIDATION 
RESULTS 

Optical and SAR Scenarios R² RMSE SEP 
Textures only 0.60 11.12% 45.47% 

Indices only 0.52 12.16% 49.73% 

Reflectance only 0.53 11.99% 49.05% 

Reflectance + Textures 0.62 10.95% 44.78% 

Reflectance + Indices 0.55 11.79% 48.25% 

Textures + Indices 0.61 10.97% 44.87% 

SAR only 0.80 7.87% 32.21% 

SAR + Reflectance 0.85 6.78% 27.74% 

SAR + Textures 0.85 6.78% 27.73% 

SAR + Indices 0.85 6.77% 27.71% 

SAR + Reflectance + Indices 0.85 6.73% 27.53% 

SAR + Reflectance + Textures 0.86 6.74% 27.55% 

SAR + Indices + Textures 0.85 6.75% 27.61% 

SAR + Reflectance + Indices  0.85 6.79% 27.77% 

+ Textures    
 

Figure 8 illustrates the distribution patterns which coincide 
with those of figure 6 (including areas of interests A to D) but 
extends further into the middle and upper regions of Kruger 
Park and parts of Mozambique.  The area of interest E 
illustrates a distinct strip of low CC, running most of the 
length of Kruger Park, which indicate the grassland plains 
typical of shale dominated geology and flat topographies.  
Very high CC is observed in some of the Mozambique 
portions of the map (F).  This illustrates the lower reaches of 
the Miombo Woodlands which dominate the eastern parts of 
Sub-Saharan Africa and consist of dense thickets of savannah 
species.  Additional sources of validation datasets (e.g. LiDAR 
airborne strips and/or aerial photographs) will be required to 
adequately cross-check these regional patterns of CC 
distribution. 
 

Figure 7. Observed CC (LiDAR) versus predicted CC (SAR and raw band 
reflectance) 
 

 IV. CONCLUSIONS 
The investigations carried out in this study (multi-

temporal, multi-polarimetric, multi-frequency and integrated 
optical and SAR integrated modelling of CC), demonstrate 
that ALOS PALSAR L-band is the single most important 
dataset for accurate CC mapping in South African savannahs.  
Dual polarization (HH HV) L-band images acquired in winter 
(dry season) produced the best results in open woody 
ecosystems. Combining L-band with optical (LandSAT) or 
other SAR frequencies (X-band, C-band) did improve 
marginally to moderately the mapping accuracies. In the 
absence of L-band data, both C-band Radarsat-2 and 
LandSAT products produced acceptable results as single 
datasets. However, optical products suffer from sensitivity to 
cloud cover. These are prevalent in summer in South Africa 
(in summer-rainfall areas), which is also the best season to 
map CC because of vegetation peak activity.  
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Figure 8. An integrated SAR and LandSAT-5 raw band reflectance derived CC regional map
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The positive results of these studies bode well for future 

work with the eminent launches of ALOS PALSAR-2 L-band 
sensor and Sentinel-1 C-band sensor (the robust results of the 
C-band in the multi-frequency analyses could lead to 
enhanced multi-frequency modelling).  Additionally, this 
study establishes reliable CC modelling and mapping 
conventions for multi-temporal landscape and regional scale 
conservation and monitoring of carbon via proxy (when 
combined with vegetation height).  The extension of this work 
by using integrated ALOS PALSAR-2 and LandSAT-8 
datasets for the creation of a nationwide map of CC will prove 
vital in the fulfilment of the national mandates of various 
South African governmental departments (e.g. Department of 
Forestry and Fisheries and Department of Environmental 
Affairs).  
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APPENDIX 1 
OPTICAL PRODUCTS AND THEIR FORMULAE (INCLUDING REFERNCES) 

 
Type Product Formulae or desciption if not applicable Reference

Band 1 (450-520nm) - Blue 
Band 2 (520-600nm) - Green
Band 3 (630-690nm) - Red
Band 4 (760-900nm) - NIR

Band 5 (1550-1750nm) - MIR
Band 7 (2080-2350nm) - MIR

Vegetation Index Enhanced Vegetation Index (EVI) Huete et al. (1997)

Vegetation Index Modified Simple Ratio (MSR) Sims & Gamon (2002)

Vegetation Index Non-linear Vegetation Index (NLI) Goel & Qin (1994)

Vegetation Index Soil-Adjusted Vegetation Index (SAVI) Huete (1988)

Vegetation Index Simple Ration (SR) Jordan (1969)

Vegetation Index Normalised Difference Vegetation Index (NDVI) Rouse et al. (1974)

Vegetation Index Moisture Vegetation Index (MVI band 7) Sousa & Ponzoni (1998)

Vegetation Index Brightness, Greenness and Third TasselCap Preset function in ENVI 4.8 Crist & Cicone (1984)

GLCM Textures
Mean, Variance, Entropy, Dissimilarity & Contrast 

(3 X 3 window)
Applied to Red, NIR and MIR5 bands Haralick et al. (1973)

Reflectance Raw TOA reflectance

 
 
 
 
 

[26] 

[27] 

[28] 

[29] 

[30] 

[31] 

[32] 

[33] 

[34] 
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Abstract—This research introduces a simple, repeatable first 
level proxy for forest degradation which can be applied broadly 
over a range of scales and forest types, and can support countries 
with limited resources with their forest carbon inventories. The 
Riitters index [1], was employed as a first level proxy for forest 
degradation as it was significantly correlated with above ground 
biomass, and increasing fragmentation was accompanied by a 
decrease in biomass [2]. While Alos Palsar HH polarization 
backscatter is not directly correlated with biomass, it was found 
to be significantly correlated with degradation categories, 
indicating   the   potential   to   use   σ0 HH backscatter as a correlate 
for degradation, which was observed as a better indicator than 
the RFDI (Radar Forest Degradation Index). High quality forest 
cover maps were easily derived from cloud-independent radar, 
providing an important new data source where optical data are 
often cloudy or not available. Monitoring change from 
backscatter requires further refinement of methods. 

Index Terms—ALOS PALSAR, K&C Initiative, REDD+, 
Forest Carbon, Degradation 

I. INTRODUCTION 
Deforestation and forest degradation are global problems, 

significantly altering ecosystems, the services they provide, as 
well as contributing to climate change and affecting human 
livelihoods [3]. Deforestation, defined by a loss of canopy 
cover and area can occur relatively fast, over a period of days, 
and can be identified and quantified over time at multiple 
scales rather efficiently for tropical forests using remote 
sensing technologies [4,5,6,7]. In comparison, forest 
degradation is poorly defined, though generally described as a 
long term loss of forest function and ecosystem services that 

do not qualify as deforestation or forest clearing [8]. 
Degradation can vary widely in severity, frequency and be a 
result of either natural or anthropogenic processes. This 
variability means the extent, rate and contribution to carbon 
emissions are virtually unknown and there are few proven or 
repeatable methodologies to quantify or identify degradation 
that are applicable across large scales. 

In the physical dimension degradation pertains to a reduction 
in canopy cover, density or forest biomass, without actual area 
decrease in forest area –which is generally costlier and 
difficult to measure [9,10]. Degradation of forests has 
significant adverse impacts on the ecosystem goods and 
services that forests provide including biodiversity, carbon, 
and societal benefits and can be a precursor to 
deforestation[8]. While no clear reduction of the forest area is 
observed, degradation is nevertheless associated with a 
decrease in quality and condition, which can be more difficult 
to reliably observe and quantify in a satellite image. 
Degradation can therefore result in considerable carbon 
emissions, and may often end up in total deforestation. It is 
essential to observe and quantify as much as possible its 
related carbon emissions for REDD+ mechanisms and 
conservation.  

As primary tropical forests have generally high biomass, one 
could potentially correlate a significant decrease in biomass 
with degradation. This research tests spatial pattern as an 
effective proxy for degradation, using available forest carbon 
data to test the relationship. The use of ALOS Palsar data, 
radar imagery collected by the Japanese Space Agency JAXA 
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is additionally evaluated to explore the correlations between 
backscatter, biomass and fragmentation.  

The current ability of countries and organizations to 
operationally map and quantify degradation is largely limited, 
and even advanced remote sensing technology does not make 
it possible to identify human-caused forest degradation. As a 
result, it is largely ignored in REDD+ efforts. Determining 
simple classes of degradation based on spatial pattern and 
mapping changes in between these degraded and non-
degraded classes could help countries meet the REDD+ 
requirements, especially in region with limited resources for 
large areas to monitor like the Democratic Republic of Congo 
[11]. The rationale for the approach is that landscape patterns 
and forest integrity are related to carbon and biodiversity 
patterns, and linking these metrics provides the basic 
information required for informed forest monitoring of both 
deforestation and degradation.  

Most studies using ALOS PALSAR correlate backscatter to 
estimated biomass with mixed results, with high statistical 
correlation but with significant variance, saturation at high 
biomass densities, or seasonality effects [12, 13, 14]. In areas 
with limited or variable quality biomass data, or seasonal 
mixed forest areas, such as in the western DRC and low 
technical capacity, more simple indicators are required for 
forest monitoring. While forest cover monitoring is generally 
straightforward, the study area in the western DRC, which is a 
current hotspot for REDD+ activities is nonetheless plagued 
by consistent cloud cover. This makes the use of cloud-
independent radar data useful for monitoring forest cover over 
time.  

This study evaluates the ability of ALOS to grossly 
differentiate   “degraded   forests”   with   relatively   low   biomass,  
present at the forest edge, and core, intact forest. The forest 
type is assessed by spatial pattern, using the Riitters index 
evaluated on forest/non forest maps [1].  

Edge effects, such as human accessibility, altered light 
regimes can ultimately impact forest quality and density, 
which means landscape pattern could be used to assess 
potential degradation. The extensive biological consequences 
of edge effects have been reviewed in Saunders, 2004 [15]. 
Changes in microclimates, soil, water flux, isolation influence 
forest density and assemblages present at the edge of non-
forest than in core forest. Small and regional scale climate 
effects are present in fragmented forests, where increased 
mortality, fires are observed in forest edges and small 
fragments [16, 17]. In addition, forests edges have greater 
human access and therefore an increase in anthropogenic 
effects [18] which means secondary and degraded forests are 
more likely to be present in edge environments.  

Riitters et al., 2000 [1] elaborated a moving window analysis 
that defines 5 categories of forest types based on spatial 
pattern, namely the relationship between the central pixel and 
pairs in a neighborhood window and its neighbors. It measures 
a degree of clumping based on the frequency that neighbor 
pairs have the same attributes.  The categories of different 

levels of forest or non-forest clumping measure fragmentation, 
which could be interpreted into levels of degradation. 

TABLE I. 
Fragmentation categories from Riitters. 

 
Category Description (fragmentation) Level of 

degradation 
Core 
 

Window is completely forested low 

Perforated Nonforest grouping, window is 
more than 60% forested and forest 
is connected in cardinal directions 
 

 

Edge Forest grouping, and window is 
more than 60% forested 
 

 

Transition Window has between 40% and 
60% forest 
 

 

Patch Window has less than 40% forest high 
   

 
The Rittters index requires a window size, which can be 

related to the scale of the input data, and is eventually 
correlated with a minimum patch size and edge distance. 
Forest cover which does not reach 40% of the window size is 
termed  “patch”  and  is  effectively  either  very  degraded  or   low 
forest cover (but this can mean that the total area categorized 
by the Riitters analysis can be larger than the total input area). 
Window size could be used to adjust to the functional 
definition of forest being used.  

Fragmentation categories based on proportions and 
patterns of neighborhood forest cover, when proven to be 
correlated with biomass or could be used to define different 
types of degradation and potentially biodiversity, which is 
related to forest intactness. The bi-directional change – loss as 
well as gain in forest intactness or connectivity - can be 
defined by tracking changes of forests between categories over 
time. As this analysis depends only on simple forest cover 
mapping, different types of change trajectories and levels of 
degradation can be assessed from simply binary forest cover 
maps, regardless of their source. This can help poorer nations 
with limited capacity map and monitor their forest degradation 
and meet reporting requirements for REDD+.  
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II. DESCRIPTION OF YOUR PROJECT 

 
Figure 1.  
The Lac Tumba landscape is a trans-boundary conservation 
area of 131,000 km2 on the Congo River in western DRC and 
eastern Republic of Congo (figure 1). This landscape 
comprises lowland tropical forests, swamp and transition to 
secondary forest and savannah. The area has several different 
categories of management areas, including protected areas, 
community-based natural resource management zones, and 
extractive zones. The northern portion of the landscape is 
dense moist forest, and edaphic, or swamp forests which are 
generally inaccessible. In the southern landscape, the 
vegetation transitions to shrub, grasslands, and in the southeast 
are several logging concessions.  In the 1990s, this area 
experienced a relatively high rate of deforestation of 1% per 
year [7].  
The Landsat image composite in figure 2 shows non-forested 
areas in pink and deforested/degraded areas in bright green, 
with other forest types in darker green. The forest cover 
changes have been located mostly in the southern landscape in 
and around the logging concessions and closer to more 
populated areas. In recent years, this deforestation rate has 
slowed, presumably due to an official moratorium on new 
concessions. Nevertheless, small-scale clearing, fires 
associated with slash and burn practices and charcoal 
collection are extensive, as the local communities are 
generally poor, have high population growth and large 
dependence on forests for firewood, agricultural land and 
bushmeat. No estimates of degradation for this landscape have 
ever been compiled.  
Within this landscape, many local partners including NGOs, 
government and private companies are engaged in an 

extensive emissions reduction program, which includes 
developing jurisdictional REDD+ projects aiming to 
implement forest conservation and deliver financial benefits to 
communities through model projects. In addition, there is a  

 
Figure 3. Landsat composite of DRC side of Lac Tumba landscape, years 
2000-2005. Pink is non-forest, bright green areas are deforested or degraded. 
Landsat data from USGS. 
 
national scale forest biomass mapping project supported by 
the German Ministry of Environment. 

A. Objective 
The purpose of this research is to explore new methods for 

quantification of degradation and forest cover monitoring 
within the framework of REDD+ in the study region. Low cost, 
simple proxies are a great benefit and particular interest to 
developing countries with limited resources, and can help 
countries like the Democratic Republic of Congo deliver on 
large commitments to REDD+. This analysis aims to develop 
simple, repeatable components of a forest monitoring system 
that addresses forest extent and degradation.  

B. Work approach 
Forest cover data for the entire DRC were acquired from the 
freely available CARPE data [19] Initiative for remote sensing 
forest monitoring in Central Africa. This data has a resolution 
of 60m, derived from the Landsat archive by the Observatoire 
Satellital   des   Forets   d’Afrique   Central   (OSFAC),   the  
University of Maryland and South Dakota State University. 
This data shows forest in 2010 (definition of greater than 30% 
tree cover) and forest cover lost since 2000. Only forest cover 

Figure 2. The study region is the Lac Tumba Landscape , on the border of 
the Democratic Republic of Congo and Republic Congo 
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in the primary humid tropical forest category was used for the 
analysis. Forest data from the year 2000 was selected in order 
to be temporally correlated with the total biomass map from 
Saatchi, 2011 [20], which used MODIS data from circa 2000. 
This pan-tropical biomass map has a resolution of 30 arc 
seconds (~900m).  
 
C. Satellite data 
 
ALOS Palsar dual polarization HH and HV data for 2007 and 
2010 were provided by JAXA, covering the entire landscape 
and allowing for temporal change analysis. Data were 
projected to WGS-84  and  calibrated  to  σ0 and power units.  
 
D. Analyses 
 
The Riitters algorithm used to calculate fragmentation was run 
in GRASS GIS version 6.4.2 on the primary forest data from 
2000 using a kernel determined to be appropriate to the scale 
of the biomass data, and known degradation patterns: 17. The 
evaluation of biomass differences between each Riitters 
category was conducted for the entire DRC to evaluate the 
Riitters index at grouping significantly different biomass 
classes. Next, a set of 818 randomly placed points were 
sampled within the tropical dense forest of the Lac Tumba 
study area to assess the differences in various backscatter 
indices among fragmentation categories developed from 
FACET forest cover data from 2010. The ALOS parameters 
included  HH,  HV  polarizations  in  both  σ0 and power units, as 
well as the radar forest degradation index from Mitchard [21].  

The correlation and paired difference in biomass and ALOS 
indices in each Riitters category was analyzed using a standard 
analysis of variance ANOVA, using Riitters as a categorical 
value. A Tukey HSD was run to determine the confidence 
interval of the difference between each category pair. This test 
compares means for different levels, adjusting for mildly 
unbalanced design (the presence of more core forest than other 
categories). This was performed using the R statistical 
package version 2.14.0.  

A fragmentation analysis was run on a 2010 forest 
classification, using the maximum likelihood on a 2010 ALOS 
image composite (HH-HV-HH/HV) to compare with the 
fragmentation analysis performed on forest cover derived from 
60m optical data. A window size of 39 was used to 
approximate the 17 pixel window size for 60m data. 
Finally, an evaluation of trends from ALOS were determined 
by simple subtraction of ALOS HH, which was found to be 
significantly different between Riitters categories, as well as 
post classification change, classification of a multi-date 
composites. Thus, the observation of forest cover change from 
2007-2010 was assessed with ALOS, in comparison with 
existing data to assess the added value of using cloud-free 
radar data for forest monitoring.  
 

III. RESULTS AND SUMMARY 
 
The data available for the analysis included a multi-year 
Landsat composite and derived forest cover data, the derived 
fragmentation data, and ALOS Palsar data from 2007 and 
2010, provided by JAXA for western DRC.  
 
 

 

 

 
Figure 4: Datasets for the landscape. From top, left to right:  Landsat 2005-
2010 composite from FACET; Forest cover change product 2000-2005-2010 
from FACET (green: intact primary forest; light green: secondary forest; red: 
forest loss) forest; Riitters index calculated for 2010 (green: core forest, light 
green: perforation; yellow: transition; orange: edge; red: patch); Above 
ground biomass map from Saatchi et al., 2011 where brown is higher biomass; 
ALOS 2010 composite (HH-HV-HH/HV) 2009 © JAXA/METI, Analyzed by 
JAXA 
 
The sampled mean total biomass in each Riitters category was 
found to be significantly different between categories for the 
entire DRC, using fragmentation run at window size 17 
(~1km) from forest cover data from 2000. Biomass is highest 
in core forest and lower within categories identified as 
degraded, as expected. Significant differences between paired 
categories are shown in table 2. There is, however, a lack of 
biomass data for 2010, the ALOS backscatter was assessed for 
significant differences between fragmentation categories, 
derived from 2010 FACET data.  
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TABLE II. 
Tukey multiple Comparisons of biomass means by Riitters category – 95% family-wise confidence level, 

estimated for the entire DRC 

Paired Category Mean 
difference Lower range Upper range Adjusted p 

patch-core -98.08 -102.20 -93.96 0 
Edge-core -64.60 -69.86 -59.33 0 

transition-core -26.35 -29.68 -23.02 0 
perforation-core -16.92 -20.23 -13.62 0 

edge-patch 33.49 27.14 39.84 0 
transition-patch 71.74 66.98 76.60 0 

perforation-patch 81.16 76.31 86.00 0 
transition-edge 38.25 32.38 44.12 0 

perforation-edge 47.67 41.82 53.53 0 
perforation-transition 9.42 5.23 13.62 0 

 
TABLE III. 

Mean and standard deviation of biomass and ALOS variables by fragmentation category 

 Non forest Core Patch Edge Transition Perforation ANOVA p 

N 69 330 166 41 107 105  
Mean biomass 27.57 166.2 58.97 107.4 143.5 139.37 0 
STD biomass 32.17 40.32 50.78 61.07 52.81 63.33  
Mean HH s0 -12.93 -6.43 -9.79 -8.69 -6.45 -6,69 0 

STD hhs0 5.48 1.51 4.05 4.38 1.71 1,53  
Mean HV s0 -18.49 -11,36 -14,69 -13,48 -11,59 -11,47 0 
STD HVs0 6.79 1,49 5,58 4,60 1,75 1,84  

Mean HH power 0.09 0,24 0,14 0,18 0,24 0,22 0 
STD HH power 0.1 0,08 0,10 0,12 0,10 0,08  
Mean HV power 0.02 0,08 0,04 0,06 0,07 0,07 0 
STD HV power 0.03 0,02 0,03 0,04 0,03 0,02  

Mean RFDI 0.56 0,50 0,52 0,48 0,51 0,49 0.116 
STD RFDI 0.22 0,15 0,21 0,18 0,15 0,15  

 
 

TABLE IV. 
Tukey HSD of mean HH backscatter (σ0) difference between each fragmentation category, window size = 17. ANOVA P <<0 

Paired Category Mean difference Lower range Upper range Adjusted p 

core-nonforest 6.42 5.33 7.51 0.000 
Patch-nonforest 3.07 1.89 4.25 0.000 
Edge-nonforest 3.97 2.32 5.60 0.000 

Transition-nonforest 6.42 5.14 7.69 0.000 
Perforation-nonforest 6.1 4.83 7.39 0.000 

patch-core -3.35 -4.14 -2.57 0.000 
Edge-core -2.45 -3.84 -1.07 0.00004 

transition-core -0.006 -0.92 0.91 0.928 
perforation-core -0.31 -1.24 0.61 0.492 

edge-patch 0.9 -0.56 2.35 0.250 
transition-patch 3.35 2.32 4.37 0.0000 

perforation-patch 3.04 2.05 4.07 0.0000 
transition-edge 2.45 0.92 3.98 0.00008 

perforation-edge 2.14 0.61 3.68 0.001 
perforation-transition -0.31 -1.45 0.83 0.972 
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The mean and standard deviation of biomass and ALOS 
parameters in each fragmentation category (using 2010 forest 
cover data) are shown in table 3. When testing all the ALOS 
parameters within the fragmentation category, the analysis of 
variance was significant, but the best correlation was found 
using   HH   backscatter   (σ0). The RFDI was not found to be 
significantly different between fragmentation categories. 
 

Figure 5. Distribution of HH backscatter estimates (notch indicates median) of 
sampled fragmentation categories at window size 17. 
 
These figures represent static estimates of the backscatter 
within each type of forest determined by the fragmentation 
analysis. Core forest had significantly high backscatter than 
degraded types, though there is significant variance within 
forest categories.  
 
A maximum likelihood classification was run on the ALOS 
2010 composite image (HH-HV-HH/HV), and results validated 
by high resolution data. The ALOS data differentiate savannas 
easily from forest. The results of the forest/non forest 
classification are shown in figure. This simple classification 
produced results very similar to available data from Google 
[22] and FACET, with the improvement that clouds are not an 
issue. The detection of detailed water bodies is unprecedented 
for this area. 
 
There were virtually no differences between the classification 
results from ALOS and the Google/UMD data. The 
fragmentation classification however is greatly improved with 
the higher resolution when using ALOS (left) than FACET 

which overestimates patch forest and fragmented categories 
and loses details in the gallery forests (figure 7, center right of 
image area).  
To determine trends over time several approaches were used, 
as multi-date composite, as well as post classification change.  
 

 
Figure 6. The classification was validated by Pleiades imagery from 2013, 
donated by Astrium.  
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Figure 7.  HH backscatter difference image 2007-2010. Top left: raw 
difference, top right: stratified by forest/nonforest 2007, bottom left: 
Google/UMD deforestation over the same time period 

 
The subtraction image was thresholded by the image 
classifications, as well as the information from table 4 and 
figure 5, trying to approximate the change from intact forest to 
other types, and to avoid erroneous change in savannas. Most 
change is indeed observed up in savannas, where seasonality 
and land use practices such as slash and burn product inter-
annual change in backscatter; or near rivers which are swampy 
areas which may flood and dry over time. The change 
detection is able to reproduce the change observed by the 
Google algorithm, though suffers from large overestimation of 
change (errors of commission) which cannot be so easily 
removed.   
The multi-date composite image (2007HH-2010-HH-2010-
HV) show similar patterns (figure 9). Red is areas of 
significant change due to presumed decrease in vegetative 
cover. White is consistent forest cover. This image shows the 
great variability within the landscape, though is not able to 
explicitly identify the degraded areas as seen in the first 
Landsat image, which are observed in bright green along the 
river (figure 4) or on forest edges, observed in the field. 
 

 
Figure 8. Multi-date ALOS image composite: Red: HH 2007 Green: HH 2010 
Blue: HV 2010. 
 
Upon visual inspection of the ALOS Palsar imagery vs. 
optical Landsat, one notices the improvement of cloud-free 
observations, and highly discernible water bodies and swamp 
forests and clearly defined savannas, though no clear view of 
degraded forests as expected. These are clearly visible in 
medium imagery (Landsat multi-date composite in figure 4) 
and also high resolution such as Pleiades (figure 6).  
The HH polarization backscatter is significantly correlated 
with general fragmentation types, derived from spatial pattern 
of forest cover, with increasing backscatter related to more 
intact forests. However, the less degraded types such as 
perforation and transition were not significantly different, and 
HH backscatter alone cannot be used to reliably discern 
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degraded vs. core forests. This means other methods must be 
explored to differentiate the smaller differences between intact 
and slightly degraded forest types.  The HH polarization 
difference image appears to have caught some deforestation 
and change, but mostly in savanna areas. In the raw change 
image (figure 8) speckles were not able to be removed by 
filtering and a lot of change may be seasonal, or not linked 
with deforestation. This change image is not as easily 
interpretable for users with more experience with optical data 
and needs to be refined for better results, as the current change 
detection is ultimately varied and less conclusive than desired. 
However, being that this landscape is rather seasonal, there 
appears to be significant change in savanna areas and around 
forest patches, which can be verified in high resolution data as 
burned areas, or seasonally flooded zones. Therefore, use of 
dry season only and wet season only data is an important 
recommendation for future monitoring with radar. Annual 
composite imagery may be affected by seasonality, variations 
in rainfall and other biotic variables.  
The 2010 image classification to forest/non-forest showed 
very good results when discerning primary forest from 
savanna, which can be used to stratify imagery for further 
monitoring. A simple supervised classification was used and 
provided quick and acceptable results. The final classification 
was virtually indistinguishable from the Google/UMD product 
[22], even in the complex mix forest landscapes, which means 
ALOS users can obtain similar results as a huge Landsat 
cloud-based processing based at Google. Object-based 
algorithms may improve the classification; however 
segmentation software was not available for this analysis. The 
2007 image showed much more forest in the classification, 
though these appeared to be seasonal effects, in flooded or 
moist forests near rivers, and vegetative changes in savannas. 
An additional value was the detailed water body mapping, 
which has exceeded previous efforts to map the small rivers 
and islands in the landscape. 
The fragmentation analysis performed on the 2010 image 
showed great improvement due to resolution and improved 
detail. The fragmentation analysis run on 60m data greatly 
overestimates patch forest. Thus, ALOS Palsar is 
recommended for detailed identification of degradation from 
forest pattern mapping.  
 

IV. CONCLUSION 
The Riitters fragmentation analysis shown here can be used as 
an adequate surrogate for pertinent forest categories of 
degradation, using spatial pattern, in the absence of more 
detailed information. As degradation is a relevant and 
important aspect of REDD+ monitoring and reporting, this 
method can serve as a valuable, cost-effective, first cut 
approach in assessing forest degradation in its current state, as 
well as evolution over time. With different forest cover maps 
from different years, the analysis enables one to assess 
reference condition, which is a required component for 
monitoring degradation [8], as well as current status. ALOS 
Palsar backscatter was significantly different between forest 
and non-forest, and leads to the development of good forest 

cover maps, but in this research was not able to significantly 
discern forest fragmentation types, and high variance prevents 
it from being used alone to categorize degradation.  
The major limiting factor in the evaluation of degradation 
from spatial pattern is the availability of quality forest/non-
forest cover maps.  In countries like the DRC, cloud cover is 
an inherent problem with optical remote sensing and mapping. 
This analysis used the best available data to date from 
FACET, which can be substituted by the University of 
Maryland data [23], which cannot be tailored or reproduced by 
other users, and in some areas of northern DRC can still be 
affected by clouds. Future efforts to map DRC forests from 
radar data such as the Japanese ALOS sensor will inevitably 
improve forest mapping in tropical areas.  
The availability of a carbon map and existing resolution may 
have an important role here. The DRC is currently mapping 
national forest biomass, funded by the German Ministry of 
Environment and Nuclear Safety (BMU) International Climate 
Initiative, and the KFW Development Bank. This work, 
executed by WWF will collect more than 300,000 ha of 
airborne LiDAR throughout the country, enabling better 
estimates of forest carbon in areas with virtually no data, or 
those with particularly high error, as seen in Saatchi et al, 
2012. The LiDAR footprints, collected in 2,000 ha plots, along 
with 10cm aerial photos will enable more a detailed look at 
canopy structure, biomass and degradation and will be used in 
combination with available ALOS.  
According to this analysis, simple pattern can be used to 
generally described degradation related to biomass density, 
and to overcome data limitations and the large area that needs 
to be monitoring. Current attempts to develop sub-
jurisdictional REDD+ programs, particularly in DRC have 
opted to simply avoid estimates or calculations of unplanned 
degradation from their baselines and reductions targets. This 
research shows that spatial pattern is significantly correlated 
with biomass, and cloud-free data from radar can play a major 
role in continued forest monitoring.  
The use and availability of ALOS Palsar can additionally help 
countries overcome persistent clouds and develop quality 
forest cover maps. However, the technical nature of radar 
processing can present some obstacles, as well as availability 
of object-based classification software. The basic pre-
processing of ALOS data was not so straightforward and 
surprisingly few manuals exist which clearly explain the 
calibration,   conversions   to   dB   etc….Additionally,   the   data  
format is not so easily manipulated with software other than 
ENVI. Thus, improvement in documentation and more 
accessible ALOS Palsar data formats can greatly help 
developing nations map their own forests for conservation and 
sustainable development.   
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Abstract— This report summarises the studies conducted 
in the Kyoto and Carbon Initiative program aiming at 
mapping of forest extent, forest biomass and their 
change over time using ALOS/PALSAR data. Two 
countries have been studied: Cameroon and Vietnam. In  
Cameroon, the initial work was performed for biomass 
assessment over woody savanna (Section 2). Using the 
biomass map, a method for Forest/Non Forest mapping 
has been derived and the results have been compared 
with conventional forest mapping using optical data 
(Section 3). The biomass mapping method has been 
extended to the woody savanna of Africa, using the 

PALSAR mosaic (Section 4). In Vietnam, biomass maps 
derived from PALSAR have been used to assess the 
change in biomass between 2007 and 2010. (Section 5)..     
For all the studies, ALOS PALSAR data proved 
particularly useful for providing information relevant to 
carbon budget calculation and to the assessment of forest 
states. 
 
Index Terms: ALOS PALSAR, K&C Initiative, forest 
biomass, forest biomass change, Forest-Non-forest 
mapping, woody savanna, Cameroon, Africa, Vietnam 

. 
 

 

 
I.  INTRODUCTION 

Estimates made for FRA 2010 [FAO 2010] show that the 
world’s   forests   store   289  Gigatonnes   (Gt)   of   carbon   in   their  
biomass alone. While sustainable management, planting and 
rehabilitation of forests can conserve or increase them, 
deforestation and degradation and poor forest management 
reduce forest carbon stocks. Globally, carbon stocks in forest 
biomass decreased by an estimated 0.5 Gt annually during the 

period 2005-2010, and this loss has significant implications 
for the Earth system 
Increased awareness of these impacts has led to a number of 
international conventions including the UN Framework 
Convention on Climate Change (UNFCCC), its Kyoto 
Protocol contributing to the preservation, enhancement and 
long-term sustainability of global forest carbon stocks. For 
this reason, there is a need to continue the mapping of forests 
on a regular basis and to assess the changes in extent and in 
status (in terms of structure and biomass), so that processes 
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and drivers of change can be better quantified. For reporting to 
international agreements, there is also a requirement to 
retrieve specific data relating to the carbon budgets associated 
with these forests. Although considerable advances have been 
made in these areas in recent years, significant obstacles still 
remain in terms of collecting and collating relevant and timely 
data. 
Forests act both as sources and sinks of CO2 as deforestation 
depletes carbon stocks and releases CO2 to the atmosphere, 
while on the other hand, forest regrowth can result in large 
absorptions of carbon. Quantifying forest carbon stocks and 
their changes is therefore critical. However, the magnitude, 
stability, and regional and temporal variability of these sinks 
and sources are poorly known and are the subject of heated 
debate, particularly because of its relevance to the Kyoto 
Protocol.  
In the framework of the JAXA K&C Phase 3, the proposal 
objective is to demonstrate the feasibility of forest monitoring 

information generated from PALSAR Earth observation data 
in four studies: 

(1) Forest biomass mapping in Cameroon, as a research 
part of the REDDAF project, also as a contribution to 
the GEO-FCT, Cameroon being one of the National 
Demonstrator. 

(2) Mapping of forest cover in Cameroon using  the 
Biomass map developed in (1) 

(3) Mapping of woody savanna in Africa, using a 100m 
PALSAR mosaic  

(4) Mapping of forest biomass and estimation of biomass 
change between 2007 and 2010 using the 50 m 
PAlSAR mosaic in Vietnam. 
 

 
 

 
II. MAPPING OF WOODY SAVANNA BIOMASS IN CAMEROON 

 
Stephane Mermoz, Thuy Le Toan, Ludovic Villard, Maxime Réjou-Méchain, Joerg Seifer-Franzin 

 
 

 
II.1 INTRODUCTION 

 
Recently, it was recognized that Africa is a major source of 
interannual variability in global atmospheric CO2, although 
Africa contributes less than 4 % of the global fossil fuel 
emissions. In a review of the most recent estimates of the net 
long-term carbon balance of African ecosystems, the 
uncertainties associated with these estimates are high: the 
carbon balance of African ecosystems varies from a  sink to a 
small source (Ciais et al., 2011). Although Africa carbon 
stocks appear to be particularly vulnerable, they have been 
spared from massive deforestation in tropical forest. 
Reversely, deforestation of savanna woodlands was found to 
be rapid, with, for example, a rate of 2.75 % reported for 
Uganda, for the 2005-2010 period.  In Africa, savannas cover 
roughly 50 % of the continent and the main savanna 
vegetation types are woodlands, tree and shrub savannas. 
Forest and savanna mosaic is frequent in transitional zones. In 
the context of the Reduced Emissions from Deforestation and 
forest Degradation (REDD+) programmes in Africa, emphasis 
has been put on biomass change in tropical rain forests, in 
particular in the Congo basin. Though, studies pointed out the 
need to consider the contribution of savanna in the overall 
carbon budget when determining the direction of the African 
carbon budget (sink or source). Radar remote sensing data are 
expected to provide estimates of the above ground carbon 
stocks and to monitor their change over time. Changes may be 
caused by deforestation or fire, or associated to increase of 

woody savanna biomass at longer terms.  Many studies have 
shown that long wavelength radar data are sensitive to forest 
biomass. Mapping of above-ground biomass (AGB) has been 
demonstrated using P- and L-band backscatter data. Whereas 
P-band data are expected to be used for a larger range of AGB 
values, until now, only spaceborne L-band data from ALOS 
PALSAR are available for studies. The data appear well 
adapted to the retrieval of AGB of savanna woodlands 
(typically less than 100t/ha). The objective of our study is to 
develop method for savanna biomass mapping at 25 m 
resolution that can be adapted to large regions using ALOS 
PALSAR mosaic data (Mermoz et al., 2014). 
 

II.2. STUDY AREA AND DATA 
 

A. Study area 
 
The study addresses woody savanna ecosystems in Cameroon, 
Western Africa. The study was initiated within the REDDAF 
project (Heusler et al., 2011), in which assessing biomass from 
EO data was a research component.   
In the REDDAF project, biomass assessment  has been 
focused on the Adamawa region in central Cameroon. This 
region spans the main ecosystem types of Cameroon, from 
humid tropical forest in the south to dry savanna in the north, 
and is thus particularly well suited for our study. In this 
transitional area, forest impinges upon savanna in narrow 
gullies that form along rivers, and in the savanna region, 
pockets of close forest may occur. 
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B. Satellite data 
  
The study is based on two types of ALOS PALSAR data 
provided by JAXA: FBD data over the Adamawa study area 
and mosaic data over the whole of Cameroon. 
FBD SAR data over Adamawa 
Five ALOS PALSAR images were acquired in FBD mode at 
dates 12/08/2007, 14/08/2008, 29/092008, 17/11/2009 and 
5/07/2010 over the study site (60x70 km). Dual-polarised 
images (coherent HH and HV polarisations) were supplied in 
single-look complex (SLC) format. The incidence   angle   (θ)  
varies from 35.1° at near range to 41.8° at far range. The 
azimuth spacing is 3.2 m and the  range spacing is 9.4 m. The 
range resolution is equal to 15 m. The data in the scenes were 
converted  to  σo  values  using a conversion factor equal to 32.0 
(Shimada et al., 2009). The calibration factor CF is -83.2 for 
HH polarisation and -80.2 for HV polarisation before 6th 
January 2009 and -83.0 after 7th January 2009 regardless of 
the   polarisation.   The   intensities   σo   were   converted   into   γo  
values  [σo /cos(θ)]  to  reduce   the  effect  of  incidence  angle  on  
the radar backscatter for targets with dominant volume 
scattering. 
Pre-processing. The image pre-processing steps are applied to 
reduce the geometric and radiometric distortions and speckle 
effects. We first re-sampled pixels in azimuth to obtain almost 
square pixels (azimuth resolution of 12.8m). A 5 × 5 filter = 
based on local statistics (coefficients of variation) calculated 
within individual filter windows, was applied to reduce 
speckle effects. Systematic geocoding and topographic effect 
corrections were performed using the digital elevation model 
(DEM) from Shuttle Radar Topography Mission (SRTM). The 
images were finally re-sampled to 25 m spatial resolution. A 
multi-image filter is applied to further decrease the speckle 
effect while preserving the spatial resolution and the fine 
structure present in the image.  
The resulting ENL is more than 400, leading to the standard 
deviation of the backscatter γo due to speckle of 
approximately 0.2 dB. 
 
Mosaic SAR data over Cameroon 
Sixty-two ALOS PALSAR mosaics with 25-m resolution over 
all of Cameroon from dates 2007, 2008, 2009 and 2010 were 
supplied by JAXA. They are spatially square (112 × 112 km, 
or 1° of latitude and 1° of longitude).  
Pre-processing. The data have been processed by JAXA using 
a large-scale  mosaicking algorithm described in Shimada and 
Ohtaki (2010). It includes ortho-rectification, slope correction 
and radiometric calibration between neigh-bouring strips. We 
applied to these data the multi-image filtering described 
above, using 8 channels (4 dates at HH and HV polarisations), 
leading to an ENL of 112. The standard deviation of the 
backscatter γo due to speckle noise is approximately 0.4 dB.  
The estimation of radar backscatter at the pixel basis is 
affected by two main error sources: the radiometric accuracy 
and the speckle noise. The radiometric accuracy can be split 
into the absolute radiometric bias and the radiometric stability. 

Shimada et al. (2009) estimated the overall radiometric 
accuracy to be 0.76 dB using corner reflectors and 0.22 dB 
from the analysis of Amazon forest data; the latter could be 
referred to as radiometric stability.In our study, we use a 
trade-off radiometric uncertainty of 0.5 dB. 
 

C. Field data 
The development of methodologies for biomass assessment 
requires in situ biomass estimates to be used for calibration 
and validation of biomass retrieval algorithms. From January 
to February 2012, 21 plots were established (in the REDDAF 
project) covering a landscape of 483 km2. Thirteen plots of 1 
ha had a dimension of 100×100 m,1 plot of 200×50 m, 1 plot 
of 143×70 m and 1 plot of 75×133 m. On each plot, diameter 
at breast height (DBH) and total tree height were measured for 
every tree with a diameter ≥  10  cm   in   forests  and  ≥  5  cm   in  
savannas. In this savanna landscape, the plots were selected to 
be in the woody savanna area and in the forest pockets 
scattered  in  gallery  forest.  Hereafter,  we  refer  to  as  ‘savanna’  
and  ‘forest’  plots.  Distinction  between savanna and forest was 
based on species composition and site conditions. For 
example, species such as Hymenocardia acida, Annona 
senegalensis, Terminalia macroptera or Daniellia oliveri 
grow within the dry domain and characterised savanna areas. 
Species such as Parkia bicolor, Ficus exasperata or Uapaca 
paludosa were abundant in gallery forests and were thus used 
to characterise forests. Each tree, liana or palm individual was 
botanically identified. Voucher speci-mens were collected to 
be identified in a second step at the National Herbarium of 
Cameroon. DBH was measured at 1.3 m stem height or at 30 
cm above buttresses. A TruPulse 200 Laser Rangefinder was 
used to measure total tree height of all trees. Overall, 204 6 
976 trees were measured and 162 morphospecies were found 
during the field work. The final database contains 109 species 
fully identified, 33 morphospecies identified only at the genus 
level and 20 morphospecies identified at the family level or 
left undetermined. AGB estimates were calculated for each 
tree using the pantropical allometric equations of Chave et al. 
(2005) except for lianas, palms and pines. These regression 
models consider the diameter (D in cm), the oven-dry wood 
density (ρ in g.cm3) and the total height (H in m) when 
available.  
 
Field data uncertainties 
 Field measurements, allometric equations and plot sizes are 
expected to be the main error sources in field estimation of 
AGB (Chave et al., 2004). 
The mean error in DBH measurement was 2.25%, and the 
mean error in height measurement reached 4.47%. Following 
Chave et al. (2004, 2005), we assumed an error of 10% 
associated with the wood specific gravity values and a mean 
error of 5% associated with the allometric equations. All  
errors, except those associated with the sampling area, were 
propagated by Monte Carlo simulations to yield a standard 
deviation, σMC, associated with plot-based AGB estimates. 
For these simulations, these errors were assumed to follow a 
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normal distribution. The standard deviations (in %) were 2.25 
for the DBH, 4.47 for the height, 10 for the wood density and 
5 for the allometric models. At each generation (n=10 000), 
errors were randomly and independently drawn from the error 
distributions and a new AGB estimate was calculated for each 
tree. We finally calculated the standard deviation of the AGB, 
σMC, associated with each plot, considering the 10 000 AGB 
replicates. Next, we estimated the sampling uncertainty of 
AGB. Assuming that no spatial autocorrelation of AGB 
occurred within the plots, the central limit theorem implies 
that the error due to the sampling size at a given area (A, in 
ha) is: 

σS(A) =m√A 
where σS(A) is the standard deviation of AGB for A-ha plots 
in a larger area and m is the standard deviation of AGB for 1-
ha plots. As suming that σMC and σS are independent, the 
total error associated with AGB estimate can be estimated by 
adding the errors in quadrature (Mermoz et al., 2014) 

 
II.3. METHOD AND RESULTS 

 
A. Development of the direct model 

 
The sensitivity of the radar backscatter to AGB is analysed 
using the set of radar FBD and in situ AGB data. Both HH and 
HV data have been analysed. Figure 2.1 shows the backscatter 
data (γ°hv ) as a function of the in situ AGB plots at different 
dates. For each plot, the temporal variation of the backscatter 
is depicted as the vertical spread of data acquired from 2007 to 
2010. In figure 2.1, data from Mitchard et al. (2011) have also 
been added. For savanna plots (AGB <   100   Mg.ha−1),   an  
increase in biomass corresponding to γo hh and γo hv  of 5-6dB 
is   observed   for  AGB   from  22.7   to   90.3  Mg.ha−1.   For   forest  
plots (AGB > 100 Mg.ha−1),   the sensitivity to AGB is much 
lower (often referred to as reaching a saturation level).  
 
A regression model was developed to relate the backscattering 
coefficient HV to AGB.  

J°hv = a + b(1 − e−c.AGB) 

Where a, b, and c are derived from experimental data. To 
account for variation among datasets (at different dates), we 
simulate variations of a, b, and c to fit the data. We found that 
the data dispersion in Figure 2.1 can be simulated, especially 
for AGB values lower than 100 Mg.ha −1,   by varying 
coefficient c only. Finally, a and b were derived from all the 
datasets, and c is derived for each year.  

 
Figure 2.1: ALOS backscatter (J°hv) from FBD data (acquired 
in 2007, 2008, 2009 and 2010) and data from Mitchard et al. 
(2011)  (<  250  Mg.ha−1)  as  a  function  of  AGB(Mg.ha−1).  The  
best-fit regression (solid line), based on the exponential model 
withcoefficients a = −20.42, b = 9.26 and c = 0.029, is 
significant (r of 0.89 and p value of 3 × 10−7).  Dashed   lines  
show the same regression with the coefficient c equal to 
0.017,0.02, 0.025, 0.035 and 0.04. 
 
B. Biomass retrieval model:  
An often-used method for biomass mapping is to develop an 
inverse model based on the empirical regression derived from 
the available set of in situ and radar plot data. Such a method 
requires a large number of plot data and is site and time 
dependent. In our study, we have shown that a regression 
model with one degree of freedom can be used : 

AGB = −1/c.ln(1 – (γ°hv − a)/b) 
With a= -20.42 and b=9.26, AGB in ton/ha  
Figure 2.2 shows the regression curve for 2010. 

 
Figure 2.2: ALOS backscatter from FBD data (acquired in 
2010) as a function of AGB (Mg.ha−1)   plotted   with   the  
associated uncertainties. The curve is the best-fit regressionfor 
data  from  the  year  2010  (c  =  0.025,  r  =  0.87,  p  =  10−6).   
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To assess the accuracy of extending of the methodology 
developed for the savanna using PALSAR FBD data to the 
PALSAR mosaic data, the inversion using these 2 types of 
data are compared (figure 2.3). A good agreement is observed, 
in spite of the different geometry and preprocessing of the 
radar data.  
 
 

Figure 2.3: Comparison between the retrieved AGB over 
savanna plots from PALSAR FBD data over Adamawa and 
PALSAR mosaic data over Cameroon. The RMSE is 21.3 
Mg.ha−1.   

 
C. Mapping results and Validation 

 
The method is applied to the mosaic data over Cameroon. 
However, because of the large uncertainties in the retrieval 
results for AGB> 150Mg.ha-1, the inversion will be restricted 
to the savanna ecosystem. To avoid underestimation of high 
AGB values, we choose to mask out the dense forest prior to 
inversion.For that, we use Globcover 2009 (Bontemps et al., 
2011) with a resolution of 300m. 
Figure 2.4 shows the resulting AGB map of Cameroon. Figure 
2.5 details the map in figure 2.5 in a 10kmx 10 km window. 
An uncertainty map is associated with the AGB map.  
 
To assess the accuracy of the biomass map,  in situ data have 
been collected in the Central Province of Cameroon, near 
Bafia in July-August 2013.  Twenty plots of 1ha (100x100m) 
have been used. AGB estimates were calculated for each tree 
following the method by Mermoz et al., 2014. Figure 2.6 
shows the validation of inversion results, i.e. the comparison 
between the retrieved AGB and the AGB estimated in situ, 
restricted to retrieved AGB below 150 t/ha. The uncertainties 
associated with the retrieved AGB range from 4.9 to 36.6 
t.ha−1. A very good agreement is observed (RMSE is 18.6 
t.ha−1), in spite of the different test sites used for the derivation 
and for the validation of the model, and without the need of in  
 

 

 
Figure 2.4: Biomass map over Cameroon. Pixels saturate at 
150  Mg.ha−1.  Dense  forest classes were masked out using the 
GlobCover 2009 land cover map (Bontemps et al., 2011). 
Figure shows the north-south AGB gradient. 

 
 

 
Figure 2.5: Biomass and uncertainty  estimates  in  Mg.ha−1  
over a 10 km2 area centred on 7.56°N and 12.73°E. The 
uncertainties shown are one standard deviation of the 
estimated biomass. 
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situ plots for calibration. However, an underestimation can be 
observed for AGB above 100 t/ha. As stated in Mermoz et al., 
2014 , a calibration of the direct model is required with a small 
number of in situ plots (3 to 5) to account for the local 
conditions (forest types, environmental conditions). The result 
shows that using three in situ plots (e.g. AGB of 22.1, 47.2 
and 112.3 t.ha−1) the correlation is significant with an rp of 
0.84 and a p value of 1.7x10−4. The new inverse model has 
been applied to the 2010 PALSAR mosaic data over the whole 
Bafia site, and the in situ data measured in this site are used to 
assess the accuracy of the AGB map. Figure 2.6 shows the 
validation of inversion results restricted to retrieved AGB 
below 150 t/ha. The agreement is excellent with a RMSE of 
11.5 t.ha−1. The method is therefore fully validated. The 
proposed processing chain is viable and can be implemented 
in the whole Cameroon. 
 

 
Figure 2.6  Validation of inversion results using the inverse 
model based on in situ plots measured in the first test site, 
calibrated using three in situ plots measured in the second test 
site. The RMSE is 11.5 t.ha−1. 
Finally, the AGB map is use to assess the biomass and carbon 
contained in the Cameroon savanna. The total the total above-
ground AGB in savannas in Cameroon estimated as  
1254±41.5 Tg and the related carbon is: 626.9 ± 20.7 TgC. 
 
Summary  and conclusions 
 
 In this study, we have developed a methodology for retrieving 
biomass in the African savanna. The methods are based on in 
situ data collected over a representative region in Cameroon, 
and ALOS PALSAR data over that study site and the whole of 
Cameroon. The method emphasised reduction of the 
uncertainties of both in situ and radar data used in the 
development of a direct model relating radar backscatter to 
AGB. In situ savanna and forest pocket plots 1 ha in size were 
selected to reduce the uncertainties in the in situ AGB. 
PALSAR data acquired at different dates from 2007 to 2010 
were used for speckle reduction to reduce the uncertainties in 
backscatter measurements without degrading the spatial 
resolution. The relationships between the radar and the AGB 
data have been analysed. Various regression models have been 

tested on both PALSAR HH- and HV-polarised data,and on 
their combination. The best was found to be an exponential 
law with three fitting coefficients.  
Because of the difficulty of measuring a large number of plots 
in situ in the African savanna, we have tested the model with a 
reduced number of fitting parameters and found that the 
datasets in the study can be described by limiting the 
exponential equation to one fitting parameter. We also tested 
the RMSE between the retrieved and in situ AGB as a function 
of the number of plots used for calibration, and found that four 
calibration plots was an optimal trade off. In this case, the 
overall RMSE between the retrieved and in situ AGB is 26.4 ± 
3.7  Mg.ha−1.  Finally,  the 
PALSAR mosaic data over Cameroon have been inverted into 
AGB and AGB uncertainties for the savanna ecosystems. To 
do so, dense forests have been masked using the global land 
cover map GlobCover 2009. The spatial distribution of 
biomass at 25 m resolution for the 259 227 km2 of Cameroon 
shows a clear north-south gradient. The map also shows 
details of the biomass of savanna ecosystems such as gallery 
forests, forest-savanna mosaics or woody savannas. Based on 
these results, we obtained a total AGB of 1.25 ± 0.04 Pg or 
0.63 ± 0.02 PgC of above-ground carbon in Cameroon 
savannas. The method needs to be further validated by in situ 
plots in Cameroon or in other African savanna countries. For 
Cameroon, further works will address changes in savanna 
biomass since 2007 to detect the loss of biomass. In this 
region the savannas are largely affected by anthropogenic 
disturbances such as fire and clearance for grazing, agriculture 
and timber, especially around settlements. Due to the large 
extent of the savannas in Cameroon, changes in these 
disturbance regimes can result in rapid changes in the overall 
car bon balance. Finally, the method developed using the L-
band PALSAR data is promising for large-scale mapping of 
savanna biomass, particularly in Africa. The biomass and 
biomass changes in dense tropical forests need to be 
monitored for the total carbon budget. This could be achieved 
by using a lower frequency spaceborne SAR. The P-band 
Biomass mission is foreseen for this purpose (Le Toan et al., 
2011)..  
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III. COMPARISON OF OPTICAL AND SAR DATA FOR FOREST COVER MAPPING: 
REDD+ MAY BE HELPED BY SAR DATA 

 
Le Toan, T1., Mermoz, S1., Bouvet1, A., Fichet, L.V2. and Sannier, C.2 

 
1. Centre d’Etudes  Spatiales  de  la  Biosphère,  Toulouse,  France 

2. Système d'Information à Référence Spatiale, Villeneuve d'Ascq, France 
 
 

3.1. INTRODUCTION 
 

Forests can contribute to global climate change and global 
warming protection through carbon sequestration as well as 
offering economic, environmental, and socio-cultural benefits. 
Better forest management has therefore key role to play in 
dealing with climate change (FAO, 2010). A key opportunity 
in tropical regions is the reduction of carbon emissions from 
deforestation and degradation. In the context of the Reduced 
Emissions from Deforestation and forest Degradation 
(REDD+) programmes in Africa (REDDAF), emphasis has 
been put on biomass change in tropical rain forests, in 
particular in the Congo basin. According to FAO (2010) 
Africa suffered a net loss of forests between 2000 and 2010 of 
about 3.4 million ha annually. 
Remote sensing offers considerable potential in support of 
forest monitoring as it provides long-term and repetitive 
observations over large areas. Until now, estimates of 
emissions from deforestation are based on the changes in 
forest cover obtained using remote sensing, together with 
knowledge of values of forest carbon per unit area. The 
shortcoming of the method is the lack of reliable distributed 
forest carbon density (biomass); only a handful of biome-
average datasets, computed from ground measurements with 
relatively small field plots, is applied to broad forest 
categories or biomes. In addition, results of mapping forest 
cover and estimating forest cover changes currently using 
remote sensing depend on the forest definition.  According to 
United Nations Framework Convention on Climate Change 
(UNFCCC),   ‘Forest’   represents   a   minimum   area   of   land   of  
0.05-1.0 hectares with tree crown cover (or equivalent 
stocking level) of more than 10-30 per cent with trees having 
the potential to reach a minimum height of 2-5 metres at 
maturity in situ. Each country can select their forest definition 
from the range of values recommended. The main remote 
sensing data source is from optical sensors, with Landsat data 
the most used for mapping of forest cover and its changes. 
SAR data are rarely used for forest non-forest mapping for 
REDD+ purposes, because SAR data are not systematically 
available, and because the forest and carbon community is 
more familiar with optical data. However, SAR data is more 
directly sensitive to forest biomass, thus an adequate SAR 
system, with long wavelength, could provide mapping of 

above ground biomass (AGB) and its change over time to be 
used for estimating carbon emissions. This is the objective of 
the ESA Biomass mission, to be launched in 2020. Until then, 
the available long wavelength SARs are at L-band. Whereas 
biomass of dense tropical forest cannot be retrieved from L-
band SAR data, mapping of forest and non-forest using the 
ALOS-PALSAR data, could be tested and compared with the 
use of optical data, to assess the potential contribution of such 
data to the REDD+ programme.   
In this paper, the focus is on the comparison of forest cover 
maps derived from optical data and from SAR data in the 
Centre Province of Cameroon (about 84 000 km2), which 
contains humid tropical forests and woody savannas. The 
study is performed based on the datasets assembled in the 
REDDAF project.  
 
3.2. FOREST/NON FOREST MAPPING 
 
For Cameroon, Forest is considered as a minimum area of land 
of 1 ha with tree crown cover of more than 30% (and tree 
height at maturity reaching 5 m and more).  
 
A. Forest/non forest mapping from optical data 
 
In the REDDAF project, mapping of forest cover (1990, 2000 
and 2010) and forest changes in the Centre Province of 
Cameroon (1990-2000 and 2000-2010) has been achieved 
using optical Landsat and Rapideye data (Sannier and Unasa, 
2013) at 30m resolution. A semi-automated classification was 
performed, followed by an intensive interactive post-
processing. The selected demonstration area is very affected 
by a high degree of cloud cover, which has a major impact on 
the production process. Areas incorrectly classified were 
manually relabeled. One hundred seventy-five reference 
samples were collected in the Centre Province of Cameroon 
for accuracy assessment, by independent visual interpretation 
based on available imagery (Fichet et al., 2013). Mean 
producer accuracy of 2010 cover map is 92.6%, mean user 
accuracy is 93.6% and overall accuracy is 94.7% (see Table 3. 
1). 
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Table 1. Comparison of the classification from optical imagery 
with reference samples. Columns show the classes as assigned 
by the classifier, whereas lines indicate in situ classes. Mean 
producer accuracy is 92.6%, mean user accuracy is 93.6%, and 
overall accuracy is 94.7%. 

 
  
B. Forest/non forest mapping from PALSAR  
 
In Section 2, ALOS PALSAR data have been used to map 
above ground biomass (AGB) at 25m resolution in savanna 
ecosystems in Cameroon. The retrieval methods have been 
developed using the following steps a) collection of in situ 
data over two sites (sixteen 1-ha plots in Adamawa Province 
and twenty 1-ha plots in Central Province) and estimate of 
AGB and its uncertainties, b) pre-processing of SAR data, 
with an emphasis on the reduction of uncertainties due to 
speckle, while preserving the SAR resolution, c) development 
of a regression model with a reduced number of fitting 
parameters and d) pixel-to-pixel mapping of AGB over 259 
228 km2 of Cameroon savanna using PALSAR mosaic data. 
The dense tropical forest has been masked using the 
GlobCover 2009 land cover map, and e) validation of the 
AGB map using in situ data from the Central Province test 
site. The agreement is excellent with a RMSE of 11.5 t.ha−1. 
The results for the whole Cameroon indicate a total AGB of 
1.25 ± 0.04 Pg or 0.63 ± 0.02 PgC of above-ground carbon in 
the Cameroon savanna. 
For forest non-forest classification, we use the biomass map 
and a first step consists in assessing the spatial consistency of 
the biomass threshold which separates the two classes 
provided by optical methods (which in turn are based on 
visual interpretation of the tree cover at 30%). The training 
phase provides values of biomass of  47.5 ±4 t/ha. This is a 
surprising result because for woodland savanna, this biomass 
value is far from negligible.   
A simple segmentation of the biomass into of forest class 
(AGB>   47.5   t/ha)   and   non   forest   class   (AGB≤   47   t/ha)   is  
performed. The results are very close to those obtained using 
optical data. When comparing optical and radar results on a 
pixel to pixel basis, the mean producer accuracy is 86.8%. 
Table 3.2 shows the comparison of the forest non-forest map 
results  from SAR data  with reference samples. The mean 

producer accuracy is 87.4%, the mean user accuracy is 86.1% 
and the overall accuracy is 89.6%. SAR data therefore can be 
used for mapping forest cover accurately and quasi 
automatically. 

 
 

3. 3. DISCUSSION AND CONCLUSIONS 
 

The forest-non forest maps from optical and SAR shown in 
Figure 3.1 have comparable validation results. The slightly 
better results of the optical method (approximately 5% of 
difference in overall accuracy) could be explained by the 
use of non independent data for calibration and validation, 
the reference samples (validation segments) being 
extracted from the same optical data used for forest non-
forest mapping. However, SAR-based methods are easy to 
implement and do not require extensive reference samples 
for calibration. It is important to note that the mean AGB 
over non forest class over the region was found to be 42.9 
t/ha. Such a high biomass value associated to the non 
forest class may lead to an underestimation of the carbon 
emissions associated to deforestation and degradation of 
savanna woodland.  
The test is currently performed in other forests (e.g. in 
Vietnam). The results already indicate that SAR data could 
support REDD+ MRV, especially with the  launches of 
ALOS-2 in 2014 and BIOMASS in 2020.  
 

Table3. 2. Comparison of the classification from SAR 
data with reference samples. Columns show the classes 
as assigned by the classifier, whereas lines indicate in 
situ classes. Mean producer accuracy is 87.4%, mean 
user accuracy is 86.1%, and overall accuracy is 89.6%. 
 

 FOREST 
NON 

FORES
T 

Total Producer 
accuracy 

Omissi
on (%) 

FOREST 2311 199 2510 92,07% 7,93% 
NON 

FOREST 152 723 875 82,63% 17,37% 

Total 2463 922 3385   
User 

accuracy 93,83% 78,42
%    

Commiss
ion (%) 6,17% 21,58

%     
 
 

 

 
 
 
 

 FOREST 
NON 

FORES
T 

Total Producer 
accuracy 

Omissio
n (%) 

FOREST 2436 74 2510 97,05% 2,95% 
NON 

FOREST 104 771 875 88,11% 11,89% 

Total 2540 845 3385   

User accuracy 95,91% 91,24%    
Commission 

(%) 4,09% 8,76%     
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Figure 3.1  (Top) Forest/non forest map from PALSAR (left) and from optical data (right) over east part of the Cameroon Central 
Province, and (Bottom) Forest/non forest map from PALSAR (left) and from optical data (right) over a 17 km2 area centred on 
5.78oN and 12.09oE (red box in top  figures). 
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IV. AN ABOVE-GROUND BIOMASS MAP OF AFRICAN SAVANNAS AT A RESOLUTION 
OF 100 METERS USING ALOS PALSAR DATA 

Alexandre Bouvet, Thuy Le Toan, Stephane Mermoz 
 
 

   
 

4. 1. INTRODUCTION 
 

In Africa, savannas cover roughly 50 % of the continent and 
represent 46% of the carbon storage, a situation that contrasts 
greatly with Latin America and Southeast Asia, where 
savannas represent 16% of the carbon storage. The main 
savanna vegetation types are woodlands, tree and shrub 
savannas, forest and savanna mosaic. While African wet 
forests have been relatively spared from massive deforestation 
events, savanna woodlands, in contrast, were found to be 
struck by a rapid deforestation, with, for example, a rate of 
2.75% reported for Uganda for the 2005-2010 period [FAO, 
2010]. The studies mentioned in [Ciais et al., 2011] therefore 
pointed out the need to consider the contribution of savannas 
in the overall carbon budget when determining the direction of 
the African carbon budget (sink or source). So far, above-
ground biomass maps have been produced at global or pan-
tropical scales using lidar data from GLAS onboard ICESat 
and auxiliary data such as MODIS [Saatchi et al., 2011] 
[Baccini et al., 2012], at resolutions of 300 to 500 meters. 
However, these maps focus primarily on regions with high 
above-ground biomass, and their mutual agreement is very 
poor in the low biomass areas such as savannas. 
Many studies have shown that long wavelength radar data are 
sensitive to forest biomass, and mapping of above-ground 
biomass (AGB) has been demonstrated using P- and L-band 
backscatter data at the HV polarization. Whereas P-band data 
are expected to be used for a larger range of AGB values, only 
spaceborne L-band data from ALOS PALSAR are currently 
available for studies. As a result, L-band has been extensively 
assessed for estimating AGB. Literature results suggest that 
there is an AGB saturation level (usually in the range of 75-
150 Mg.ha-1) above which the L-band backscatter intensity 
does not increase with an increase in AGB. As a result, 
PALSAR data cannot be used to derive AGB of dense tropical 
forest (up to 300-400 Mg.ha-1), but appear well adapted to the 
retrieval of AGB of savanna woodlands (typically less than 
100 Mg.ha-1). 
In this study, ALOS PALSAR data have been used to map the 
above ground biomass (AGB) in savanna ecosystems in Sub-
Saharan Africa. The study has been motivated by the need to 
have estimates of carbon in African savannas, and facilitated 
by the recent availability of L-band PALSAR mosaic data, 
suitable to the retrieval of savanna biomass (typically less than 
100 Mg.ha-1) at country and continental scales.  
 

4.2. DATA 
 
A The ALOS PALSAR mosaic of Africa 
 
Within the ALOS Kyoto & Carbon (K&C) Initiative led by 
the Japanese Aerospace Exploration Agency, a wall-to-wall 
mosaic of Africa has been produced at 100 m resolution using 
data from the PALSAR sensor of the ALOS satellite [De 
Grandi et al., 2011]. PALSAR is a L-band SAR that can 
acquire data under several configurations. For the production 
of this mosaic, the dual-polarization mode has been used, 
providing data at HH and HV polarizations for each 
acquisition. The major part of the mosaic is composed of data 
acquired from June to August 2007. The missing acquisitions 
have been replaced by data acquired in the other months of 
2007 or in 2008. 
The processing chain used to produce the mosaic includes a 
topographic correction, which requires the use of the Digital 
Elevation Model (DEM) of the Shuttle Radar Topography 
Mission (SRTM) as an ancillary dataset. 
 
B. AGB data 
 
A collection of above-ground biomass estimates from various 
sources is used in this study. The estimates are obtained by 
applying allometric equations to in-situ measurements 
collected in plots bigger than 0.25 ha in the following 
countries: Cameroon [Mermoz et al., 2014], Uganda and 
Mozambique [Mitchard, 2009], Botswana and South Africa 
[Scholes, 2005]. 
 

4. 3. METHOD AND RESULTS 
 
The method to transform the PALSAR mosaic into an AGB 
map is inspired by the recent work by Mermoz et al. [6], who 
developed a regression model using data from the same sensor 
to produce a biomass map of the savannas in Cameroon. The 
extension of the method to the PALSAR mosaic requires only 
small adjustments to be made. The regression model needs to 
be fitted regionally in order to account for the diversity of 
ecosystems and, more importantly, for the differences of 
seasonality in the mosaic. The HV backscatter is expected to 
be more sensitive to the biomass of savannas in the dry season 
than in the wet season, when the higher soil moisture and the 
higher vegetation water content will be likely to reduce the 
dynamics of the backscatter vs. AGB relationship. In the 
period from June to August, when most of the images of the 
mosaic have been acquired, the dry season corresponds to 
Eastern and Austral Africa, while Central and Western Africa 
undergo a wet season. 
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Figure 4.1 shows the HV backscatter of the field plots as a 
function of the measured above-ground biomass, for two 
biomass ranges: 0-500 Mg.ha-1 and 0-100 Mg.ha-1. The first 
plot shows the saturation of the backscatter above 100 Mg.ha-

1, which makes it difficult to distinguish dry woodlands and 
dry forests (100-200 Mg.ha-1) from dense wet forest (above 
300 Mg.ha-1). In the second plot, the low biomass values (20-
70 Mg.ha-1) are plotted in two different colors depending on  
the season: wet season in green (Cameroon) and dry season in 
black (Mozambique, Botswana and South Africa). As  

expected, the dynamics of the HV vs. AGB relationship is 
higher in the dry season than in the wet season. In the dry 
season, the relationship between the HV backscatter and the 
above-ground biomass is linear in the 20-70 Mg.ha-1 biomass 
range, with a correlation coefficient (R²) equal to 0.84. This 
relationship is used to derive the AGB of savannas in Eastern 
and Austral Africa. 
 

 
Figure 4. 1. HV backscatter as a function of above-ground biomass, for the 0-500 Mg.ha-1 biomass range (left) and for the 0-100 

Mg.ha-1 biomass range (right) 
 
 
Figure 4.2 shows the above-ground biomass map obtained 
from the PALSAR mosaic. Figure 4.3 shows a full resolution 
sample of this map and compares it to the two other biomass 
maps published in [Saatchi et al., 2011] and [Baccini et al., 
2012]. Thanks to its higher spatial resolution (100 m 
compared to 500 m and 300 m), the map produced in this 
study provides much finer details than the two other maps, like 
for example the gallery forests. Although the validation of this 
new product is still ongoing, its accuracy regarding the low 
biomass estimates seems to be higher than that of the two 
other maps, as the patterns that can be seen in Fig. 4. 3 
(gradients of biomass around the gallery forests) are 
ecologically more realistic than in the other maps. 
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Figure 4.2. Above-ground biomass map of Eastern and Austral Africa
. 
 
 

 
 

   
 

 
Figure 4. 3. Sample of the above-ground biomass map produced in this study (left), compared to the maps published in ref 
[Saatchi et al., 2011] (center) and in [Baccini et al., 2012] 
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V. CHANGE IN FOREST COBVER AND ABOVE GROUND BIOMASS IN VIETNAM USING 
2007-2010 ALOS PALSAR DATA 

 
Stephane Mermoz, Thuy Le Toan, Nguyen Quoc Khanh 

 
 
 
 

 
5.1 INTRODUCTION 
 

According to available data, in 1943 Vietnam had 14.3 million 
ha  of  natural  forests,  accounting  for  43%  of  the  country’s  area.  
Since that time, forest cover has decreased dramatically, 
especially during the 1976–1990 period. During that period, 
about 98,000 ha were annually contracted for logging. Forest 
cover declined to 27.2% in 1990, but increased again to 28% 
in 1995, as a result of forest protection and rehabilitation 
programs. This changing trend, however, still meant that from 
1991 onward the area of natural forests continued to decline, 
although at a slower pace than in previous years. The 
establishment of plantations increased fast. Vietnam is 
currently carrying out a large-scale "reforestation" 
programmes. Much of the planting taking place today is of 
fast-growing tree species aimed at producing raw materials for 
the pulp and paper industry or manufacturing of woodchips for 
export. Selection and breeding of new tree species with high 
productivity and adaptability make a significant contribution 
to the implementation of the national planting program. 
Hybrids of Acacia mangium and A. auriculiformis are among 
the species selected for reforestation work, together with  
various Eucalyptus and Pinus species. Also, the area of rubber 
(Hevea brasiliensis) plantations increases very fast to produce 
more   natural   rubber.   According   to   Vietnam’s   agriculture  
ministry, the area of rubber has increased from about 75,000 
ha of rubber in 1975, to about 700,000 ha in 2010. In 2009 
alone, some 37,000 ha of new plantations were created. 
Despite a decreasing density of biomass due to the degradation 
of forests and the increasing proportion of young trees, the 
total carbon stock in forests also followed a pattern of 
transition. Forests in Vietnam represented a net carbon sink of 
around 36TgC per year since the beginning of the 1990s. 
Forests in some regions became more fragmented and 
subjected to edge effects, while the opposite occurred in other 
regions.  
 
Currently, forest area and resource in Vietnam are surveyed 
every 5 years. Earth Observation data have been introduced 
since the 1990-1995 period, based on Landsat data; and SPOT 
data have been used since 1995-2000.  

For the recent period 2005-2010, SPOT 5 (5 m x 5 m  and  2.5 
x 2.5 m resolution) data  have been used to establish forest 
maps  at scales  of 1/25,000 (commune), 1/50,000 (district), 
1/100,000 (province), 1/ 250,000 (region) and 1/1,000,000 
(nation). Remote sensing digital processing and interpretation 
units have been set up at 39 out of 40 provinces with 
significant forest cover [3]. Systematic in-situ survey provides 
data for forest inventory. They are also used as training data 
for forest mapping using SPOT data. The biomass and carbon 
stock accounting for every 5-year period are based on forest 
maps and on biomass in-situ sampling. 
In this project, ALOS-PALSAR  mosaic data have been used 
for mapping of forest biomass using the method developed in 
Section 1 (Mermoz et al., 2014). Biomass maps and biomass 
change between 2007 and 2010  have been obtained. 
While the maps require validation, e.g. using archived in situ 
biomass data , the biomass change map can be interpreted 
quantitatively in terms of extent of degradation. 
 

5.2. METHOD TO ASSESS THE LOSS OF BIOMASS 
 
 

The methods of biomass mapping described in Section 1 have 
been applied to the mosaic data. A thorough pre-processing 
step has been applied onto multi-temporal and polarized 
PALSAR images. It included slope correction, multi-image 
filtering and geocoding. Biomass maps have been derived 
using the direct model developed in Section 1. 
For change detection, an analysis of SAR images over time 
was performed to understand and quantify the effects of forest 
changes on SAR backscatter, and develop 
calibration/validation strategy. Here we focus on the loss of 
biomass following forest degradation caused by forest logging 
for timber exploitation, forest clearing for establishing forest 
plantation, forest degradation prior to establishment of 
hydropower dam, forest degradation   for   mining   activities…  
To analyse the change in backscatter following these losses of 
biomass,  high and very high resolution images were used to 
detect of forest changes (in total 137 ha of samples).  The 
mean forest changes at HV polarization were found to be 5.69 
dB and HV backscatter was higher than -14 dB in all cases 
before a forest change event. 
Changes in forest biomass between 2007 and 2010 have been 
mapped at 25 m resolution by using change detection 
algorithms over the entire Vietnam. The approach uses as 
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change indicator the ratio of the local means in the 
neighborhood of each pixel: 
 
 
  
 
A change in the scene will appear as a modification of the 
local mean value of the image. A Small window size (n=3) has 
been chosen in order to detect small change areas and to 
produce a fine-resolution change map. Thresholding has been 
achieved by means of a maximum likelihood classifier that 
calculates distances between a sample pixel and a mean ratio.  
 
Ratio is 3.7 for class 1 (change) and 1 for class 2 (no change). 
A pixel was assigned to the class for which the distance is 
minimal:  
 
 
 
 

 
 

5.2 RESULTS  
 
Figure 5.2 show the biomass maps of Vietnam in 2007 and 
2010, and map of the decrease of biomass between 2007 and 
2010 
The results have yielded a decrease of biomass of 9 145 km2 
between 2007 et 2010. 
According to FAO 2010, Vietnam has 137 970 km2 of forest 
in  2010: (800 km2 of primary forest and  102 050 km2 of 
regenerated forest and  35 120  km2 of plantations). The rate 
of degradation/deforestation of the forest cover is 6.63% for 3 
years (or 2.21% per year). This rate is very high, although 
more work is required to assess the increase of biomass during 
the same period to better assess the change in forest cover. .  
 Figure 5.3 shows the distribution of degraded area. The mean 
are is 1.75 ha and the median is 0.5 ha.  
 
 

 
 
Figure 5.3. Distribution of thedimension of degraded areas  
 
 
Figure 5.4 and 5.5 illustrate the degradation patterns at 
different forest locations in Vietnam. Depending on the use of  
the degraded forest, the size of the degraded areas range from 
< 0.5 ha to several ha . The largest size is observed for the 
conversion of forest into rubber plantation, and the smallest 
area is observed with small acacia plantation with short turn 
over.  
 
Finally, this work is to be completed with quantitative 
validation of the loss and gain of biomass, and to be continued 
with the future ALOS2 data.

 
Figure 5.1. Flowchart of the method for assessment of the 

loss of biomass between 2007 and 2010.  
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in Mg.ha-1

0 100
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Figure 5.1. Biomass map in 2007 and 2010 using PALSAR data, and map of biomass loss between 2007 and 2010. 
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Rubber plantations Se San dam Rubber & crops

Rubber plantations

0 100
in Mg.ha-1

Loss of biomass 2007-2010

  
Figure 5.2. Biomass loss between 2007 and 2010 in the Vietnam-Cambodia border. In this region, massive degradation has 

been done for rubber plantation. In addition, deforestation was observed prior to the establishment of the hydropower 
dam.  Note that the different degradation pattern in Cambodia in this example.
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Forest degradation for 
Coffee plantation

Attapeu, Laos

0 100
in Mg.ha-1

Logging of acacia 
plantation Hoa Binh

Forest degradation for 
Rubber and Coffee 
plantations, Gia Lai

Forest degradation for 
Rubber (South) and Fruit 

Tree (N), Binh DuongLogging of old Rubber for 
new  plantation, Tay Ninh

 
Figure 5.3 Forest degradation pattern at different places in Vietnam. Blocks of 20x20 km illustrate: logging of small acacia 
plantations in Hoa Binh; massive forest degradation for coffee plantation in Attapeu, Laos; logging of old rubber for new 
rubber plantation in Tay Ninh; forest degradation for rubber plantation and for fruit tree plantation in Binh Duong; 
forest degradation for rubber and coffee plantation in Gia Lai.
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Abstract— ALOS PALSAR, an orbiting L-band SAR 
launched by the Japanese Aerospace and Exploration Agency 
(JAXA) in 2006, pursued a global observation strategy 
through the mission’s end of life in mid-2011.   The PALSAR 
instrument operated in a subset of its available modes for 
much of this time:  fine beam HH polarization mode, fine 
beam HH and HV polarization mode, and SCANSAR HH 
mode.  By restricting both the mode and the look angle for 
many of the observations, a time sequence of regionally 
consistent imagery was produced. 

The$ production$ of$ regional$ scale$ inundation$ products$
required$ the$ following$ processing$ steps:$ $ accurate$ ortho6
rectification$ of$ the$ data,$ radiometric$ terrain$ correction,$
relative$ and$ absolute$ calibration$ corrections,$ image$
mosaicking,$ and$ image$ classification.$ $ $ These$ steps$ were$
carried$ out$ for$ a$ variety$ of$ locations$ in$ North$ and$ South$
America,$and$in$Africa.$

The$inundation$state$of$some$of$these$terrain6corrected$
multi6temporal$ orthorectified$ image$ products$ was$ then$
estimated.$ $ This$ step$ utilized$ published$ criteria$ for$
inundation,$e.g.$open$water$and$flooded$vegetation,$which$
was$ derived$ through$ field$ measurements$ during$ ALOS$
image$acquisition.$
 

Index Terms—ALOS PALSAR, K&C Initiative, wetlands, 
SAR mosaicking, inundation. 

I. INTRODUCTION 

A. ALOS K&C Wetlands Theme 
One of the Themes of the ALOS K&C project was the 

Wetlands theme, whose goal was promoting the use of 
ALOS PALSAR data for delineating the extent and 
quantifying the dynamics of globally significant wetland 
areas.  Numerous studies had previously established the 
theoretical basis and practical application of mapping 
wetland extent, vegetation structure, and inundation status 
using active microwave SAR systems (e.g. [11],[12]).  

The ALOS Wetlands theme benefited from an observing 
strategy targeting globally significant wetland areas.  The 
regional and multi-temporal focus resulted in rich database 
of PALSAR imagery over these locations. [2] 

B. Related task - MEASURES Inundated Wetlands Earth 
Science Data Record 

A research task funded by NASA’s MEASURES program, 
in collaboration with the JAXA ALOS KC, has been 
generating an Earth Science Data Record for global 
inundated wetlands.  Wetland extent and dynamics have 
been characterized using ALOS PALSAR imagery and 
other sensors. The extent and seasonal, inter-annual, and 
decadal variation of inundated wetland area play key roles 
in ecosystem dynamics. Wetlands contribute approximately 
one fourth of the total methane annually emitted to the 
atmosphere and are identified as the primary contributor to 
inter-annual variations in the growth rate of atmospheric 
methane concentrations. Climate change is projected to 
have a pronounced effect on global wetlands through 
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alterations in hydrologic regimes, with some changes 
already evident. In turn, climate-driven and anthropogenic 
changes to tropical and boreal peatlands have the potential 
to create significant feedbacks through release of large 
pools of soil carbon and effects on methanogenesis.  
Therefore, this task was undertaken to support carbon cycle 
science, as well as international wetlands study and 
preservation. [14] 

C. Related task  - NASA Carbon Monitoring System 
One of the objective of the Carbon Monitoring System 

(CMS) is to use the full range of satellite observations and 
modeling/analysis capabilities to establish the accuracy, 
quantitative uncertainties, and utility of carbon products for 
supporting national and international policy, regulatory, and 
management activities.  For this task, a dual polarization 
mosaic of ALOS dual polarized data was created. [10] 

II. DESCRIPTION OF YOUR PROJECT 

A. Objectives and relevance to the K&C drivers 
The prime objective of this work was to examine the 

capability of ALOS SCANSAR data to delineate wetland 
areas and wetland dynamics at large regional scales.  This is 
directly relevant to the Wetlands Theme of the K&C 
Initiative, which focuses on the provision of remote sensing 
datasets that can be used to assist the global mapping and 
monitoring of wetlands and identifying and quantifying the 
threats to which these areas are exposed. As described in 
the ALOS K&C science plan, modelling regional to global 
methane and/or carbon dioxide emissions from wetlands 
requires a digital wetlands map at appropriate scales and 
classification, while conservation in the form of long term 
preservation and sustainable use requires the establishment 
of regional and temporal data sets; the framework for 
national action and international cooperation on wetlands 
and the use of their resources that this work supports is the 
RAMSAR convention, which was initially signed in 1971, 
and is currently supported by 141 contracting parties. [7] 

B. Work approach 
Ortho-rectification of the data consisted of resampling the 

geocoded slant range data into a well-known projection and 
file format.   SAR imagery is impacted by topographic 
slope. This terrain-induced change in backscatter can mimic 
the signature due to inundated wetlands in areas where 
there should be no inundated wetlands (ie mountainous 
terrain).  It is well known how to correct the radiometry of 
the image for this effect, but it requires that the imagery be 
well registered to the topographic data.  In addition, the 
elevation of the ground impacts the geometric translation of 
the slant range imagery when projected onto the 
topographic model of the earth. 

The JAXA Earth Observation Research Centre (EORC) 
provided slant range image strips for use by the science 
team of the ALOS Kyoto and Carbon Initiative.  These 
image strips were thousands of km in length, but have 
reduced resolution compared to that obtained during 
standard processing.   JAXA refers to these calibrated 
image products as “path” image products [1]. 

First, topographic data was constructed from the publicly 
available SRTM Digital Elevation Model (DEM).  Since 
the image strips extend across continental scale regions, we 
created SRTM–like ‘tiles’ of topography information 
corresponding to UTM zone definitions, each tile therefore 
being approximately 6deg x 8deg in size [9].  The tiles are 
actually reconstructed from the SRTM data to be slightly 
larger than the strict UTM zone definition to accommodate 
edge effects.  These tiles remained in the standard SRTM 
projection, a rectangular Latitude/Longitude grid with a 
pixel spacing of 3 arcseconds.  Since the SCANSAR path 
image products have a resolution of approximately 100m, 
the resolutions of the DEM and Scansar imagery are 
roughly comparable.  However, for fine beam path products 
with a resolution closer to 50 meters, an interpolated DEM 
with a pixel spacing of 1 arcsecond was created as well. 

For orthorectification and radiometric terrain correction, a 
software package from Gamma Remote Sensing was 
employed. Each processed path image was projected onto 
the DEM of each UTM zone that it passed through. 
Initially, we discovered that the ScanSAR path products 
were not projected to the DEM at the desired level of 
geometric accuracy.  Gamma Remote Sensing modified the 
algorithm related to the geocoding of ScanSAR K&C path 
products, and subsequently, we found that geometric errors 
in the projected data could now be reliably assessed and 
corrected.  However, we still found that, when compared to 
a simulated SAR image based on the SRTM DEM, there 
were still several pixel errors in geolocation between the 
PALSAR data and the SRTM DEM. 

 In order to correct these geolocation errors, the Gamma 
Remote Sensing software includes software for estimating 
and correcting offsets between images.  This software is 
designed to assist in co-registering pairs of SAR images 
prior to interfering them, but also can be used to correct the 
image geocoding parameters.   

Wetland areas in our study regions are challenging ones, as 
the landscape is dynamic.  The rivers and wetland areas 
change in appearance and sometimes slightly in location.  
However, we have found that cross-correlating the imagery 
against a simulated SAR image based on the SRTM DEM 
can be effectively used to determine geocoding errors, if the 
matching algorithm has robust parameters assigned to it. 

After correcting any geocoding errors, the correlation 
algorithm is again executed in order to produce an estimate 
of the effectiveness of the procedure. If the procedure is 
effective, the offsets should be less than 1 pixel.  

Once the data is accurately geocoded versus the UTM 
grid-zone tiles, the radiometric terrain correction may be 
applied. The objective of the radiometric terrain correction 
is to determine γo in the ground plane from the slant range 
σo imagery provided by JAXA.  The same correction may 
be applied to both HH and HV polarizations.  The 
following equation is implemented by a set of code from 
Gamma Remote Sensing [8]: 
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γo
 x,y=σo

x,y * Ax,y* cos (θmid) / cos(θx,y)  
 

Where γo x,y is gamma-naught for each pixel x,y,  σo
x,y is 

the ground projected sigma-naught values from JAXA for 
each x,y ground pixel, qmid is the mid swath incidence 
angle used by JAXA when calculating the original sigma-
naught image, θx,y is the local incidence angle at each x,y 
ground pixel, and Ax,y is the pixel size normalization factor 
for each x, y pixel calculated from the projection angle, 
which is the angle between the surface normal and the 
image plane normal.   

This correction is only effective if we have an accurate 
assessment of the slope of the imaged terrain.   Radiometric 
errors due to sub-pixel topographic slope variability cannot 
be corrected.   

While the data has now been generally corrected for 
radiometric error due to slope, there are still present in the 
imagery errors in relative and absolution calibration.  
Relative calibrate errors are generally visible as brightness 
trends in the along track or cross track directions.  Absolute 
calibration errors are absolute offsets in calibration that are 
noticeable when examining a temporal sequence of images 
from the same orbit geometry and observation mode. 

There were several approaches taken to correct for these 
remaining radiometric errors using empirical methods.  If 
we take an empirical approach during calibration 
refinement, we must make some assumptions that may on 
occasion be violated.  Some environmental conditions will 
result in changes in radar-backscattered brightness, and 
these changes in brightness may be incorrectly interpreted 
as calibration errors.  When these “calibration errors” are 
“corrected”, the resultant imagery will actually be 
obscuring a real physical change in radar brightness.  
However, the objective of this work is consistent 
radiometry across the multi-temporal sequence of imagery 
to enable the detection of inundation.  Fortunately, the 
signatures of inundation, open water and inundated 
vegetation, are generally quite distinct from second order 
radiometric changes due to physical changes in the 
environment such as changes in moisture content.  The 
radiometric terrain correction as described in the previous 
section is limited in accuracy by the quality of the DEM, so 
care must be taken when comparing imagery from different 
orbits, due to the incidence angle dependence of this 
correction.  When calibrating the long path image strips 
from the JAXA EORC path image product, we also must 
assume that the relative calibration accuracy may vary in 
both the along track and cross track direction.  When 
calibrating relative calibration errors, we must take care to 
insure that the average calibration correction applied to any 
given image is 0db, so as not to introduce absolute 
calibration errors.  The most common relative calibration 
error that required correction was visibly apparent as 
“banding” in the radiometry, typically aligned in the cross 
track correction.   Absolute calibration errors were 
evaluated by comparing individual images with the average 
image brightness of the multi-temporal stack of images Ia, 
and then comparing with radar image brightness in adjacent 

UTM grid zones; sometimes several iterations of calibration 
were required before the imagery converged to a stable 
value. 

Two simple methods were used to identify and evaluate 
absolute calibrate errors. The ortho-rectified image 
segments can be stitched into a single image to form a 
mosaic. There are several available options for deciding 
which pixel from multiple images is preserved in the 
mosaic, if a single pixel on the ground is imaged more than 
once. The option chosen was to have the far range portion 
of the imagery to take precedence over the near range 
imagery, if they overlap.  Zero-fill areas are ignored. After 
a mosaic is constructed, it sometimes becomes visibly 
apparent that adjacent images have a significant difference 
in brightness. This manifests as a banding effect within the 
mosaic.  This is an undesirable appearance, as it may 
potentially make it problematic to correctly classify the 
status of inundation in wetland areas.  Second, individual 
orthorectified image strips were compared with the average 
image brightness of all the images within the UTM grid-
zone. For those cases where multi-temporal data was not 
available, an image-to-image comparison was made where 
they overlap, and if there was disagreement, the 
disagreement in brightness was split between the images, 
while maintaining 0 db mean change for an entire UTM 
grid zone. 

The image brightness may vary for a variety of reasons.  In 
addition to environmental factors, the instrument calibration 
may be in error, or there may be processing errors at some 
stage.  Since the radar backscatter of targets vary with 
incidence angle and with target type, and since ScanSAR 
data has a wide range of incidence angles within a swath 
(from 20 degrees to 50 or more degrees), some banding 
may be due to the varying nature of the scattering of 
whatever may be on the ground.  Recent changes in 
moisture content of vegetation and/or ground soils can 
result in significant changes in backscatter as well.  In the 
context of making it easier to identify locations of 
inundated wetlands, this change in brightness, whatever its 
cause, can be compared with adjacent images or an image 
average, and an empirical adjustment performed. This may, 
however, obscure physical signatures in the data.   Changes 
in backscatter texture and contrast due to some of these 
effects, in particular those due to varying incidence angles 
within an image, cannot be easily corrected. 

Mosaicking involves combining together the ortho-
rectified and calibrated image products into a single 
calibrated image product. Evaluation of the image mosaic 
products is helpful for determining processing and 
acquisition gaps, identifying residual calibration errors, 
visualization of the data, and inundation product 
development.  There were two types of image mosaics that 
were constructed.   Mosaic type 1, each pixel on the ground 
obtains one pixel value from the SAR imagery, despite how 
many times it has been imaged.  The advantages of this type 
of mosaic are that the number of looks is constant across 
the image. The temporal uniqueness of each pixel is 
preserved if a product indicating the date each pixel was 
obtained is also preserved.  Multiple mosaics, each 
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typifying a distinct time interval, may be created.  The 
disadvantage of this type of mosaic is if the temporal 
separation between images is larger than observable 
seasonal phenomena that manifest in the imagery, then the 
image mosaic may have discontinuities of the temporal 
condition of the region (ie one portion of the mosaic 
indicates that a region is inundated, while another portion 
indicates it is not). In overlap areas, a choice must be made 
regarding which pixel from multiple sources will appear in 
the image mosaic.  For this work, the far range pixel was 
favored over the near range pixel. Mosaic type 2, each pixel 
on the ground is the average of all SAR image pixels that 
imaged this ground pixel. The advantage of this type of 
mosaic is that it represents a time-averaged history of each 
image pixel.  Even if the temporal sampling interval is 
erratic, if the time sequence is long enough, the average 
brightness will be representative of the typical state of that 
pixel. Random calibration errors in the individual image 
segments are reduced through the averaging process.   The 
number of looks can be substantially larger than mosaic 
type 1.  The disadvantage of this type of mosaic is that the 
actual temporal uniqueness of each SAR image is lost.  
However, if the individual image segments are preserved as 
well, it is still possible to temporally track environmentally 
distinguishable changes.  One advantage of all mosaicked 
products is that mosaicking eliminates overlapping 
coverage, simplifying the interpretation of the imagery.   

Once the type 1 or type 2 mosaic is constructed and 
calibrated from the slant range path images, wider scale 
image mosaics may be obtained by a simple stitching 
algorithm for aggregating the UTM grid-zone tiles into a 
single image file. However, the file size of such an image 
mosaic, even in a compressed image format, limits the 
desirability of constructing such a file at full resolution. 

However, the data can be easily visualized at less than full 
resolution.  For example, Figure 1 shows a type 2 
SCANSAR mosaic of South America.  This image mosaic 
was generated from 323 SCANSAR path images acquired 
between late 2006 and mid – 2010.  

Figure 2 shows a type 1 dual polarization mosaic of the 
continental United States.  This mosaic is a compilation of 
396 JAXA path image segments, and 830 dual polarization 
image frames processed by the Alaska Satellite Facility 
(ASF).   These frame images from ASF were found in 
general to be better calibrated than the JAXA path images, 
and did not require any absolute calibration adjustments.  
However, 23% of the HH path image segments, and 34% of 
the HV path images segments required calibration 
adjustment, to arrive at a consistent image mosaic.    The 
average absolute calibration adjustment was less than 0.6 
db.  The dynamic nature of this region, in particular in the 
mid-western US where agriculture dominates, made it 
particularly difficult to assess the calibration of this type 1 
mosaic. 

 

 
Figure 1: mosaic (type 2) of most of Northern South America, mid-2006- mid-2010. © JAXA/METI. 
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  Figure 2: a) HH and b) HV fine beam mosaics  (type 1) of the continental US.  © JAXA/METI. 

 
 

 

C. Satellite data 
JAXA supplied the SCANSAR path imagery from the 

EORC, which was mosaicked and calibrated; the result is 
shown in figure 1.  A second mosaic is shown in figure 2, a 
dual polarization mosaic constructed from both path 
imagery from the EORC and individual frame imagery 
from the ALOS data node at the Alaska Satellite Facility 

(ASF).  These data were processed at the level 1.1 
processing level to permit easier orhtorectification and 
terrain calibration.  The observation period extended from 
late 2006 to mid 2010.  Topography data from the NASA 
SRTM data (version 2) were used in orthorectification and 
radiometric terrain calibration. 
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D. Ground data 
Collaborators Allan Arnesen et al collected field data 

within the Curuai Lake floodplain, a complex lake located 
in the Lower Amazon River floodplain (Brazil), 
approximately 900 km upstream from the river mouth.  
Their published results can be summarized as follows [15]: 

During the rising water period of the 2011 flood 
pulse, a field campaign was carried out to support land 
cover classification (2011-04-15 to 2011-04-10; average 
water level of 950 cm). Main land cover types were 
GPS-located and photographed to provide a set of 
ground reference data for training and accuracy 
assessment. Since the campaign was undertaken during 
the rising water period, the majority of the visited sites 
were already flooded. A GPS integrated camera 
(RICOH 500SEW) allowed the acquisition of more than 
one thousand photographs containing information on 
geographic location and direction (Fig. 1). Five main 
land cover types were identified during this campaign: 

a) “open water”, flooded areas not covered by 
vegetation andwith different surface roughness 
according to wind intensity;  

b) “macrophytes”, herbaceous aquatic 
vegetationwith varying biophysical properties, ranging 
from short floating (approximately less than 30 cm) to 
emergent graminoid plants (reaching up to 1.5 m above 
water);  

c) “flooded forest”, representing tree and shrub 
stands with varying biophysical properties (canopy 
height of approximately 3 to 15 m) andwith 
standingwater beneath the canopy;  

d) “non-flooded forest”, trees and shrubs without 
standing water beneath the canopy; and e) “soil”, 
including bare soil and dry or early growth herbaceous 
vegetation areas. 

 
In addition, in 2013 UAVSAR, and airborne L-band 

polarimetric SAR operated by NASA, acquired imagery 
over the Napo River in Ecuador and the Pacaya –Samiria 
reserve in Peru for validation and calibration [16]. 

III. RESULTS AND SUMMARY 
A detailed assessment and validation of identifying 

maximum and minimum inundation extent is being undertaken, 
and when completed will be added to this report as an 
addendum.  Validation is difficult across large regions due to a 
lack of verifiable ground data at the exact time of SCANSAR 
data acquisition.   However, using the backscatter values 
identified by [15] as indicating either open water or inundated 
vegetation, and applied to a multi-temporally averaged image 
mosaic, and then examining backscatter changes in individual 
scansar images for change in backscatter related to changes in 
inundation extent, figure 3 shows a preliminary inundation 
classification developed from ALOS SCANSAR data (2006-
2010) for South America.

 
 
 

  
 
 

 Figure 3. Preliminary inundation classification, a) maximum inundation, b) minimum inundation.  black- topographically excluded; blue – open water; light 
blue – temporarily open water;  green – not inundated; yellow – inundated vegetation; light yellow-   temporarily inundated vegetation; brown  - croplands from 
GLOBCOVER 2009 [17]; grey – unclassified. 
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TABLE  I 
INUNDATED AREA WITHIN AREA SHOWN IN FIGURE 3 

 Maximum (km2) Minimum (km2) 
Inundated vegetation 448 117 
Inland open water 581 124 

 
Preliminary results indicating total area inundated within 

the area shown in figure 3 are provided in table 1, showing that 
the area of inundation quadruples between low and high 
inundation periods.  A more thorough examination of the 
inundation results and comparison with other wetland products 
is in progress. 

This preliminary product uses previously established 
algorithms to determining inundation state by examining a 
multi-temporal sequence of ALOS PALSAR ScanSAR images.  
This type of inundation product is needed to monitor globally 
significant wetland areas, as these wetland areas are significant 
contributors to atmospheric methane.  In addition, continuing 
to monitor wetland areas at high resolution will allow scientists 
to assess the impact of climatic change on these regions. This 
type of result is only possible if consistent multi-temporal 
sequence of images are acquired and made available for 
analysis on a regional to continental scale. 

In the future, the follow-on mission by JAXA with an L-
band SAR, ALOS-2, will have a dual polarization ScanSAR 
mode that will be useful for similar investigations; this mode 
will be helpful in distinguishing the double bounce signature 
characterizing inundated vegetation, thereby reducing the 
errors in the measurement. 
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Abstract—The overarching goal of our KC3 activities was to 
assess the use of ALOS/PALSAR L-band data for forest biomass 
and growing stock volume retrieval. The objective was to test 
whether the use of multi-temporal single and dual-polarimetric 
data would improve estimates of these parameters compared to 
single date observations. For this purpose we studied two large 
regions in the North-Eastern Unites States, comprising the states 
of the Regional Greenhouse Gas Initiative (RGGI), and a large 
commercial timber production area in central Chile (CC). 
Biomass in the RGGI site had been previously mapped in the 
context of the National Biomass and Carbon Dataset project, and 
a comparative analysis was thus possible to assess saturation 
levels at appropriate scale at which ALOS/PALSAR data 
provided viable estimates in that region. In the CC site, a large 
training data set was available from wall-to-wall lidar mapping 
which provided very detailed sampling opportunities. With this 
data set we were able to study how a fusion of lidar sampling and 
L-Band SAR data can provide large area biomass and timber 
volume estimates. Our results indicated that ALOS-PALSAR 
dual-polarimetric data are well suitable to support biomass 
estimation at 100-150 tons/ha, where saturation levels can exceed 
these levels when multi-temporal observations are available. 
Multi-temporal data allow for signal improvement through 
improving the Equivalent Number of Looks (ENL) with multi-
temporal speckle filters, as well as the use of multi-temporal 
backscatter signatures from phenologic dynamics, as well as use 
of interferometric coherence as a signal.  In order to support 
JAXA we share all biomass estimates for the conterminous US 
and RGGI region which resulted from the study, as well as GSV 
maps from lidar which were used for the CC study.  

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, above-ground biomass, United States, Chile, Lidar 

 

I. INTRODUCTION 

A. Background and Objectives 
During K&C Phase 3 our aim was the development and 

refinement of methods for the quantification of two important 
components of the terrestrial carbon cycle: 1) forest biomass, 
which is closely related to the amount of carbon that is stored 

in forests, and 2) the extent of wetlands, which represent 
transitional areas between the terrestrial and aquatic systems 
and play an important role concerning the transport of organic 
matter, i.e. carbon, from the terrestrial to the aquatic systems 
as well as for the conservation of biodiversity, water quality 
and similar applications. This final report addresses the first 
component, as component 2) was targeted for the FY 2015 
year. Should a KC Phase 4 become available, we anticipate to 
work on wetland related studies with ALOS/PALSAR data 
during that phase. 

A large number of studies have shown that SAR has 
potential for forest biophysical parameter retrieval ([1]-[15]). 
One of the key issues, however, that needs to be tackled when 
aiming at using L-band SAR data for the retrieval of forest 
biophysical parameters like aboveground biomass or closely 
related parameters like the growing stock volume or the tree 
height is represented by the fact that SAR measurements are 
influenced by the environmental and meteorological imaging 
conditions, e.g. dry/wet or frozen/unfrozen state of soils and 
vegetation ([1]-[8]). That is why, models relating L-band SAR 
measurements to forest parameters need to be tuned to the 
particular imaging conditions. This is usually done with the 
aid of in situ data. However, in situ measurements of forest 
biophysical parameters are often not available or, in particular 
in remote regions that are difficult to access, of questionable 
quality. A promising alternative is represented by a synergetic 
use of SAR and other EO data, in particular Lidar. During the 
KC Phase 3, we studied with ALOS/PALSAR data synergetic 
methods for field data and lidar data based modelling of 
ALOS/PALSAR backscatter data in two large regions: 1) 
Central Chile and 2) Northeastern USA compromised of the 
states of the Regional Greenhouse Gas Initiative (RGGI). Our 
aim was to test retrieval accuracies and large scale mapping 
potential with ALOS/PALSAR data in these sites.  
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B. Data Deliver to JAXA under the KC3 Commitment 
As stated in our proposal, we were committed to deliver 

the JAXA relevant training data and results that went into the 
production of our data sets. In particular we are delivering: 

- Lidar based volume estimates for Chile as training 
data for growing stock volume mapping in the 
Chilean mapping region.  

- Forest height and biomass estimates from a year 2000 
mapping project in the conterminous United States 
(Figure 1). This dataset was used to train 
ALOS/PALSAR data sets for the RGGI region 
biomass retrieval. 

 
Figure 1: National Biomass and Carbon Dataset of the United 

States in 66 mapping zones. 
 

- Forest biomass estimates from ALOS/PALSAR data 
trained with the NBCD data set for the RGGI region. 

 
RGGI biomass data sets and ALS laser-based forest volume 
data are shared with JAXA via a JAXA-dedicated data sharing 
portal at: http://chronos.whrc.org/_YiSe-xtW2BHVxR. The 
NBCD biomass data set of the United States is available to 
download at http://whrc.org/nbcd. 
The NBCD data set has been delivered also to JAXA 
colleagues during one of the KC3 team meetings on USB 
device. 

C. Satellite data used in KC3 studies 
All PALSAR data sets were obtained in Single-Look 

Complex format (Level 1.1) stemming from the JAXA 
processor at the Alaska Satellite Facility. We used SARMAP 
and Gamma Remote Sensing software, as well as the Wood 
Hole Image Processing System (WHIPS) to geometrically and 
radiometrically correct the datasets. Obtained data span the 
entire mission life from 2007 to 2011. Landsat data were also 
used for fusion studies in the Chile Study. We provide detail 
below when describing the results from the study in CC and the 
RGGI sites. 

D. Ground data and ancillary data sets used in KC3 studies 
Ground data were obtained for our studies from a Chilean 

Company which were used to calibrate the lidar data sets. For 
the U.S. study, Forest Inventory data were only available via a 

Spatial Data Services unit of the Forest Service, since field plot 
locations are not publicly available. Both ground data sets thus 
could not be shared, however we were able to share with 
JAXA all lidar based volume estimates in the CC site. Lidar 
data were not obtained in the RGGI region at this point 
although it is planned to obtain such data sets for further 
studies.  

To calibrate all PALSAR data we used DEM data from the 
National Elevation Data set in the US and SRTM data in the 
Chile test sites.  

 

II. RESULTS AND SUMMARY OF THE CENTRAL CHILE 
STUDY 

 
Currently, small-footprint Airborne Laser Scanners (ALS) 
represent the most deployed type of LIDAR sensors. 
Numerous studies have illustrated the high performance of 
ALS for the estimation of forest biophysical attributes. 
Because of the scanning capability, ALS provide for the 
spatially explicit mapping of forests covered by transects of 
several hundred meters in width. However, wall-to-wall 
coverage of large forest areas with ALS is in most cases 
prohibitively expensive, which is why fusion with image data 
is required to generate wall-to-wall maps of forest attributes 
for larger areas. The goal of this study was to investigate 
robust methods for estimating CH and GSV by spatially 
extending ALS data using ALOS PALSAR-1and Landsat 
ETM+ data, i.e. by calibrating models, relating the spaceborne 
data to CH and GSV, with the aid of ALS derived CH and 
GSV estimates. Landsat TM/ETM+ data have been considered 
as in several studies it was shown that a retrieval of forest 
biophysical parameters based on the fusion of SAR and optical 
data yielded higher retrieval accuracies [16,17,18].  
 
The study area extended over three administrative regions: 
Maule, Biobio, and Araucania and covered parts of the coastal 
Cordillera and the Chilean Central Valley (Figure 2). The 
forest is dominated by even-aged plantations of Pinus radiata 
and to a lesser extent (<20% by area) Eucalyptus globulus. 
Stand-level forest inventory data for 437 stands that were 
collected in the timeframe of the LIDAR campaigns were 
provided by the ARAUCO timber company. The geospatial 
information company Digimapas Chile provided small-
footprint airborne LIDAR data for an area of ~2.5 million ha. 
The data were acquired between 2006 and 2008. The used 
airborne platform consisted of a laser scanning system (Riegl 
LMS-Q560), two digital cameras (Applanix DSS 322) and 
navigation equipment (Applanix POS AV 401). The LIDAR data 
have a nominal range resolution of 2 cm and delivers an absolute 
vertical and horizontal accuracy of better than 15 and 25 cm, 
respectively. During the operation, the height and intensity of 
multiple discrete laser returns for each laser pulse were recorded. 
The laser point density on the ground varied between 1 and 3 
hits/m2 and the scan angles ranged up to 22.5°. Digimapas 
produced and delivered fully geocoded Digital Terrain Models 
(DTM) and Surface Models (DSM) with 1 × 1 m2 pixel spacing.  
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Under a NASA/JAXA data agreement, the Alaska Satellite 
Facility (ASF) provided a multi-temporal ALOS PALSAR-1 
dataset. In total, 189 Fine Beam Dual (FBD) polarization and 
181 Fine Beam Single (FBS) polarization Single Look 
Complex images were available. The FBD data were acquired 
between June and December 2007 and the FBS data between 
January and June and November and December 2007. Ten 
FBD and 14 FBS images (from three different ALOS paths) 
covering the same area as the ALS data were used. The multi-
annual ALOS PALSAR-1 acquisitions also allowed for the 
computation of the interferometric repeat-pass coherence, 
which describes the temporal stability of scattering between 
two images and generally decreases with increasing forest 
density and height. Despite the long repeat interval of 46 days 
– hence the increased risk of temporal decorrelation, 
spaceborne L-band repeat-pass coherence has shown some 
potential for the retrieval of forest biophysical parameters, in 
particular in combination with intensity measurements, when 
the imaging conditions were suitable. The interferometric 
coherence was computed for image pairs with temporal 
baselines of 46 or 92 days and all possible combinations of 
image modes (FBD-FBD, FBS-FBS, FBS-FBD). In total, 
coherence images for 11 acquisition date combinations were 
produced. The perpendicular baselines were between 40 and 
900 m (Table 1). In addition, three Landsat 7 ETM+ images 
were obtained from the Global Land Cover Facility. Two 
images were acquired in December 2005 and one in January 
2007 under cloud-free conditions over the study area. The L1T 
surface reflectance data were already calibrated and corrected 
for terrain as well as atmospheric effects [19].  

 

 
Figure 2: ALOS PALSAR mosaic for Central Chile. RGB=HH, HV 

and HH/HV ratio. The white rectangles denote the areas with wall-to-
wall ALS coverage and the red rectangles denote the areas used for 

testing the fusion of LIDAR, ALOS PALSAR-1 and Landsat ETM+. 
 
 

A Canopy Height Model (CHM) with 1×1 m2 pixel spacing 
was produced by subtracting the ALS DTM from the DSM. A 
suite of ALS canopy structure indices characterizing different 
aspects of the forests canopy structure were computed from 
the CHM for each stand in the inventory data. The indices 
comprised the percentiles of the height distribution of first 
returns in steps of 10%, the coefficient of variation, mean, 
kurtosis, skewness and several canopy density indices (i.e, the 
proportion of first returns from heights above different height 
thresholds). A Gaussian fit to the profile of first return heights 
was computed as an additional means of characterizing 
canopy vertical structure (i.e. with the number of Gaussians 
used to describe the profile). From the ALOS PALSAR-1 
data, the average intensity and coherence were computed 
within each stand. From the Landsat ETM+ imagery, the 
average reflectance observed in bands 1 to 5 and 7 were 
computed. 
 
Segmentation 
Image segmentation was conducted on the ALS CHM using 
the multi-resolution segmentation algorithm implemented in 
the eCognition. Segmentation was used to delineate “stand-
like” image object polygons across the entire study area 
(Figure 3). For the segmentation, the CHM was aggregated by 
means of simple block averaging from 1 to 4 m pixels as a 
tradeoff between preserving spatial detail and reducing the 
amount of data to a level that could be handled by the software 
in an acceptable amount of time. The segmentation parameters 
(i.e. scale, compactness, smoothness) were chosen so that 
segments had sizes comparable to the polygons in the 
inventory dataset (on average 8 ha) and smoothly followed 
stand boundaries visible in the CHM. For the segments, the 
same set of ALS, ALOS PALSAR-1 and Landsat ETM+ 
canopy structure indices were extracted as were for the 
inventory stands.  
 

 
Figure 3: Segmented canopy height model (left) and height profile of 
ALS first returns for a radiata pine stand with a GSV of 96 m3/ha and 

a CH of 17 m (right). 
 
Modeling 
For modeling the relationship between the suite of space- and 
airborne-remote sensing data and the in situ measurements of 
CH and GSV we used randomForest [20], a data mining 
algorithm that has proven robust and computationally efficient 
and that has successfully been applied in several large-scale 
forest mapping efforts [17,18]. In randomForest, a large 
number of regression trees are grown, each recursively 
partitioning the training data, considering at every node a 
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random selection of predictors. The predictions from all 
regression trees are then averaged to obtain a single estimate. 
Each regression tree is grown using a random selection of 
samples. The rest of the samples, the so-called ‘out-of-bag’ 
cases (OOB), are estimated via the respective regression trees 
after training and the obtained OOB predictions for all trees 
are then averaged to obtain an unbiased estimate for the 
retrieval error.  

 
Fusion Experiments 
In a two stage up-scaling approach, randomForest was used 
for the modeling of 1) the relationship between the ALS 
canopy structure indices and the in situ measurements of CH 
and GSV and 2) the relationship between the ALS-based 
estimates of GSV and CH and the ALOS PALSAR-1 / 
Landsat ETM+ datasets. The development of fusion models 
incorporating these data was performed within three 100 km2 
test sites. The test sites, as shown in Table 1, were selected so 
that 1) a wide range of stand growth stages were covered; 2) 
no management activities (e.g. thinning, logging, etc.) had 
occurred during the image acquisition timeframe; and 3) a 
cluster of inventory polygons (i.e. stands) was located within 
each site. Two of the selected test sites were located in the 
Cordillera along the Pacific coast and one in the Chilean 
Central Valley (Figure 2). In total, 105 inventory stands were 
located within the area of the three test sites. These 105 stands 
were used for validation purposes only (i.e. they were not used 
for the development of models, relating the ALS canopy 
structure indices to CH and GSV). At each of the test sites, 
ALS-derived estimates of CH and GSV for the segments in 
the ALS CHM were used as response variables in 
randomForest to develop new models, relating all available 
per-segment ALOS PALSAR-1 intensities and coherences as 
well as Landsat ETM+ reflectances to CH and GSV, 
respectively. The retrieval accuracy was assessed 1) by 
comparing the OOB estimates for CH and GSV to the per-
segment ALS predictions of CH and GSV; and 2) by applying 
the developed models to the ALOS PALSAR-1 and Landsat 
ETM+ data extracted for the inventory polygons that were 
located within the area of the test sites and comparing the 
obtained estimates for CH and GSV to the respective in situ 
measurements. 
 

Test 
Site 

Slope 
(Mean/SD) 

CH and GSV 
(mean/SD) 

PALSAR-1 
Data 
Date           
Mode 

Coherence 
(Bn) 

1 16/9° 

CHFID: 29/11 
m 
CHALS: 25/9 
m 
GSVFID: 
386/198 
m3/ha 
GSVALS: 
316/152 
m3/ha 

10 
Jul. 
10 
Oct. 
7 Jan. 
25 
Nov. 
11 
Dec. 

FBD 
FBD 
FBS 
FBS 
FBS 

10 Jul. & 10 
Oct. (503 m) 
10 Oct. & 25 
Nov. (304 m) 

2 2.6/5° 

CHFID: 19/4 m 
CHALS: 17/6 
m 
GSVFID: 
172/70 m3/ha 
GSVALS: 
154/98 m3/ha 

5 Jul. 
5 
Oct. 
17 
Feb. 
4 
Apr. 
20 
Nov. 

FBD 
FBD 
FBS 
FBS 
FBS 

5 Jul. & 5 Oct. 
(597 m) 
5 Oct. & 20 
Nov. (214 m) 
17 Feb. & 4 
Apr. (567 m) 
4 Apr. & 5 Jul. 
(320 m) 

3 6.5/4° 

CHFID:  21/3 
m 
CHALS: 16/6 
m 
GSVFID: 
172/53 m3/ha 
GSVALS: 
144/102 
m3/ha 

17 
Jul. 
1 
Sep. 
1 
Mar. 
2 
Dec. 

FBD 
FBD 
FBS 
FBS 

17 Jul. & 1 
Sep. (42 m) 
1 Sep. & 2 
Dec. (887 m) 

 
Table 1: Properties of forest in inventory stands and segments 

derived from the ALS CHM (CH and GSV estimates from ALS) and 
the ALOS SAR/InSAR imagery available at three 100 km2 test sites. 
 
Stand-Level Retrieval of Canopy Height and Growing Stock Volume 
with ALS 
Figure 4 illustrates the stand-level OOB estimates for GSV 
and CH when using all stand-level ALS canopy structure 
indices as predictors and the in situ measurements of CH and 
GSV obtained from 319 stands as response variables.  
 

 

Figure 4: randomForest out-of-bag GSV and CH estimates based on 
stand-level ALS canopy structure indices versus in situ GSV and CH. 

The retrieval accuracy is given with the coefficient of 
determination (R2), the root mean square error (RMSE), the 
relative RMSE (RMSEr) and the bias. The RMSEr represented 
the RMSE divided by the average GSV and CH in the in situ 
dataset and the bias was calculated from the difference 
between the average GSV and CH in the in situ dataset and the 
ALS predictions, respectively. In the case of the GSV 
retrieval, the R2 was 0.81, the RMSE was 62 m3/ha and the 
relative RMSE was 22 % when comparing the randomForest 
OOB predictions to the inventory data. In the case of CH, the 
R2 was 0.93, the RMSE was 1.7 m and the RMSEr was 7.1 %. 
The bias was negligible in both cases. When using 
independent sets of training (67 %) and testing samples (33 
%), the retrieval accuracies did not differ significantly (in the 
range of 1 %) from the OOB results.  
 
CH and GSV Retrieval through synergy of ALS, ALOS 
PALSAR-1 and Landsat ETM+  
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Figure 5 illustrates the performance of the stand-level CH and 
GSV at the three 100 km2 test sites when using all available 
spaceborne predictor layers (i.e. up to 18 layers including 
multi-temporal ALOS PALSAR-1 HH/HV intensities, repeat-
pass coherences and Landsat ETM+ reflectances) and the 
ALS-based per-segment estimates for CH and GSV as 
response variables.  
 

 
Figure 5: Estimates of GSV and CH obtained through fusion of 

multi-temporal dual polarization ALOS PALSAR-1 intensities and 
coherence and Landsat ETM+ data versus 1) LIDAR estimates of 

GSV and CH for segments derived from the CHM (grey dots); 2) in 
situ measurements of CH and GSV (black dots). 

When comparing the OOB estimates of CH and GSV with the 
per-segment estimates from ALS, similar accuracies in terms 
of the R2 and RMSEr were obtained at the three test sites. In 
the case of GSV, the R2 was ~0.8 and the RMSEr was below 
30% for all three test sites. In the case of CH, the R2 was 
~0.82–0.86 and the RMSEr was in the range of 15 to 17%. 
The RMSEs at test sites 2 and 3 were about 43 m3/ha (GSV) 
and 2.5 m (CH), respectively. At test site 1, the RMSEs were 
higher but since the average GSV and CH values were also 
higher (Table 1), the RMSEr was comparable to that obtained 
at the other two sites. The bias was always close to zero. The 
result of the independent validation using 105 inventory stands 
was consistent with those obtained when comparing the ALOS 
PALSAR-1 / Landsat ETM+ OOB estimates for CH and GSV 
to the respective ALS derived estimates. In the case of GSV, 
the R2 was between 0.72 and 0.87 and the RMSEr between 15 
and 25%. In the case of CH, the R2 was between 0.76 and 0.86 
and the RMSEr between 8 and 13%. The GSV and CH 
estimates for the inventory polygons generally presented a 
somewhat larger bias of up to 20 m3/ha and 1 m, respectively. 
 

In order to evaluate the benefit of integrating multi-temporal 
ALOS PALSAR-1 FBD and FBS intensity images, repeat-
pass coherence and Landsat ETM+ data, the CH retrieval has 
been repeated using different combinations of the spaceborne 
datasets. Eight different combinations of predictors were 
considered: (1) the best FBS intensity image (1×HH), (2) the 
best FBD intensity image (1×HH, 1×HV), (3) all FBD 
intensity images (2×HH, 2×HV), (4) all FBS/FBD intensity 
images (4–5×HH, 2×HV), (5) all FBD intensity (2×HH, 
2×HV) and coherence images (1×HH, 1×HV), (6) all FBS/FBD 
intensity (4–5×HH, 2×HV) and coherence images (2–4×HH, 
1×HV), (7) Landsat only, (8) Landsat and all FBS/FBD intensity 
(4–5×HH, 2×HV) and coherence images (2–4×HH, 1×HV). 
The retrieval accuracies that were achieved when using 
intensities from only one FBS or FBD acquisition were low 
with less than 50% of CH variance being explained and RMS 
errors in the range of 4 to 6 m at test sites 2 and 3 and 8 to 10 
m at test site 1 (i.e. the test site with the highest average and 
maximum CH) when comparing the randomForest OOB 
against the ALS estimates (Figure 6).  

 

 
Figure 6: CH retrieval accuracy when using different combinations of 

the ALOS PALSAR-1 and Landsat ETM+ data as predictors. FBS, 
FBD and ETM stand for FBS/FBD intensity and the Landsat ETM+ 

data, respectively. FBDi and FBSi/FBDi denote the cases where 
intensities and coherences were used jointly. The white bars show the 

retrieval error when comparing the ALOS PALSAR-1 / Landsat 
ETM+ OOB against the ALS predictions. The grey bars refer to the 
comparison of the ALOS PALSAR-1/Landsat ETM+ predictions for 
the inventory polygons and the corresponding in situ measurements. 

 
As was to be expected, the retrieval with the FBD images 
performed somewhat better than the retrieval with FBS since 
the FBD images included the HV intensity. The integration of 
multi-temporal intensity observations allowed substantial 
improvements of the retrieval performance. When combining 
all available FBD intensities, the R2 and RMSE improved for 
about 5 to 12% and 0.25 to 0.8 m, respectively. The R2 and 
RMSE improved further when adding the stack of FBS 
intensity images for 6.5 to 12% (R2) and 0.3 to 0.7 m (RMSE). 
The integration of the coherence images resulted as well in 
higher retrieval accuracies. When using all available 
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FBS/FBD intensities and coherences, the R2 and RMSE were 
in the range of 0.75 to 0.8 and 3 m at test sites 2 and 3 and 
0.60 and 6 m at test site 1, respectively. Finally, the R2 and 
RMSE improved significantly for 6 to 22% and 0.4 to 2 m, 
respectively, when adding the Landsat ETM+ data to the stack 
of multi-temporal intensities and coherences. When testing the 
retrieval with only the Landsat ETM+ data, the retrieval 
accuracy was roughly comparable to that achieved with the 
multi-temporal ALOS PALSAR-1 intensities at test sites 2 and 
3. At test site 1 (the test site with the highest average and 
maximum CH), the Landsat ETM+ image even outperformed 
the ALOS PALSAR-1 imagery with only minor improvements 
being achieved when combining the ALOS PALSAR-1and 
Landsat ETM+ imagery. The improvement of the retrieval 
accuracy with the successive integration of multi-temporal 
intensities, coherences and Landsat ETM+ was generally 
confirmed when comparing the randomForest predictions for 
the inventory polygons to the corresponding in situ 
measurements. 
 
 

III. RESULTS AND SUMMARY OF THE NORTH-EASTERN 
UNITED STATES STUDY 

 
Based on a multi-temporal ALOS PALSAR-1 dataset 
comprising 655 FBD dual polarization data for the 
Northeastern US (Figure 7), following two topics have 
investigated: 
− the feasibility of an automated model training and 

inversion approach, similar to those presented in [7,21] for 
ENVISAT ASAR intensity and ERS-1/2 InSAR data in the 
L-band case; 

− the retrieval performance at different spatial scales, 
considering the influence of the imaging conditions and 
the benefit of having multi-temporal data stacks. 

 

 
 

Figure 7: RGB mosaic of ALOS PALSAR-1 FBD data for the 
Northeastern US. The red channel shows the HH intensity, the green 
channel the HV intensity and the blue channel the HH/HV ratio. The 
black lines denote different mapping zones. The image on the right-
hand side illustrates for one mapping zone the number of available 

FBD acquisitions. 

Retrieval Algorithm 
Complex physically-based approaches for the modeling of 
backscatter as function of forest biophysical attributes have 
been developed that consider various aspects of the forest 
structure (e.g., the size and orientation of stem, branches and 
leaves) as well as scattering mechanisms. However, when 
aiming at retrieval the model formulation needs to be simple 
enough so that it can be inverted. A relatively simple 
physically-based Water-Cloud type of model [22] that has 
been tested extensively for retrieval with C- and L-band 
backscatter data models the backscatter from forest, σ0

for, as a 
sum of three contributions [23]:   

          (1)
 

The first term describes the direct backscatter from the forest 
floor, σ0

gr, through gaps in the canopy. The parameter η 
represents the percentage to which the ground is covered by 
the canopy. The second term describes the backscatter from 
the ground that was attenuated in the canopy. Herein, the 
exponential represents the two-way tree transmissivity, which 
is a function of the tree height, h, and the two-way signal 
attenuation, α. The last term describes the volume backscatter, 
σ0

veg, from an opaque canopy without gaps. The model can be 
re-written in the following form:   

        (2) 

where Tfor represents the forest transmissivity: 

       (3) 

The model in Eq. (1) expresses the forest backscatter as a 
function of height and gap fraction. According to 
scatterometer experiments at X- and C-bands [24], Tfor can 
also be expressed as function of growing stock volume, GSV 
[m3/ha]: 
 

              (4) 

 
with β being an empirical parameter. Since, in this study, 
AGB was the observable and GSV is commonly considered a 
proxy for AGB (i.e. AGB can be estimated from GSV using 
age-dependent expansion factors, e.g., IPCC, 2006), we 
replaced the volume with biomass, B [t/ha]:  
 

         (5) 
 
In Eq. (5), β  has been replaced with δ to underline that the 
forest transmissivity is now expressed as function of biomass.  
 
Two of the three unknowns in the model in Eq. (5) are related 
to the backscatter from open ground not covered by vegetation 
(σ0

gr) and to what is considered the backscatter from opaque 
forest canopies with infinite biomass (σ0

veg). In [7,21], it was 
shown for C-band that the backscatter properties of open 
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ground and dense forest canopies, and their temporal and 
spatial variations, could be identified with the aid of MODIS 
VCF by masking the intensity images for areas with low and 
high VCF canopy cover and taking the mean or median of the 
measured intensities in the masked areas, respectively. In the 
case of open ground with low canopy cover, ancillary datasets 
have to be used to exclude land cover classes (settlements, 
industrial areas, water surfaces, etc.) for which the backscatter 
can differ substantially from that of open ground. In the case 
of the intensity observed over dense forests, denoted as σ0

df, 
an additional compensation for residual backscatter 
contributions from the ground has to be carried out. The 
compensation of σ0

df for residual ground contributions can be 
accomplished with:  
 

    (6)
 

 
where Bdf represents the AGB of dense forest. The estimation 
of σ0

veg requires knowledge of δ and Bdf.  
 
Once the parameters have been estimated, the model can be 
inverted to estimate the biomass from the SAR data. When 
inverting the model, some intensity measurements might in 
fact exceed the range of modeled intensities between σ0

gr and 
σ0

veg. Inversion for intensities lower than σ0
gr would result in 

negative biomass estimates, which is why a biomass of 0 t/ha 
has to be assigned. In the case of high intensity values 
exceeding σ0

veg, an inversion is not possible and for intensities 
slightly lower than σ0

veg, the inversion could result in biomass 
estimates far exceeding the range of realistic biomass values, 
which is why a maximum biomass level, Bmax, has to be 
defined up to which inversion is carried out. In case of multi-
temporal datasets, a weighted combination of the biomass 
estimates from each image covering a particular pixel location, 
Bi, can be computed to obtain new multi-temporal estimates, 
Bmt. Weights can be calculated using the difference between 
σ0

veg and σ0
gr, referred to hereafter as the dynamic range. The 

larger the dynamic range, the more weight is given to the 
particular biomass estimate. 

 
AGB Retrieval  
Model training and inversion were carried out for each of the 
1310 intensity images (655 HH and 655 HV PALSAR FBD 
scenes, off-nadir angle of 34.3°) available for the Northeastern 
United States. The Landsat-based canopy density maps and 
land cover maps from the National Land Cover Database [25] 
were used to identify sparse and dense forests in each 
backscatter image and to mask settlements, industrial areas, 
agricultural land and water surfaces, respectively. The forest 
transmissivity parameter δ, which describes the backscatter 
trend with increasing biomass, could be expected to depend on 
1) the imaging conditions, and 2) the forest structural 
characteristics [26]. Model simulations indicated, however, 
that in the case of the ALOS PALSAR-1 data available for the 
Northeastern United States, the potential variations in the 

forest transmissivity parameter as function of the forest type 
and imaging conditions could be expected to be minor and that 
the use of a fixed value for δ (0.008 ha/t) for the biomass 
retrieval represented a justifiable compromise. For a detailed 
discussion of the forest transmissivity as function of AGB 
refer to [15]. The AGB of dense forests, Bdf  (Eq. 6), was 
determined via the plot data from the Forest Inventory and 
Analysis (FIA) plot network of the US Forest Service [27] 
with the 90th percentile of the regional plot biomass 
distribution [7]. A fixed biomass offset, ΔB, was then used 
with respect to Bdf to define the maximum retrievable biomass, 
Bmax (Bmax=Bdf +ΔB), when inverting the models to estimate the 
biomass for all pixels in the intensity images for which the 
NLCD land cover map reported forest. Bmax affects the 
retrieval results in the higher biomass ranges and therefore 
(primarily) derived population statistics such as county totals. 
That is why ΔB was adjusted so that the differences between 
the total biomass estimates per county and FIA county-level 
estimates were minimized; this was the case when setting ΔB 
to 30 t/ha (see below). The multi-temporal combination and 
mosaicing of the single image biomass maps were carried out 
in a single step for each of six mapping zones in the 
Northeastern United States. Both, HH- as well as HV-intensity 
based biomass estimates were considered for the multi-
temporal combination. The resulting AGB map is shown in 
Figure 8. 
 

 
Figure 8: Forest AGB map for the Northeastern United States 

produced from 655 ALOS PALSAR-1 dual polarization intensity 
images acquired in 2007/08. 

 
Since the ALOS PALSAR-1 data could not be compared 
directly to the plot data of the FIA database (note that the 
exact FIA plot locations are not publicly available), we 
compared the ALOS PALSAR-1 biomass maps to the biomass 
maps from the National Biomass and Carbon Dataset 2000 
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(NBCD) that were produced through the fusion of SRTM and 
NED elevation, Landsat, and the FIA forest inventory data 
[17,28]. The algorithm performance was assessed with the 
root mean square difference (RMSD) between the ALOS 
PALSAR-1 and NBCD maps calculated separately for 
different mapping zones (see Figure 7), which were adapted 
from the National Land Cover Database (NLCD) [25]. 
 
At full resolution, the RMSDs were large (>80 t/ha). This 
might on one side have been a consequence of noise in the 
ALOS PALSAR-1 data (residual speckle, small scale 
environmental effects) but it also has to be considered that at 
the level of 30 m pixels, the NBCD map contains considerable 
uncertainty as well; note that the NBCD map was validated at 
segment (i.e. hectare) level. The comparison of the maps at 30 
m pixel size was therefore of limited explanatory value. 
Hence, the comparison at different pixel aggregation scales 
between 150 m and 6 km have been repeated. When 
aggregating the maps by means of simple block-averaging, the 
agreement increased substantially (Figure 9, right). The largest 
improvement could be observed when aggregating up to ~1 
km pixel size, for which the RMSD was in a range of 20 to 25 
t/ha. In Figure 9 (left), the ALOS PALSAR-1 biomass 
estimates for two mapping zones have been plotted against the 
NBCD biomass estimates for pixel sizes of 150 and 600 m. 
The comparison of the ALOS PALSAR-1 and NBCD biomass 
maps revealed a good agreement along the 1:1 line. The 
spread along the 1:1 line reduced substantially with increasing 
pixel size, which can be seen in Figure 9 (left) from the 
decreasing length of the vertical bars. The ALOS PALSAR-1 
biomass estimates, however, tended to be lower than the 
NBCD estimates when approaching a biomass of 200 t/ha, 
indicating saturation effects in the L-band data.  

 
Figure 9: Left: Average (circles) and standard deviation (vertical 

bars) of the multi-temporal ALOS biomass estimates for intervals of 
NBCD biomass at zones 61 and 64. Right: Root Mean Square 

Difference (RMSD) between the ALOS PALSAR-1 and NBCD 
biomass maps as a function of the pixel aggregation scale. 

 
Importance of multi-temporal acquisitions 
To evaluate the importance of having multi-temporal stacks of 
L-band intensity, the retrieval performance for single images 
is discussed first. Figure10 shows for the L-band intensity 
images covering one of the mapping zones the RMSD 
between the biomass estimates from single intensity images 

and NBCD as function of the dynamic range (at 150 m pixel 
size).  
 

 

Figure 10: RMSD between the biomass estimates from single HH (+) 
and HV (o) intensity images and NBCD as function of the dynamic 

range (zone 64, 150 m pixel size). 
 

The figure clearly shows that the dynamic range can be 
considered one of the main factors influencing the retrieval 
performance. The figure also shows that the RMSDs for HV 
intensity images tended to be lower (40-80 t/ha) than for HH 
intensity images (50-100 t/ha). For a given FBD HH and HV 
image pair, the RMSD was always lower for the HV image (5 
to 10 t/ha). The differences in the dynamic ranges were most 
likely a consequence of differing imaging conditions. For the 
images covering New York State, we compared the dynamic 
ranges with the weather conditions at the time of the sensor 
overpasses. The comparison with the weather data revealed no 
correlation with temperature; note that the temperature was 
consistently above the freezing point for all images so that no 
major temperature related fluctuations of the dielectric 
properties of the trees were to be expected. Weak negative 
correlations were observed when relating the dynamic range to 
the total amount of rain in the days prior to the sensor 
overpasses. In both polarizations, there was a trend towards 
lower dynamic ranges with increasing amounts of 
precipitation (i.e. with increasing wetness of the soils and 
vegetation). The Pearson correlation coefficients were 
between -0.3 and -0.5 depending on which timeframe prior to 
the sensor overpasses was considered. This result is consistent 
with previous finding [29]. 

 
Figure 11 demonstrates the benefit of having multi-temporal 
data for an area where five FBD images were available. The 
dashed line shows the RMSD for each intensity image (HV: 
55-59 t/ha, HH: 58-71 t/ha, 150 m pixel size), the solid line 
shows the change in RMSD when successively integrating the 
particular images into the multi-temporal retrieval.    
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Figure 11: Effect of the multi-temporal combination on the 

agreement of the ALOS and NBCD biomass maps (at 150 m pixel 
size). The circles connected by the dashed line denote the RMSD for 

each image and those connected by the solid line show how the 
RMSD changed when successively integrating the single image 

estimates into the multi-temporal retrieval. 
 
The multi-temporal combination resulted in a clear 
improvement of the RMSD when combining the available 5 
HV images for about 10 t/ha (compared to the best HV 
image). When, in addition, integrating the corresponding HH 
images, only slight additional improvements of the RMSD for 
about 3 t/ha were achieved.  These results confirmed that the 
multi-temporal combination allowed for significant 
improvements of the biomass estimates. However, it has to be 
noted that the multi-temporal coverage acquired by ALOS 
PALSAR-1 was not consistent across larger areas as 
regionally between one and five images were acquired per 
year. As a result of the varying multi-temporal coverage (see 
Figure 7), the accuracy of the map in Figure 8 was not 
consistent across the entire study area. The comparison with 
NBCD confirmed that locally, the performance of the retrieval 
depended strongly on the multi-temporal coverage (i.e. the 
number of images) as well as the weather conditions under 
which the particular set of images have been acquired. The 
results therefore stress the need for consistent multi-temporal 
acquisition strategies for upcoming spaceborne L-band 
missions. 
 
Accuracy at county scale 
The comparison of the ALOS PALSAR-1 biomass maps with 
NBCD indicated that, at least at aggregated scales, the spatial 
distribution of biomass could be depicted with the retrieval 
approach presented. To further assess the performance of the 
retrieval algorithm, ALOS PALSAR-1 biomass maps have 
been compared to FIA county-level total AGB statistics for 
143 counties in Maine, New Hampshire, Vermont, 
Massachusetts, Rhode Island, Connecticut, New York and 
New Jersey. The county statistics were obtained via the 
EVALIDator online inventory tool of the US Forest Service. 
For the comparison of the ALOS PALSAR-1 and FIA 
estimates, the ALOS PALSAR-1 per-pixel (30x30 m2) 
biomass estimates were summed per county. The comparison 

of the ALOS PALSAR-1 and FIA county-level estimates of 
total AGB resulted in a coefficient of determination (R2) of 
0.98 and a root mean square error (RMSE) of 2.75 106 t. When 
calculating the average biomass per county (i.e. the total 
biomass divided by the county size in hectares), the RMSE 
was 12.9 t/ha and the R2 was 0.86 (Figure 12).  

 
Figure 12: Average AGB according to the ALOS PALSAR-1 

biomass map and FIA biomass statistics for 143 counties in the 
Northeastern United States. 

!
The FIA county statistics included information about the 
sampling error, which could be used to approximate the 
confidence intervals of the FIA estimates [27]. The sampling 
error was between 2 % and 110 % for the largest counties 
(with the largest number of sample plots) and for the smallest 
counties, respectively; the size of the counties ranged from 64 
to 17,686 km2. The ALOS PALSAR-1 total AGB estimates 
were within the 95 % confidence intervals of the FIA 
estimates for most (92 %) of the 143 counties 
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Abstract — Capacity building activities were conducted in the 
Brazilian Forest Service to promote the use of PALSAR images 
to analyse the forest and to quantify forest resources. The 
comparison of JAXA FNF map with PRODES/INPE were 
conducted. The results obtained suggest a super-estimation of the 
forest area. But the results are partial and will be analysed for all 
country region, considering the different types of forest besides 
the Amazonian region. 

Index Terms—ALOS PALSAR, FNF Mapping, PRODES, 
PROBIO, TERRA CLASS. 

 

I.  INTRODUCTION 

A. Forest Mapping and Brazilian Forest Service 
The beginning of forest mapping was motivated by the 

comprehension of the physical world, and the forest was one 
of the components of the description of natural world. With an 
improvement of remote sensing techniques forest was 
interpreted as quantified resource. Along the past 2 decades 
rising of forest monitoring maps was and motivation to study 
the human induced changes in the world. And there was a vast 
literature about how to monitor forest in the world. The 
monitoring activity by satellite is generally related to the 
photosynthetic changes in the coverage derived by optical 
sensors. 

The condition given by remote sensing, to recognize area 
of coverage loss became a motivation to almost everyone to be 
take a look and monitor the forest in the world. Even with all 
results achieved there are lack of knowledge on the forest 
changes in structure and richness, without change in the 
coverage area. 

Brazilian Forest Service was created in 2006 with a 
mission to protect the forest, promotion of the sustainable use 
of the forest that can increase the local economy with the 
benefits for local people. The Brazilian federal law number 
11.284 of march 6th of 2006 concept the public forest in Brazil 
and its management to be done by Brazilian Forest Service. In 

order to recognize the public forest the digital geographic 
information and satellite images need to be used. In 2007 the 
decree 6.063 of March 20th, creates the National Register of 
Public Forests and the main concept maintain it. 

The public forest in Brazil is the native or planted forests 
recognized after 2006 that occurs on public land. The 
definition of the forest was done based on the national 
classification of the vegetation done by The Brazilian Institute 
of Geography and Statistics (IBGE, 2012). By the internal act 
number 6 of July 6th, 2007 part of the vegetation classes ware 
defined as a Forest type of vegetation. 

The most relevant Forest maps of Brazil are PROBIO, 
2002 covering all country and PRODES, yearly since 1984 to 
now, covering the Amazonian Region. 

 

B. The context  
 
Forest non Forest maps are developing technically and the 

specification of the object to be mapped still are need in some 
cases to have comparable results. 

PRODES [1] approach ware conceived with an objective of 
monitor deforestation, more than to describe the forest itself. 
PRODES are Amazonian region restricted and not have forest 
types, just a classification of Forest and non-Forest vegetation, 
but very detailed spatial description of the deforestation with 
the minimum mapped polygons higher than 5ha. PRODES are 
updated yearly. 

 On the other hand the official Brazilian map of vegetation 
of IBGE [2] has a good description of the vegetation types, 
including forest types and nationwide approach, but poor 
spatial description and not updated yearly. PROBIO [3] was 
the last updated version of the vegetation map of Brazil. 

The JAXA version 0 of the FNF map was delivered at 
beginning of 2014 the analysis for Brazil forest was limited to 
be compared with PRODES, but in near future we will expand 
it to all country using PROBIO data and data of Brazilian 

245 of 436



 

 

National Forest Inventory, collect until now on some states 
outside Amazonian region. 

 
 
 

 
The comparison between forest JAXA and PRODES maps 

has shown an increase of forest area comparing with optical 
approaches.  

 
 

II. PROJECT DESCRIPTION  
 
The main objective of the project is to improve the quality 

of the forest map of Basil using SAR data, and to improve the 
capacity building to use sar data to qualify the forest types and 
the forest resources. 

This approach is an important concern to understand the 
forest quality and forest types changes that are not recognized 
by the conventional monitoring approaches, focused on the 
forest degradation detection. 

During the project development the activities were related 
to start up the use of PALSAR images on the Brazilian Forest 
Service. 

At this phase the catalogue of PALSAR images and basics 
resources to start to use the PALSAR images were delivered to 
technicians of Brazilian Forest Service to increase the use of 
SAR images on the institution. One course the fundamentals of 
SAR and its applications were conducted for all the geo-
processing technicians of Brazilian Forest Service. 

Besides this training activity Brazilian forest service 
acquired an E-cognition licence to improve the possibilities to 
image classification. It can be good in order to develop 
classification algorithms and also to share with KC group. 

 After the delivering of FNF data we start the comparison 
with the forest maps approaches of Brazil, but the results are 
partial and initial we will need more time to expand the area to 
all country and get better results. 

 
 

III. RESULTS AND SUMMARY 
 
For the partial analysis described on this report, 833 tiles of 

1x1 degree were use on the comparison. The national area was 
restricted to the PRODES area; from the 936 tiles of PRODES 
that cover all Amazonian region 103, on the boundaries 
regions, were not considered (fig. 1).  

 

Figure 1.Tiles in Amazonian region used on the comparison of PRODES and  
JAXA FNF map © JAXA/METI. 
  

 
From all 365 JAXA tiles of the year 2007 analysed only 2 

have less forest area then PRODES, and 154 tiles or 42% of 
total have insignificant differences (less than 5%). 56% of the 
tiles have significant super-estimation of the forest area when 
compared with PRODES, 82 tiles with range 5 to 20% higher, 
76 between 20% to 100% and 49 higher than 100%. 

 
Figure 2.Tiles in Amazonian region, higher forest areas differences are in red 

tones. 

The most deforested and consequently with higher border 
effect between forest and non-forest are most affected. In the 
visual inspection of the classified images is it possible to 
recognize that the segments of forest grow more than the areas 
revelled by optical images. It suggests that segmentation 
parameter related to segment growing need to be reduced in the 
Amazonian region.On the other hand this area is the area with 
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oldest deforestation areas, were PRODES not count the 
regeneration. In 2008 a Terra Class [4] project was conducted 
to monitor the uses in the deforested area accumulated from 
1988 to 2013. The Terra/class study recognizes about 21% of 
these areas regenerates. Even considering this study the 
comparison suggest the super-estimation. More analyses will 
be done for national region in the near future. 
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Abstract — The Brazilian Amazon has the largest area in the 
world covered by tropical rainforest, with one of the highest 
rates of deforestation. We analyzed the potential of L-band, 
HH-polarized, 100 m spatial resolution synthetic aperture 
radar (SAR) data obtained by the Phased Array L-Band 
Synthetic Aperture Radar (PALSAR) system on board the 
Advanced Land Observing Satellite (ALOS) platform to detect 
new areas of deforestation in the Brazilian Amazon. The 
along-track strips of Scanning Synthetic Aperture Radar 
(ScanSAR) mode images were ortho-rectified and slope-
corrected using 90 m Shuttle Radar Topography Mission 
(SRTM) digital elevation model and then visually interpreted 

to identify new clear-cutting related deforestations. The time 
period analyzed ranged from September 2009 (cycle 30) to 
March 2011 (cycle 41). This study resulted in the creation of 
INDICAR, a radar-based system used to indicate new 
deforested areas, especially in the rainy season. Ultimately, 
INDICAR provides information for law enforcement activities 
in the field. A set of 1,382 polygons related to possible new 
deforestations were detected in this study. On average, 
INDICAR was able to identify new deforestations two months 
before the optical-based DETER system from Brazilian 
National Space Research Institute (INPE). A total of 120 
polygons identified by INDICAR were embargoed in further 
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law enforcement campaigns conducted by local agents of the 
Brazilian Institute of Environment and Renewable Natural 
Resources (IBAMA). Statistical analyses of digital numbers 
(DNs) showed that new deforestations can appear either 
bright or dark in the PALSAR images, depending upon the 
time delay between the beginning of the deforestation and the 
satellite overpass. According to Almeida Filho and 
collaborators, when debris remains on the ground during the 
satellite overpass, it appears bright. When debris is burned, it 
appears dark. 
 
Index Terms — ALOS PALSAR, K & C Initiative, 
deforestation, Amazonia. 

I. INTRODUCTION 
A. About the Phase 3 Final Report 

 
The original, main objective of this research proposal was to 
provide most updated LULC maps and field information from 
the Brazilian Amazon and Cerrado to validate the JAXA´s 
forest and non-forest (FNF) global map as well as the forest 
cover change maps. The validation has been conducted mostly 
based on 5 m spatial resolution, orthorectified RapidEye 
scenes covering the entire Amazonia and Cerrado biomes (> 
10,600 scenes) as well as on field survey over different sites of 
Cerrado. This part of the project is still on-going.  
 
Regarding the forest cover change, we analysed the potential 
of L-band, HH-polarized, 100 m spatial resolution synthetic 
aperture radar (SAR) data obtained by the Phased Array L-
Band Synthetic Aperture Radar (PALSAR) system on board 
the Advanced Land Observing Satellite (ALOS) platform to 
detect new areas of deforestation in the Brazilian Amazon. In 
this final report, we present the methodological approach and 
the major findings of this second part of the project. 

 

II.  DESCRIPTION OF THE PROJECT 
 

A. Objectives and Relevance to the K&C Drivers 
 
ALOS PALSAR is suited for tropical forest monitoring 

because of its relatively long operating wavelength that makes 
it sensitive to forest structure and plant water content. In 2007, 
IBAMA became a member of the ALOS Kyoto and Carbon 
Initiative project (K&C) created by JAXA, with the purpose of 
implementing an operational system to detect new 
deforestations that complements the optical systems and 
thereby supports law enforcement activities in the field. Thus, 
the INDICAR system was developed by a joint collaboration 
between the Center of Remote Sensing (CSR), created by 
IBAMA, and the Earth Observation Research Center (EORC), 
created by JAXA. Our objective here is to present the 
methodological approach and major results of INDICAR. 

B. Work Approach 
 
The study area was the Legal Amazon, located in the northern 
part of Brazil, covering an area of ~ 5.2 million km2. The Legal 
Amazon was created in 1953 by Federal Law no. 1806 to 
facilitate national economic planning for the region; it 
encompasses the states of Acre, Amapá, Amazonas, Pará, 
Rondônia, Roraima and Tocantins, as well as parts of the states 
of Maranhão and Mato Grosso. 
 
The primary data set of this study consisted of the ALOS 
PALSAR, Scanning Synthetic Aperture Radar (ScanSAR) 
mode, 8-bit amplitude images obtained at 100 m spatial 
resolution, HH-polarization, an incidence angle of 17-42º, at 
350 km swath and in descending mode (10:30 AM, local time). 
The images were provided by the K&C project [1]. 
 
The overpasses occurred from September 12, 2009 to March 
24, 2011, that is, from cycle 30 to cycle 41 (Table 1). Each 
repeat cycle corresponds to a set of 671 overpasses necessary 
to obtain global coverage of the surface of the entire Earth in 
46 days (only for ScanSAR mode). During the lifetime of 
ALOS PALSAR, 43 cycles were acquired. Cycles 1-2 
corresponded to the commissioning phase, cycles 3-6 to the 
calibration/validation phase, and cycles 7-43 to the operational 
acquisitions phase [2]. 
 
Each cycle was composed of 17 strips each with a width of 350 
km. The along-track strips were ortho-rectified and slope-
corrected using the 90 m Shuttle Radar Topography Mission 
(SRTM) digital elevation model [3] by JAXA/EOARC in 
Tsukuba [4] and made available to IBAMA in Brasilia via file 
transfer protocol (ftp). The 16-bit radiometric resolution and 
100 m spatial resolution images were interpreted visually on a 
computer screen with the support of the PALSAR Viewer 
image   processing   software   package   and   the   ArcGIS™   9.3  
geographical information software package. 
 
Table 1 also shows the average precipitation data of each cycle 
because a high moisture content from soil and plants can 
influence the interpretation of images by reducing the contrast 
between dark and bright areas [5, 6]. Daily precipitation data 
were averaged from the 10 stations located in the states of 
Acre, Amapá, Amazonas, Maranhão, Mato Grosso, Pará, 
Rondônia, Roraima and Tocantins. The rainfall data were 
obtained from the homepage of the National Institute for 
Meteorology [7]. 
 
Because interpreters involved in this research were not familiar 
with radar image analysis and were more comfortable 
interpreting color composites, we used the two nearest 
overpasses to make false color composites (red channel = 
previous overpass; green and blue channels = new overpass). 
In this color composite scheme, undisturbed primary forest and 
consolidated deforestation typically appear in well-defined, 

250 of 436



 

 

yellowish and dark gray colors, respectively (Figure 1). New 
deforestations present two patterns, brightly colored and light 
gray. Deforestations that occurred previous to a specific 
overpass were masked using PRODES and DETER data. For 
instance, deforestation data acquired by PRODES during the 
time period of 1997-2009 and by DETER during the time 
period of January-October, 2010 were defined as the mask to 
interpret strips from cycle 39 (October 31, 2010 - December 
15, 2010; Table 1). 
 
DNs corresponding to new deforestations, surrounding primary 
forest and consolidated deforestation were identified in one 
cycle and were then compared statistically with a previous 
overpass or overpasses. The cycle with the greatest number of 
polygons identified as new deforestations was considered as 
the basis for such statistical analyses. The average of the digital 
numbers was calculated for each polygon of new deforestation. 
For primary forest and consolidated deforestation, centroids of 
polygons were used to create a 10 km buffer mask and 
construct a vector grid with a cell size of 500 m.  
 

Historical data from PRODES [8] were used to guide the DN 
sampling procedure for primary forest and consolidated 
deforestation. For each polygon of deforestation, we randomly 
selected a vector cell representative of primary forest and 
another cell representative of consolidated deforestation. 
Average DN and corresponding standard deviation were 
therefore calculated from this 5-pixel by 5-pixel sampling cell. 
The t test was used to compare DNs from new deforestation, 
consolidated deforestation and primary forest. A linear 
regression was performed to show the differences in 
radiometric behavior of new deforestations and primary forests. 
The average and standard deviation of DNs from primary 
forests and their changes in relation to those from cycle 37 
were used to separate new deforestations into two categories, 
forest alteration and forest clearance. 

III. RESULTS AND SUMMARY 
 

A. Identification of new deforestations in PALSAR images 
 
A total of 1,382 polygons of new deforestations were identified 
in 12 cycles, with an average polygon size of 106 hectares 
(Table 2). However, it is important here to note that the area 
calculation of INDICAR is not particularly accurate because of 
the relatively coarse spatial resolution of the ScanSAR mode. 
However, accurate area estimation is not the major purpose of 
INDICAR. The lowest number of polygons (n = 32) was 
identified in cycle 35 (at the end of the wet season), while the 
highest number (n = 217) was found in cycle 39 (at the 
beginning of the wet season). Most of the deforestations were 
found in the states of Pará (554 polygons), Mato Grosso (282 
polygons) and Rondônia (243 polygons) (Figure 2).  
Approximately half of the polygons (54%) were located within 
the arch of deforestation, an arch-shaped region in the 

southernmost part of the Amazon region 170 million ha in size 
that comprises over 250 municipalities, where a large amount 
of the Amazon deforestation usually occurs (e.g., [8]). The rest 
of the polygons were located outside of the arch, mostly in the 
states of Para, Rondonia and Mato Grosso. Some polygons 
were also identified in the states of Roraima (49 polygons) and 
Amapá (29 polygons), regions traditionally characterized by 
persistent cloud cover in optical satellite images. 
 
Figure 3 shows the monthly-based total number of polygons 
corresponding to new deforestations identified in the Amazon. 
November and December, at the beginning of the wet season, 
presented the highest number of polygons identified. July and 
August also presented a relatively high number of polygons 
detected, but lower than would be expected if we consider that 
most deforestation in the Amazon occurs in the dry season. 
This most likely happened because of the higher efficiency of 
DETER system during the dry season. As reported before, all 
polygons identified by DETER before a specific PALSAR 
overpass are masked during the radar image interpretation. 
May and June (the end of the wet season) presented the lowest 
numbers of polygons. 
 
B. Radiometric patterns of new deforestations, primary forest 
and consolidated deforestation depicted by PALSAR 
 
Figure 4 presents the average DNs from cycle 39 and from 
three different targets (ND, CD and PF). We chose cycle 39 for 
this analysis because the highest number of new deforestations 
was found in this cycle (Table 2). The three classes showed 
distinct DN values in the PALSAR imageries. PF (average DN 
= 181.4 ± 13.2) presented higher DNs while ND (average DN 
= 159.9 ± 38.8) and CD (average DN = 134.0 ± 27.3) showed 
lower values. ND presented a significantly different 
radiometric pattern in relation to both PF (average difference = 
18.4;;   tcalculated  =  6.3;;  degree  of   freedom  =  432;;  p  ≤  0.0001)  
and CD (average difference = -3.1; tcalculated = -5.3; degree of 
freedom  =  432;;  p  ≤  0.0001). 
 
Primary forest was the most homogeneous among the three 
classes and presented the smallest standard deviation values, 
which agrees with the results found by [10]. In contrast, new 
deforestation and consolidated deforestation showed wider DN 
intervals. Whittle et al. [11] also reported large values of 
standard deviation from deforested areas in analyzing 
PALSAR ScanSAR images from Indonesia. The presence of 
different land cover types replacing a forest after deforestation 
(for example, pasturelands, croplands, regeneration) explains a 
wide range of radiometric patterns for consolidated 
deforestation. Regarding new deforestation, the wide range of 
the DN interval is most likely the result of the presence of two 
different and opposite groups of DNs corresponding to new 
deforestations.  
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3.3. Comparison of INDICAR Data with DETER and 
Embargoed Areas 
 
The analysis of cloud cover data from MODIS images showed 
that the average number of days that a specific polygon 
detected by INDICAR is observed the first time in MODIS 
images is 61 days (Figure 5). This number can increase to up to 
five months during the wet season (October to March). 
However, during the dry season (April to September), this time 
delay can go down to 1-2 weeks. This analysis highlights the 
importance of INDICAR as an information provider for law 
enforcement activities to control illegal (unauthorized) 
deforestations. In connection with this matter, 120 polygons 
were embargoed in the field campaigns conducted by the 
IBAMA agents from local offices (Figure 6). The state of Pará 
presented the highest number of embargoed areas (83 
polygons), followed by Mato Grosso with 16 polygons. 
 

IV. CONCLUDING REMARKS 
 
Studies involving biodiversity conservation, global climate 
change and land-use policies, among others, require continuous 
improvements in the long-term monitoring of deforestation in 
the Amazon. Current systems that detect new deforestation 
related to clear-cutting in the Brazilian Amazon are weather-
dependent. Moreover, although detecting small-scale 
deforestations (< 25 hectares) is becoming more and more 
important, this task is difficult using 250 m spatial resolution 
MODIS data. In this study, we demonstrated the potential of 
ALOS PALSAR, ScanSAR mode images to complement 
INPE’s  optical-based system to detect new deforestations in the 
Amazon. 
 
INDICAR was used by IBAMA as an operational deforestation 
monitoring system for the entire Amazon from 2009 to 2011. 
The multitemporal analysis of PALSAR images indicated no 
unique radiometric pattern regarding new deforestations. 
Depending upon the time difference between the beginning of 
deforestation and the satellite overpass, deforested areas can 
change from bright to dark. The main explanation offered in 
the scientific literature (e.g., [10, 11] is that it depends on the 
type of clearance conducted by farmers. If trees, trunks and 
branches are left on the ground or partially burned, the radar 
signal returns tend to be high because of the high effects of soil 
roughness in the backscattering process. In other words, woody 
materials left on the terrain immediately after the slashing and 
before the burning processes, may act as partial corner 
reflectors and increase the radar returns. On the contrary, if 
most of the debris is burned, which is the case in most of the 
consolidated deforestations, radar signal returns tend to be low.  
 
The results of this study showed that new deforestations are not 
unequivocally detected in ScanSAR images. The presence of 
two opposite brightness patterns requires more attention from 

interpreters. As the main purpose of INDICAR is field 
inspection, development of a fully automated procedure to 
detect new deforestations is highly recommended.  
 
The enhanced imaging capability of ALOS-2 that is scheduled 
to be launched in May, 2014 (with an observing capability of 
the  Earth’s  surface  up  to  3  times  faster than the first ALOS – a 
revisit time of 14 days – and two ScanSAR modes, one with 
100 m spatial resolution and a 350 km swath and another with 
60 m spatial resolution and a 490 km swath) should also 
improve the accuracy of interested target detection. 
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Table 1. ALOS PALSAR, ScanSAR mode overpasses analyzed in this study to detect new deforestations in the Legal Amazon 
and the corresponding precipitation data from 10 rain gauge stations spread over the Amazon. 

Cycle Year Month/Day Mean Rainfall 
(mm) 

30 2009 September, 12 - October, 27 143.6 
31 2009 October, 28 - December, 12 197.1 
32 2009/2010 December, 13 - January, 27 370.6 
33 2010 January, 28 - March, 14 366.3 
34 2010 March, 15 - April, 29 403.1 
35 2010 April, 30 - June, 14 227.0 
36 2010 June, 15 - July, 30 145.5 
37 2010 July, 31 - September, 14 95.1 
38 2010 September, 15 - October, 30 146.5 
39 2010 October, 31 - December, 15 196.1 
40 2010/2011 December, 16 - January, 30 395.6 
41 2011 January, 31 – March, 17 497.8 

 
Table 2. Number of new deforestation polygons detected per cycle and corresponding statistics regarding the size of polygons. 

Cycle Number of polygons  Area (ha)   
  Mean Maximum Total 
30 137 165 2,254 22,567 
31 66 84 604 5,523 
32 88 130 703 11,445 
33 113 105 820 11,825 
34 65 123 1,273 8,011 
35 32 94 316 2,999 
36 183 65 602 11,855 
37 197 60 372 11,904 
38 57 66 263 3,742 
39 217 73 806 15,923 
40 142 186 1,537 26,414 
41 85 168 1,172 14,255 
TOTAL 1,382   146,463 
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Land Cover Class Interpretation Pattern RGB color composite Field Panoramic Picture 
Primary Forest Color pattern: bright yellow; 

texture: intermediate to 
rough; geometry: uneven. 

 
 

 

Consolidated  
Deforestation 

Color pattern: dark; texture: 
smooth; geometry: regular. 

 
 

 

New Deforestation Color pattern: bright; 
texture: smooth; geometry: 
regular. 

 
 

 

  
Color pattern: light gray; 
texture: smooth; geometry: 
regular. 

  
Fig. 1. Interpretation key used to discriminate new deforestations from ScanSAR images of the Brazilian Amazon. 

 
Fig. 2. Spatial distribution of polygons corresponding to new deforestations in the States belonging to the Legal Amazon. The 
size of the polygons is exaggerated for viewing purposes. AC = Acre; AM = Amazonas; AP = Amapá; MA = Maranhão; MT = 
Mato Grosso; PA = Pará; RO = Rondônia; RR = Roraima; and TO = Tocantins. 
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Fig. 3. Monthly-based total number of polygons corresponding to new deforestations identified in the Brazilian Amazon. 

 
Fig. 4. Box-plot of mean digital numbers, from cycle 39, for new deforestation, consolidated deforestation and primary forest. 
Rectangles link quartiles Q1 and Q3 into the minimum and maximum values found in the data set. The line bisecting a rectangle 
is the median. Horizontal lines outside the rectangles correspond to the ends of Q1 and Q4. Asterisks and circles are outliers at 
95% and 99% of confidence intervals, respectively. 
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Fig. 5. Average number of days necessary for a specific polygon of deforestation to be detected in MODIS images (per month). 

 
Fig. 6. Polygons detected by INDICAR that were embargoed in field campaigns by IBAMA agents. 
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Abstract—Forest stem volume has been estimated for the 
whole of Sweden using multi-temporal ALOS PALSAR 
images acquired in 2010. The methodology used was based 
on the BIOMASAR algorithm, which inverts a Water-
Cloud-like model where the forest backscatter is 
parameterized as a function of stem volume. Large efforts 
were made to adapting the algorithm to L-band and high-
resolution data (previously used with C-band and low-
resolution data). The stem volume estimates from 
PALSAR were validated against laser-based estimates at 
two test sites; one in southern and one in northern Sweden, 
which revealed underestimation in mature forest. When 
comparing the PALSAR-based stem volume estimates for 
the whole country against the Swedish kNN dataset (a stem 
volume map based on optical satellite data and plot level 
data from the National Forest Inventory, NFI), the results 
showed substantial agreement. Moreover, the quality of 
the estimates improved when aggregating values from 
adjacent pixels. The relative difference in terms of Root 
Mean Square Error (RMSE) between PALSAR and kNN 
stem volume estimates was generally between 15% and 
35% for a pixel size of 1,000 m. Finally, county-wise 
averages published by the NFI were compared to the 
PALSAR-based stem volumes. At 25 m resolution, the 
relative RMSE was found to be about 6% with an R2 value 
of 95%. On average, the corresponding PALSAR-based 
stem volume for the whole country was estimated to 121 
m3/ha compared to 117 m3

 

/ha using the NFI. Even though 
the results are encouraging a number of issues related to 
the estimates of stem volume from the PALSAR dataset 
need further analysis to facilitate an operational use of 
high-resolution L-band SAR data in forestry applications. 

Index Terms—ALOS PALSAR, K&C Initiative, boreal forest, 
forest theme, biomass, Sweden, Swedish NFI. 

I.  INTRODUCTION 
Estimates of above-ground biomass (or stem volume) is of 

great interest both on a local scale in support of forest 
management and on a regional to global scale as important 
information with regards to carbon modelling. In Sweden, 

optical satellite data in combination with field plot data from 
the Swedish National Forest Inventory (NFI) have so far been 
used to generate stem volume maps covering the whole 
country. The methodology used for this purpose is the k-
Nearest Neighbor (kNN), which is a non-parametric 
estimation method. However, two major drawbacks of using 
optical data are the limited use at reduced solar illumination 
and cloud-cover. In the context of forest variable estimation 
the use of Synthetic Aperture Radar (SAR), which is an active 
technique that does not suffer from these problems, has shown 
promising results. This motivates further investigations of 
exploring the usefulness of SAR data. In this study, Advanced 
Land Observing Satellite (ALOS) Phased Array L-band type 
Synthetic Aperture Radar (PALSAR) images were used within 
the framework of JAXA’s ALOS Kyoto & Carbon (K&C) 
Initiative in order to estimate stem volume for the whole of 
Sweden, i.e. at regional scale. Even though previous Swedish 
K&C activities within phases 1 and 2 have touched upon stem 
volume retrieval, the previous phases have almost solely 
focused on change detection on clear-cuts. Nevertheless, the 
present K&C phase 3 study can be seen as a continuation of 
the two previous phases in exploring the ALOS PALSAR data 
for monitoring and mapping of boreal and hemi-boreal forests. 

The scope of the work undertaken in this study was the 
generation and validation of a dataset of spatially explicit 
estimates of forest stem volume for Sweden using ALOS 
PALSAR data acquired during 2010. The advantages of 
ALOS PALSAR data with respect to other spaceborne sensors 
are the guaranteed acquisition due to the predefined 
observation scenario [1], the independency of the acquisition 
from solar illumination and cloud-cover, and the sensitivity of 
the L-band backscattered intensity to forest structural and 
biophysical variables [2-4]. In addition, availability of 
repeated observations allows for the reduction of the impact of 
speckle noise and specific environmental conditions on the 
retrieval of stem volume [2]. 

Sweden covers 450,295 km2 (Figure 1) with 55% of the 
country being covered with forest, mostly managed for timber 
production. Boreal and hemi-boreal coniferous species 
(Norway spruce and Scots pine) are dominant. Birch is the 
main deciduous tree species. Stem volume increases with 
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decreasing latitude, corresponding to the transition from 
boreal to hemi-boreal forests. Above 60° N, stem volume is 
higher along the coast compared to the inland. 

The NFI publishes annual statistics for stem volume based 
on the measurements at plots scattered in a systematic grid 
over the whole country. Typically, data acquired within a 5-
years interval prior to the year of reporting is considered to 
achieve full coverage of the country. Spatially explicit 
estimates of stem volume have also been released using 
optical imagery. Currently, estimates for the years 2000, 2005 
and 2010 are available. The estimates at 25 m spatial 
resolution were obtained with the kNN estimation method 
supported by plot level data from the NFI [5]. The accuracy of 
the kNN estimates was reported to be low at the pixel level. 
Aggregating over neighboring pixels to derive estimates at 
lower resolution improved the accuracy significantly. Frequent 
cloud-cover during summer months and unsuitable solar 
illumination during other seasons require significant efforts at 
the level of programming the satellites candidate for 
delivering the data to be used in the kNN scheme. 

Section II describes the reference datasets used to verify 
and validate the estimates of stem volume obtained from the 
ALOS PALSAR dataset, which is presented in Section III. 
The retrieval methodology and its implementation are 
described in Sections IV and V, respectively. The stem 
volume map of Sweden is presented in Section VI together 
with results from validation and cross-comparison with 
datasets of stem volume from forest field inventory and other 
Earth Observation data. A set of conclusions and a future 
outlook are included in Section VII. 

 
Figure 1. Map of Sweden showing the location of the Remningstorp and 
Krycklan test sites. 

II. REFERENCE DATASETS 
With reference datasets we refer to datasets of forest stem 

volume used in this study to develop the retrieval algorithm, 
verify the stem volumes retrieved from ALOS PALSAR data 
and validate the estimates. 

Ground truth data were available from the two test sites of 
Remningstorp and Krycklan (see Figure 1). The datasets at the 
two test sites have been collected through ESA airborne SAR 
campaigns conducted within the framework of the ESA Earth 
Explorer mission BIOMASS (aiming at taking global 
measurements of forest biomass using a P-band SAR). The 
campaigns took place at Remningstorp in the spring of 2007 
and the fall of 2010, and at Krycklan in the fall of 2008. In 
addition, we considered one other datasets at stand level 
collected at Remningstorp in the spring of 2007. 

The Remningstorp test site is located in the south of 
Sweden (58°30’ N, 13°40’ E). The test site covers about 1,200 
ha of productive forest land managed by the Swedish Forest 
Society Foundation (Skogssällskapet) and owned by the 
Hildur and Sven Wingquist’s Foundation for Forest Research. 
The forest is divided into over 300 stands with a range of stem 
volume conditions up to a maximum value of about 600 m3

The Krycklan test site is located in the north of Sweden 
(64º14’ N, 19º50’ E) and is a watershed managed and owned 
by both Swedish forest companies and private owners. The 
forest land covers about 6,800 ha of mainly coniferous forests. 
The forest is divided into about 1,700 stands with a range of 
stem volume conditions up to a maximum value of about 400 
m

/ha 
(corresponding to above-ground dry biomass of about 360 
tons/ha) at stand level. Prevailing tree species are Norway 
spruce (Picea abies), Scots pine (Pinus sylvestris) and birch 
(Betula spp.). The topography is fairly flat with a ground 
elevation between 120 m and 145 m above sea level. 

3

For this study, we used as reference data a map of above-
ground biomass (tons/ha) derived from laser scanning 
measurements conducted at the test sites in 2010 
(Remningstorp) and 2008 (Krycklan). The acquisition of laser 
data was carried out using a helicopter-mounted TopEye 
system operated by Blom Sweden AB. The laser data were 
acquired from altitudes varying between 200-500 m above 
ground level to obtain an almost complete coverage of the test 
sites with at least 5 measurements per square meter. Several 
variables were extracted from the laser data for objective 
inventoried field plots (collected through the ESA airborne 
SAR campaigns described above), based on the height 
distribution of laser returns in the canopy. Also, the proportion 
of vegetation returns (vegetation ratio) was calculated as a 
density measure of the forest. The laser variables were then 
derived for a raster covering all of the laser scanned area to 
create a raster of biomass estimates with a cell size of 10 m 
using the developed biomass model at the plot level. Taking 

/ha (corresponding to above-ground dry biomass of about 
240 tons/ha) at stand level. The prevailing tree species are 
Norway spruce and Scots pine, but some deciduous tree 
species, e.g. birch (Betula pubescens), are also present. 
Topography is hilly with several gorges and the ground 
elevation ranges between 125 and 350 m above sea level. 
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into account that the forest consisted mostly of coniferous 
species in a mature stage, a constant conversion factor 
between above-ground biomass and stem volume of 0.51 was 
applied [6]. 

Spatially explicit estimates of stem volume for Sweden 
were obtained for the year 2010 from a combination of optical 
satellite remote sensing data and NFI data and applying the 
kNN algorithm with a pixel size of 25 m [7]. For a similar 
product created with data from the year 2000, the relative Root 
Mean Square Error (RMSE) of the stem volume estimates was 
below 20% when aggregating over areas larger than 1 km2

Finally, we used average stem volume estimates at the 
county level published by the Swedish NFI for the period 
2008-2012 [8]. The county-wise stem volume values 
published by the NFI were reported for forested land. 
Accordingly, the county-wise averages from the PALSAR 
estimates were computed for pixels with valid stem volumes 
in the kNN dataset. 

 [5]. 

III. SAR DATASET 
The ALOS PALSAR dataset used for the generation of the 

nation-wide stem volume data product consisted of strips of 
Fine Beam Dual (FBD) images (HH and HV polarization) and 
Wide Beam (WB) images in single polarization (HH). All 
images were acquired during 2010. The coverage in FBD mode 
was almost complete, with a 1% gap in the north (Figure 2, 
left). On average 8 observations were available, with a few 
more observations (up to 24) locally in the southernmost part. 
The coverage in WB mode was complete (Figure 2, right); 
nonetheless, the number of observations was lower (on average 
4 observations). 

The ALOS PALSAR dataset was generated by JAXA 
EORC and delivered to the PI of the project via ftp. In total, 
104 FBD image strips and 17 WB image strips covering 
Sweden were obtained. FBD images were acquired between 

May and October 2010. The WB images were acquired 
primarily during the winter season. The images were provided 
in the form of multi-looked intensity images in the radar 
geometry. In FBD mode, images covered a swath of 70 km 
with a pixel size of approximately 25 m in the azimuth 
direction and 18 m in the slant range direction, corresponding 
to 28 m in the ground range direction. In WB mode, the images 
covered a swath of 350 km with a pixel size of approximately 
70 m in the azimuth direction and 37 m in the slant range 
direction, corresponding to 70 m in the ground range direction. 

Each strip was calibrated using factors provided by JAXA 
(-83 dB) and terrain geocoded using the national DEM of 
Sweden with 50 m posting. To cope with inaccuracies in the 
orbital data, which could cause a shift in the geocoded 
geometry of 1-2 pixels, a geocoding refinement procedure was 
used [9] consisting of a match between the SAR image to be 
geocoded and an image considered as reference for the output 
geometry. Here, a simulated SAR image from the DEM was 
used. In case of flat terrain where no match could be found, a 
mosaic of Landsat images downloaded from the Global Land 
Cover Facility (GLCF, http://www.landcover.org) was used. 
The final geocoding accuracy was below 1/3rd

 

 of the pixel size. 
The FBD images were geocoded to 25 m pixel size and the 
WB images were geocoded to 75 m pixel size. The SAR 
backscatter was then normalized for slope-induced effects 
using the approach described in [10]. Topography-dependent 
scattering effects in forests due to the local incidence angle 
were not accounted for. Each image strip was tiled using a pre-
defined 30 km grid. The size of the tile was set so that the 
computing resources could be optimized when estimating stem 
volume. No additional speckle filter was applied since a visual 
analysis of the geocoded images revealed clear fine-scale 
textural features that would have been lost otherwise. 

  
Figure 2. Number of ALOS PALSAR backscatter observations over Sweden in FBD mode (left) and WB mode (right) acquired during 2010. Maps are in the 
SWEREF 99 projection (UTM 33). 

260 of 436



IV. STEM VOLUME RETRIEVAL METHODOLOGY 
The stem volume retrieval methodology is based on the 

BIOMASAR approach described in [11]. To retrieve the stem 
volume, V, given a measurement of the forest backscatter, V0

for

 

, 
the BIOMASAR algorithm inverts a Water-Cloud-like model, 
where the forest backscatter is parameterized as a function of 
stem volume in terms of a contribution (i) from the ground 
through the gaps in the canopy or attenuated from the canopy 
and (ii) from the canopy: 

� �Vo
veg

Vo
gr

o
for ee EE VVV �� �� 1    (1) 

 
The model contains two unknown parameters related to the 

SAR backscatter of the ground surface, V0
gr, and the vegetation 

canopy, V0
veg

Once the model parameters have been estimated, the 
model is inverted to obtain an estimate of stem volume given a 
measurement of the SAR backscatter: 

. The model furthermore contains a parameter 
related to the forest transmissivity, ȕ, which depends on the 
gaps in the canopy and the tree transmissivity [12]. Although 
this coefficient should change depending on the environmental 
conditions, the range of plausible values is rather small and 
using a constant equal to 0.004 was found to have little impact 
on the modelled backscatter and thus on the retrieval [2, 13]. 
We have tested the approximation by fitting the model in 
Equation (1) to a set of measurements of the backscatter and 
corresponding in situ measurements of stem volume at stand 
level at the two test sites of Remningstorp and Krycklan. For 
this analysis we used in situ stem volumes described in [10] 
and all FBD path images acquired with the nominal 34.3° look 
angle between 2007 and 2011. In total, 42 FBD images over 
Remningstorp and 81 FBD images over Krycklan were 
investigated. This allowed obtaining a comprehensive idea of 
the behavior of the coefficient ȕ and the model in Equation (1) 
under several environmental conditions (unfrozen conditions 
only though). The model fit based on a constant ȕ performed 
correctly, robustly and was not affected by a few specific 
stands not following the main trend in the observations  
(Figure 3). This was instead the case when training the model 

with an unknown ȕ. Taking into account that the estimation of 
ȕ with external datasets as required by the BIOMASAR 
algorithm would be extremely cumbersome (since then 
information on forest attenuation and gaps are required at the 
local scale), we concluded that setting ȕ to 0.004 was a 
plausible assumption. 
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In the case of multiple observations (i.e., repeated 

acquisitions in one or more polarizations), a multi-temporal 
approach combining the individual stem volume estimates can 
be applied to reduce errors and uncertainties. The final stem 
volume estimate can be obtained with a weighted linear 
combination. A smart way of setting the weights is to exploit 
the backscatter contrast between unvegetated areas and dense 
forest areas, i.e. the two backscatter model parameters in 
Equation (1). The larger the difference between the model 
parameters, the stronger the sensitivity of the backscatter to 
stem volume and therefore the higher the stem volume 
prediction capability of the corresponding backscatter 
measurement. The multi-temporal combination of stem 
volume, Vmt
 

, was estimated as: 
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where wi = V0

veg í V0
gr in the dB scale and wmax

 

 is the 
maximum of the weights. 

  
 
Figure 3. Measured and modelled backscatter for an ALOS PALSAR FBD HH (left) and HV (right) image acquired over the Krycklan test site. The model curves 
represent a least square fit to the measurements assuming ȕ constant (2 unknowns) and undefined a priori (3 unknowns). 
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V. IMPLEMENTATION OF THE BIOMASAR ALGORITHM 
The estimation of V0

gr and V0
veg

Automated approaches to derive estimates of the model 
parameters without the need of training data have been 
proposed in several recent papers [11, 13-15]. All approaches 
take into account that the two model parameters to be 
estimated, V

 typically is undertaken by 
fitting the model in Equation (1) to pairs of measurements of 
the backscatter and in situ stem volume forming a model 
training dataset. To capture the spatial variability of the 
backscatter, ideally several local test sites would be needed to 
obtain local representations of the modelled backscatter. Using 
one representation of the model based on single test site for a 
large area would introduce a retrieval error due to imperfect 
characterization of the backscatter away from the test site in the 
case of spatial variability of the environmental conditions. 

0
gr and V0

veg

In this work, we applied the concept behind the 
BIOMASAR algorithm [11] which was developed for hyper-
temporal C-band co-polarized backscatter with 1 km spatial 
resolution. The BIOMASAR algorithm can be summarized as 
follows: 

, represent the backscatter of an 
unvegetated surface (but belonging to a vegetation land-class) 
and of a very dense canopy. 

 
1) The estimate of V0

gr

2) The estimate of V

 is obtained by deriving the mean 
backscatter for pixels that can be labelled as "ground" 
within a window of finite size centered on the pixel of 
interest. "Ground" pixels are selected with a dataset of 
canopy cover (e.g., the MODIS Vegetation Continuous 
Fields, VCF) and are defined as a canopy cover below 
a given threshold. Threshold and size of the window 
are adaptive; it is required that the window includes at 
least 2% of "ground" pixels. Fall back on 1% is 
allowed in primarily dense forest areas. Otherwise, the 
parameter is not estimated. It is required that 
unvegetated classes are masked out a priori to avoid 
distorting the statistical distribution of the backscatter. 

0
veg is obtained by deriving the mean 

backscatter for pixels that can be labelled as "dense 
forest" within a window of finite size centered on the 
pixel of interest. "Dense forest" pixels correspond to 
pixels in the dataset of canopy cover with a canopy 
cover above 75% of the maximum value within the 
estimation window. To compensate for the ground 
contribution in the measured backscatter of the dense 
forest, referred to V0

df, Equation (1) is expressed to 
determine V0

veg

 

 as a function of remaining parameters 
in the model: 

df
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   (4) 

 
For the estimation of V0

veg, a value of stem volume 
representative for dense forest is required, Vdf. This is 
defined as the 90th

3) The inversion of the model in Equation (1) is 
constrained to generate estimates of stem volume 
between 0 and a maximum stem volume, which is set 
empirically to V

 percentile of the stem volume 

distribution, thus implying the certain a priori 
knowledge of range of stem volume their distribution 
in the area should be known (e.g., from inventory data 
or a raster dataset of spatially explicit values of stem 
volume). 

df

4) The multi-temporal combination discards estimates of 
stem volume in correspondence of a backscatter 
contrast (V

 + 50. Backscatter measurements for 
which the model would predict negative stem volume 
are set to 0. Conversely, backscatter measurements 
characterized by an estimate above the maximum 
retrievable stem volume are set to the maximum value 
or are discarded if the backscatter measurement is 
substantially distant from the range of modelled 
backscatter (e.g., 0.5 dB in the case of Envisat ASAR). 

0
veg о V0

gr

 

) below 0.5 dB because of 
negligible contribution (if not detrimental) to the final 
estimate. 

In this work, we expanded the BIOMASAR algorithm to 
cope with the ALOS PALSAR data. This implied revisiting 
some of the assumptions on how the model parameters are 
obtained and how the inversion is performed. A simplified 
version was already used in [13] to map biomass with ALOS 
PALSAR FBD data in Northeast US. In [13], the authors could 
take advantage of auxiliary datasets (canopy cover, land cover, 
biomass distribution) at the spatial resolution of the PALSAR 
data. In terms of using the BIOMASAR approach in a more 
global perspective, some aspects therein had to be revisited and 
global data sources for the auxiliary datasets had to be 
identified. 
 

The advances in the BIOMASAR retrieval approach 
towards automatic mapping with L-band data are summarized 
here: 
 

(i) Estimation window of the model parameters. Due to 
the very large dataset of ALOS PALSAR, modelling at 
pixel level and using a sliding estimation window as in 
the case of Envisat ASAR was unfeasible. As a trade-
off between precision of the model parameter estimates 
and computational burden, the estimation window was 
set to the area of a tile, i.e. with a size of 30 × 30 km2. 
This setting was supported by previous evidence that 
the L-band backscatter has a strong temporal 
consistency [10] and thus less affected by different 
environmental conditions as it is in the case of C-band. 
As a consequence, a single value of V0

gr and V0
veg was 

obtained for each image in each tile. Bilinear 
interpolation among the estimates of either V0

gr or V0
veg 

belonging to the same PALSAR image was then 
applied to generate a raster image of each model 
parameter (i.e., pixel-wise estimates of the model 
parameters). 
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(ii) Auxiliary dataset of canopy cover. We selected the 250 
m global MODIS VCF dataset [16] for the year 2010 to 
identify "ground" and "dense forest" pixels. To cope 
with the different resolutions of the MODIS VCF 
dataset and the PALSAR dataset, the selection of the 
two types of pixels and therefore the estimation of the 
model parameters V0gr and V0veg was done at the 
scale of the MODIS VCF dataset. Each PALSAR 
image was multi-looked to 300 m, while the MODIS 
VCF dataset was resampled (nearest neighbor) to the 
same pixel size; 300 m represented a trade-off between 
keeping the spatial distribution of canopy cover and 
achieving a spatial distribution similar to the canopy 
cover at the spatial resolution of the PALSAR data (see 
Figure 4). In the future, we foresee the possibility to 
use a Landsat-based dataset of VCF [17], which at the 
time of this work was available only for the year 2000 
and presented some artifacts of major importance for 
the performance of the retrieval algorithm. The 
reliability of the MODIS VCF dataset is shown in 
Figure 4 by comparing against estimates of canopy 
cover derived by the Finnish NFI [18]. A similar 
assessment was not possible for Sweden because of the 
lack of a canopy cover dataset at high resolution. 
Typically, the MODIS VCF dataset slightly over-
estimated canopy cover in young forest, which implied 
a slightly higher threshold on canopy cover for select-
ing the "ground" pixels, which was set to 30%, at most. 

(iii) Because of the strong aggregation, the requirement on 
the minimum number of "ground" and "dense forest" 
pixels was relaxed from 2% to 0.3% for "ground" 
pixels and 0.5% for "dense forest" pixels. In this way, 
we could estimate the model parameters for almost 
each tile; in case of an insufficient number of samples 
in one of the two classes, the estimate was extrapolated 
from values obtained in adjacent tiles. 

(iv) Definition of Vdf

dataset at the same spatial resolution. In this study, the 
kNN Sweden 2010 dataset was used. 

. Since this parameter is scale 
dependent, it is necessary to estimate it based on a 

(v) Model inversion. In contrast to the C-band case where 
the retrieved stem volume in correspondence to 
backscatter values outside a 0.5 dB range below and 
above the model curve was set to not-a-number to 
avoid errors, here this constraint is partially removed 
because the L-band backscatter is less affected by 
environmental conditions. Assuming an increasing 
backscatter with increasing stem volume, the retrieved 
stem volume is set to 0 if the measured backscatter is 
below the minimum modelled backscatter. It is set to 
the maximum retrievable stem volume if the measured 
backscatter is above the maximum modelled back-
scatter up to a 2 dB difference. 

 

VI. RESULTS AND DISCUSSION 
At first, we checked that the model training solution would 

perform reasonably well when compared to the traditional 
model training based on reference stem volume data (training 
samples). Figure 5 shows an example of the model as obtained 
with the automated model training (red curve) with respect to 
the observations (vertical bars). The observations have been 
grouped according to stem volume classes. Stem volume was 
derived from the kNN dataset. Despite several approximations 
aiming at keeping the model training phase as general as 
possible, plots like those in Figure 3 indicate that the 
modelling solution developed in this study is capable of 
representing the trend in the backscatter as a function of stem 
volume. It is worth noting that the observations and the 
modelled backscatter in the two panels of Figure 5 (HH left, 
HV right) correspond to the area covered by one tile, i.e. 30 u 
30 km2. Although a finer modelling unit (e.g., 10 u 10 km2

 

) 
would have been more suitable for characterizing small-scale 
variations of the backscatter, it had resulted in several units 
where the training would have failed because of an insufficient 
number of pixels that could be labelled as "ground". 

 

 
 
Figure 4. Comparison of canopy cover estimated by the Finnish NFI [18] and the MODIS VCF 250 m [16] dataset for a 30 u 30 km2 tile in southern Finland. Data 
have been aggregated/resampled to 300 m. 
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Figure 5. Modelled (red curve) and observed (vertical bars) backscatter as a function of stem volume. The measured backscatter has been grouped according to the 
corresponding stem volume class (each 20 m3/ha wide) derived from the kNN dataset. For each stem volume class, the cross and the vertical bar represent the median 
backscatter and the corresponding interquartile range, respectively. The plots (HH left, HV right) represent the behavior of the backscatter for a 30 u 30 km2

 
 area. 

 
The retrieval approach described in Section V was applied 

to the FBD dataset to derive a nation-wide map of stem volume 
representative of the year 2010 with a pixel size of 25 m 
(Figure 6a). The stem volume estimates from each FBD image 
were also aggregated to 75 m and combined with estimates 
derived from the WB dataset to obtain spatially explicit 
estimates of stem volume at 75 m (Figure 6b). A close up of 
each map for a 30 u 30 km2 area nearby the site of 
Remningstorp is shown in Figures 6c and 6d for the 25 m and 
75 m case, respectively. Both maps show the gradient of 
increasing stem volume with decreasing latitude, i.e. going 
from boreal to hemi-boreal forest, and from the inland towards 
the coast (i.e., from west to east) in northern Sweden. The large 
patch of lower stem volume in the middle of the southernmost 
regions corresponds to the area affected by significant wind 
throws due to the storm that occurred in January 2007. Thanks 
to the WB dataset, it was possible to fill the 1% gap in 
coverage with FBD data, however, a consequence of this was 
reduced resolution of the nation-wide data product. Because of 
the lower resolution, the range of stem volume in the 75 m data 
product is smaller compared to the 25 m, where occasionally 
stem volume would reach up to 450 m3/ha. The highest 
estimated stem volume at 75 m was 370 m3

The stem volume maps in Figure 6 were validated with the 
laser-based stem volume (biomass) estimates at the two test 
sites of Remningstop and Krycklan and verified by means of a 
cross-comparison with the kNN dataset for the whole country. 

/ha. The detail of 
each map in Figures 6c and 6d better shows the spatial patterns 
in the two datasets. At 25 m, small details and sharp transitions 
of stem volume were better captured whereas at 75 m we see 
smoother transitions. 

Figure 7 shows the agreement between the distribution of 
the PALSAR-based estimates of stem volume with respect to 
stem volume classes derived from the laser-based stem 
volume estimation (20 m3

250 m

/ha wide classes) for the 25 m pixel 
size. The agreement of stem volumes was strong up to about 
 

3/ha; thereafter, a clear trend of underestimation in the 
PALSAR dataset occurred. We explain this behavior as a 
consequence of how the range of retrievable stem volumes 
was set in the BIOMASAR algorithm. Setting the maximum 
retrievable stem volume relies on an external dataset (see 
Sections II and V); if this is incorrectly set, the stem volume 
estimated from the SAR data presents a bias [11]. In this study, 
the maximum retrievable stem volume was set based on the 
spatially explicit estimates in the kNN dataset where stem 
volume did not exceed 350 m3

At the national scale, the quality of the PALSAR-based 
estimates of stem volume was evaluated by comparison with 
the kNN dataset. As both the data products had the same 
resolution, scale issues were irrelevant. Figure 8 shows an 
example for a tile of PALSAR-based versus kNN stem 
volumes at full resolution (25 m) and at different aggregation 
levels (100 m, 500 m and 1,000 m). This example is 
representative for the behavior upon aggregation in the 
majority of the tiles. For increasing pixel size, the agreement of 
stem volume increased. The agreement increased more rapidly 
at mid-resolution. Aggregated estimates from 500 m onwards 
showed only marginal improvements in the agreement (Figure 
8e). The RMSE decreased from 90.7 m

/ha except for a few isolated 
pixels. A scatterplot of kNN stem volume with respect to the 
laser-based stem volume similar to Figure 7 revealed exactly 
the same pattern. These results indicate the importance of 
correctly parameterizing the retrieval algorithm. Ideally a 
dense network of in situ data would be best for this scope; in 
practice, for large-area mapping, we need to accept a fall back 
on existing data products. 

3/ha at 25 m to 25.2 
m3/ha at 1,000 m. The R2 coefficient increased between 25 m 
and 100 m from 0.27 to 0.52, thereafter remaining practically 
constant. The bias did not change, being approximately 11 
m3/ha, indicating overall slightly larger values estimated with 
PALSAR.
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(a) (b) 

  
(c) (d) 

Figure 6. Stem volume maps of Sweden derived from multi-temporal ALOS PALSAR images at 25 m based on FBD data (a) and at 75 m based on combined 
estimates of FBD and WB data (b). The panels in the bottom row show a detail of the maps for a 30 u 30 km2 at 25 m (c) and at 75 m (d). The color bar has been 
constrained to 400 m3/ha to maximize the contrast. 

 
Figure 7. Distribution of PALSAR-based estimates of stem volume with respect to reference laser-based estimates. Black symbols: Remningstorp; red symbols: 
Krycklan. Crosses and circles refer to the mean value of PALSAR-based stem volume for a given interval of laser-based stem volume. Vertical bars represent the 
corresponding interquartile range. 
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(a) (b) 

 
 

 
 

(c) (d) 

 
(e) 

 
Figure 8. Scatterplots of stem volume from the kNN dataset and estimated from the PALSAR FBD data for a pixel size of (a) 25 m, (b) 100 m, (c) 500 m and (d) 
1,000 m for a 30 u 30 km2 tile. Panel (e) shows the retrieval statistics (RMSE, R2

 
 and bias) as a function of pixel size. 
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To gain an understanding of the level of stem volume 
agreement between the two datasets for the whole country, the 
retrieval statistics for the 1,000 m pixel size are displayed in 
the form of histograms (Figure 9) and maps (Figure 10). The 
histogram of RMSE shows that for most tiles, the difference 
between the two datasets was between 15 m3/ha and 35 m3/ha. 
Accordingly, the relative RMSE was generally between 15% 
and 35%. Higher RMSE and relative RMSE seldom occurred. 
The R2 coefficient varied between 0.4 and 0.7, whereas the 
bias was mostly between -15 m3/ha and 30 m3/ha. The skewed 
form of the R2

Support of the understanding of the results in Figure 9 is 
provided by the representation of the retrieval statistics in form 
of a map illustrated in Figure 10. Higher RMSEs were obtained 
in the sparsely vegetated region along the border with Norway 
and in the southwest. The tile illustrated in Figure 8 belongs to 
this area, thus representing a case when the agreement between 
the PALSAR-based and the kNN stem volumes was among the 
weakest. Due to the low average stem volume, the relative 
RMSE along the border with Norway was the highest. Large 
values (approximately 30%) were obtained in the southwest. 
These areas were also characterized by the largest biases. 
These were mostly positive, corresponding to a larger average 
stem volume estimated from the PALSAR dataset. The R

 and the bias histograms and the rather large 
interval of values in each indicate that the agreement between 
the two datasets was not uniform. 

2

Local discrepancies were confirmed by a visual comparison of 
the two datasets. At such locations, the kNN dataset appeared 
to be characterized by smoother transitions between high and 
low stem volumes; i.e. the PALSAR-based estimates presented 
large variability while the kNN dataset was showing an almost 
constant stem volume. Furthermore, the kNN dataset presented 
some striping effects presumably due to different properties of 
the optical images. Finally, we identified stronger variations in 
the PALSAR-based stem volume between adjacent pixels 
when the number of backscatter observations was �� ��� WKHVH�
results being consistent with results reported in [13]. We 
believe that such issues affected the R

 
presented slightly different patterns with larger spatial 
variability compared to the RMSE statistics, indicating that at 
the local scale, the PALSAR dataset could not explain the 
spatial distribution of the stem volume in the kNN dataset. 
 

2 more than the other 
parameters because these represent an average behavior at the 
tile level and are less affected by small-scale artifacts. As a 
consequence, we interpret the different results along the border 
to Norway and in the southwest as systematic different 
estimates in the PALSAR-based dataset and the kNN dataset. 
Such differences did not disappear when using the 75 m 
PALSAR dataset. Figure 11 shows a comparison of RMSE, R2 
and bias in the case of the 25 m (x-axis) and 75 m (y-axis) 
dataset for different level of aggregation between 75 m and 
1,050 m. The results refer to the same tile considered in Figure 
8. The RMSE and R2

 

 statistics for the 75 m dataset were 
slightly poorer while the bias decreases slightly. In general, the 
contribution of the WB data to the final stem volume estimates 
appeared to be marginal, because the FBD datasets were 
characterized by much larger weights in Equation (3) compared 
to the WB datasets and the number of WB datasets was small. 

 

 
Figure 9. Histograms of tile-wise (30 u 30 km2) RMSE, relative RMSE, R2 and bias between PALSAR-based and kNN stem volumes for the 1,000 m pixel size. 
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Figure 10. Maps of RMSE, relative RMSE, R2

 
 and bias between PALSAR-based and kNN stem volume for a pixel size of 1,000 m. 

 

 
 
Figure 11. Comparison of retrieval statistics for different aggregation levels starting from the PALSAR estimates at 25 m (FBD) and those obtained at 75 m by 
combining FBD and WB data. 
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Figure 12. County-wise stem volume derived from the PALSAR dataset at 25 m (left) and 75 m (right) with respect to values published by the Swedish NFI. 
 
 

Validation of the PALSAR-based stem volumes was 
undertaken by comparison with county-wise estimates of stem 
volume published by the Swedish NFI and based on forest 
field inventory measurements collected between 2008 and 
2012 [8]. County-wise estimates obtained from the 25 m 
PALSAR dataset were in close agreement with the NFI values 
(Figure 12, left). On average, the PALSAR-based stem 
volume for the whole country was estimated to 121 m3/ha 
compared to 117 m3/ha using the NFI. Slight underestimation 
by PALSAR occurred in the two counties with the largest 
stem volume (Blekinge and Skåne). The counties of 
Kronoberg, Östergötland and Örebro were instead 
characterized by slight overestimation. For all counties, the 
estimates obtained from the 75 m dataset were lower than the 
values published by the Swedish NFI (Figure 12, right); also 
the estimate for the whole country was lower in comparison to 
the value published by the Swedish NFI (108 m3/ha vs. 117 
m3

VII. CONCLUSION 

/ha). The poorer performance of the 75 m dataset is a 
consequence of the coarser resolution; at 75 m, the amount of 
pixels not entirely vegetated was larger than at 25 m. 
Consequently, the stem volume estimated for mixed pixels 
was lower compared to the true value. Estimates for counties 
with stronger land fragmentation were more affected by the 
coarser resolution of the data. 

In this study, stem volume estimates for Sweden were 
generated from multi-temporal ALOS PALSAR observations 
acquired during 2010. A base map with 25 m pixel size was 
generated from FBD polarization data. Unfortunately, the 
coverage of Sweden was not complete. For this reason, the 
FBD dataset was complemented with WB data to obtain a 
second map of stem volume at 75 m. Herewith, full coverage 
was achieved at the expenses of resolution and precision of the 
stem volume estimates. Stem volume was retrieved with the 
BIOMASAR algorithm. A significant amount of efforts in this 
study was dedicated to adapting the algorithm to L-band and 
high-resolution data. Validation of the PALSAR-based stem 
volume estimates at two test sites against laser-based estimates 
revealed underestimation in mature forest, which was 

explained as a consequence of an imperfect parameterization 
of the retrieval algorithm. Verification of the PALSAR-based 
stem volume estimates against the kNN dataset for the whole 
country revealed substantial agreement; local discrepancies 
were ascribed to artifacts in the kNN dataset and/or due to a 
small number of PALSAR observations (d 4). In this study, 
we have identified a number of issues in the estimates of stem 
volume from the PALSAR dataset that need further analysis. 
The quality of the estimates improved when aggregating 
values from adjacent pixels. The relative difference between 
PALSAR and kNN stem volume estimates was mostly 
between 15% and 35% for a pixel size of 1,000 m. 
Comparison with county-wise averages published by the 
Swedish NFI confirmed the high quality of large-area stem 
volume averages obtained from the PALSAR dataset. The 
results obtained with the 25 m dataset were slightly better than 
those obtained with the 75 m dataset. 

This study has shown that a robust algorithm using multi-
temporal ALOS PALSAR data can be developed to estimate 
stem volume at regional scale for potential operational use. 
Thus, in this context, successfully demonstrating that the 
large-scale forestry monitoring goals of the JAXA’s ALOS 
K&C Initiative can be fulfilled. 

For Sweden, the advantage of a stem volume mapping 
approach based on PALSAR data is the significantly smaller 
effort required to obtain the data suitable for the retrieval 
when compared to an approach based on optical satellite data. 
The stem volume maps in Figure 6 were obtained after less 
than 24 hours of processing on a standard 64-bit Linux 
machine. Despite several approximations in the retrieval 
approach, the stem volume estimates can be considered of 
high quality, especially for deriving large-area figures. 
However, we envisage a more sophisticated approach to 
improve results, which might also consider the synergy 
between radar, optical and laser scanning data. With the 
launch of ALOS-2 in 2014, it is realistic to consider the 
creating of a new map of stem volume for 2015; because of 
the higher resolution of the standard modes operated on 
ALOS-2, we foresee improved estimates at pixel level. 
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Abstract—In this paper synergies between ALOS-PalSAR 
quad-pol data and TanDEM-X dual-pol data are investigated. 
For ALOS data the Freeman decomposition was applied. For 
TanDEM-X data the concept of polarimetric diversity was used. 
Additionally, changes in digital elevation models obtained from 
different TanDEM-X acquisitions were used to detect forest 
changes. 

First of all, temporal decorrelation effects were evaluated for 
ALOS repeat pass acquisitions with 42 days temporal baseline 
and TanDEM-X repeat pass acquisition with 3 sec. of temporal 
baseline. Then changes in the backscattering induced by seasonal 
changes of the forest (natural changes) have been investigated. 
For this purpose ALOS and TanDEM-X data over several 
different test sites (boreal, temperate and tropical forests) have 
been analyzed. Forest change was documented for the tropical 
test site Riau South, starting with ALOS data and continued with 
TanDEM-X data. 

I. INTRODUCTION 
ORESTS play a major role in the global carbon budget as 
they store a big part of the global carbon pool. About one 

third of the Earth’s ice-free land mass, i.e. about 4 billion 
hectares, is covered by forest. Forests store most of the 
biosphere’s carbon content; they contain twenty to fifty times 
more carbon in their vegetation than other ecosystems. At the 
same time, the area of (natural) forest worldwide decreases 
dramatically. The primary reasons are the expansion of 
agriculture (including forest plantations) and infrastructure, as 
well as legal or illegal logging. Up to now, there are no signs 
of a decrease in deforestation [1]. Changes in forests due to 
deforestation, natural or anthropogenic disturbances (forest 
fires, wind damage) and forest degradation (logging), cause 
usually a release of carbon into the atmosphere and act as a 
carbon source in the global carbon cycle. Today, the 
knowledge on the amount of carbon emissions caused by 
disturbance and degradation is rather limited and associated 
with large uncertainties especially at regional and global 
scales. Apart from the reduction in forest area and the 
associated carbon emissions, the rapidly spreading destruction 
of the forests is one of the most serious threats biodiversity 
andecological conservation. As a consequence, the ability to 
detect deforestation, disturbance and forest degradation, and 
the establishment of suitable monitoring systems is today of 
fundamental importance. Regional and global monitoring of 
disturbance and forest degradation require: 1. ability to detect 
small scale changes in forest environments; 2. ability to detect 
forest biomass changes at high spatial resolution; 3. the 
determination of forest structure and sensitivity to (vertical) 
structure change.  

The ALOS-PalSAR System (L-band) was successfully used 
for forest monitoring and forest change detection. Since ALOS 
stopped working in April 2011, a gap in regular forest 
monitoring arose. In the past it was shown, that interferometric 
X-band data are highly sensitive to forest structure i.e. forest 
height. Due to the regular acquisition strategy of TanDEM-X 
(one global acquisiton per year) TanDEM-X could close the 
gap in forest monitoring until the launch of ALOS II.  

Polarimetry and Polarimetric Synthetic Aperture Radar 
Interferometry (Pol-InSAR) have been proven to be powerful 
radar remote sensing techniques for the investigation of 
natural volume scatterers. The coherent combination of single- 
or multi-baseline interferograms acquired at different 
polarizations provides sensitivity to the vertical distribution of 
scattering processes, and it allows their characterization and 
localization by using the associated (volume) interferometric 
coherences [1][2][3][4][5]. On the other hand, low frequencies 
like L-band provide penetration and thus sensitivity to all 
scattering components of a volume down to the ground. As aq 
consequence, the availability of fully polarimetric data at L-
band provides a significant interpretation and quantification 
advantage.  

High frequencies as X-band have - when compared to lower 
frequencies - a reduced penetration capability into forests, but 
recent experiments with interferometric X-band data 
demonstrated several cases where a rather surprising 
penetration into forest vegetation and an unexpected high 
sensitivity of X-band interferometric measurements to forest 
vertical structure.  

The combination of TanDEM-X and ALOS-PalSAR data 
promises a powerful observation space that combines the 
advantages of both sensors. In this context the objectives is to 
evaluate and demonstrate the potential of combining low 
frequency (L-band) low resolution (spatial and temporal) quad 
polarimetric acquisitions with high frequency (X-band) single-
pass dual polarimetric interferometric observations for forest 
disturbance & degradation mapping. 

Spaceborne SAR systems can play a big role for answering 
these monitoring needs. Indeed they provide the unique ability 
to image systematically large areas with high spatial and 
temporal resolution. 

II. TANDEM-X 
TanDEM-X – successfully launched in June 2010 – forms 
together with TerraSAR-X the first single-pass polarimetric 
interferometer in space. This allows for the first time the 
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acquisition and analysis of Single-, Dual-, and Quad-Pol-
InSAR data without the disturbing effect of temporal 
decorrelation.  
The primary objective of the TanDEM-X mission is the 
generation of a consistent global digital elevation model 
(DEM) meeting the HRTI-3 specifications [16]. This 
translates into a spatial resolution of 12m with a relative 
height accuracy of 2m. The TanDEM-X mission provides 
twice a full global coverage in an interferometric mode with 
two spatial baselines. Selected areas of special interest are 
covered more often. The operational DEM acquisition is in the 
stripmap mode, while for special (high resolution) 
requirements the spotlight mode is available. In this mode the 
radar beam is steered in flight direction in a way that the target 
region is illuminated during the whole data recording 
sequence. In this way, an increased target illumination time is 
achieved with a high spatial resolution in the flight direction. 
Then the scene size is limited to 10km x 10km with a range 
resolution of 1.2m and an azimuth resolution of 3.4 m for the 
standard spotlight mode.  
Concerning forest applications, recent experiments 
demonstrated several cases with rather surprising penetration 
into vegetation, and sensitivity of X-band interferometric 
measurements to forest vertical structure attributes [8][14]. Of 
course, the ability of estimating height in terms of X-band 
interferometry depends on the capability of X-band to 
penetrate through the forest, that directly depends on the 
density and hence the extinction of the forest volume. 
Neverthelss, the high resolution DEM provided by TanDEM-
X can be used to detect forest change or forest disturbances.  

III. TEST SITES 
In this work, data boreal, temperate and tropical test sites 

have been used. In this section the test sites are shortly 
described. 

A. Oberpfaffenhofen 
Oberpfaffenhofen site is located in the South-East of 

Germany around the center coordinates, 48°04’ North and 
11°19’ East. The climatic conditions favor temperate mixed 
mountainous forest stands, dominated by Norway spruce, 
beech and fir. It is a managed forest composed of even-aged 
stands (mainly older forest parts) and mixed uneven-aged 
stands (mainly younger forest parts), with forest heights from 
10 m up to 40 m and higher. The mean biomass level is on the 
order of 210 t/ha 

B. Mawas 
The Mawas site is an Indonesian forest conservation area 

located in Central Kalimantan (-2°09’ S and 114°27’ E). It is 
covered with tropical peat swamp forest that is still marked by 
strong logging activities carried out in the early 90’s of the last 
century. Forest height reaches up to 30m; the mean biomass is 
around 200 t/ha with maximum values up to 300t/ha. The 
terrain topography is rather flat and varies slowly from 5 m to 
50 m a.m.s.l.. 

C. Plattling 
Plattling site is located in ths South-East of Germany 

around the center coordinates 48°44’ N 12°51’ E. It is covered 
by a typical riverine forest of the temperate forest zone, 
mainly composed of deciduous trees like ash, alder oak and 
maple. 

D. Krycklan 
Krycklan forest is located in middle Sweden (64°10’ N and 

20°01’ E) and represents typical forest conditions for boreal 
forest systems of Scandinavia. It is a managed forest with a 
mean forest height of 18m with a maximum of 30 m and a 
mean biomass level of 90t/ha. The forest is dominated by 
coniferous trees (Norway spruce and Scots pine) with 
fractions of birch. The site has a hilly topography 
characterized by moderate slopes and a height variation 
between 20 and 400 m a.m.s.l.. For validation airborne 
LIDAR measurements were collected in late summer 2008. 
And 252 homogeneous stands with a mean stand size of 3 ha 
were chosen. From the LIDAR data, the forest canopy top 
height H100 was calculated and used as a reference. H100 is a 
standard parameter in forest mensuration and is defined as the 
mean height of the largest 100 trees per hectare [18]. It is thus 
considered to represent the upper height of the tree crowns in a 
forest.  

 

E. Riau south 
Test site Riau south is a representative tropical lowland 

dipterocarp forest (typical for Southeast Asia) and it is located 
on the island Sumatra (0°0’ N 102°35’ N). The maximum 
expected tree height is around 60 m with biomass values 
partly beyond 400 t/ha. 

IV. TEMPORAL DECORRELATION  
The fundamental (Pol-InSAR) interferometric measurement 

is the complex interferometric coherence at different 
polarizations. The measured coherence depends on the system 
and imaging geometry, as well as on the dielectric and 
structural parameters of the scatterers within the scene. After 
calibration and compensation of system and (imaging) 
geometry effects, it is possible to derive the so-called volume 
decorrelation which has a direct relationship to the vertical 
distribution of scatterers via a Fourier relationship. 
Correspondingly, the volume decorrelation contains 
information on the vertical structure of the scatterers and 
therefore it is the key for computing forest vertical structure 
parameters quantitatively. However, in repeat-pass spaceborne 
implementations (as it is the case for ALOS-PalSAR), 
depending on the imaged scatterers, the inherent presence of 
temporal decorrelation is biases the interferometric coherence 
estimates degrading the sensitivity to vertical scattering 
structure and limiting the performance of Pol- InSAR 
inversion techniques [6] [15]. Because of the large temporal 
baselines, the amount of temporal decorrelation in ALOS-
PalSAR polarimetric interferograms is – in general – too high 
to allow even a qualitative investigation of vertical structure 
attributes. However, the low carrier frequency provides 
penetration and thus sensitivity to all scattering components of 
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a volume down to the ground.  
The parameter commonly used to express the effective 

spatial baseline is the vertical wavenumber Ɉ approximated 
by 

 
Ɉ = m ଶ ο

 ୱ୧୬() ൎ m ଶ 
ୱ୧୬()ୖ       (1) 

 
where οɅ is the angular separation of the two acquisitions 

in the direction of the resolution cell, Bୄ is the effective 
(perpendicular) baseline, Ʌ is the local incidence angle, ɉ is the 
used wavelength, R is the slant range distance and m accounts 
for the acquisition mode. For monostatic acquisitions m = 2 
while for bistatic acquisitions m = 1. The vertical 
wavenumber Ɉ scales the interferometric phase to height. The 
parameter used to express the effective spatial baseline, is the 
height of ambiguity HoA = ʹɎ/Ɉ i.e. the height that 
corresponds to an interferometric phase change of ʹɎ. 

In the subsequent sections the behavior of ALOS-PALSAR 
repeat pass coherence and TanDEM-X monostatic single-pass 
coherence is shortly analyzed in the frame of two case studies.  

A. ALOS-PALSAR 
Figure 1 (A) shows an amplitude image of an ALOS-

PalSAR acquisition in HH polarization over the 
Oberpfaffenhofen site and Figure 1 (C) the corresponding 
interferometric coherence after 42 days repeat pass time with a 
mean height of ambiguity of 57m ( zN ~0.11 rad/m).  

In order to characterize the scattering processes Freeman 
decomposition was applied according to [12][13] (see Figure 1 
B). Three different scattering types are identified: surface 
scattering (mainly agricultural areas), dihedral scattering 
(mainly urban areas) and volume scattering (mainly forest 
areas). 

The measured interferometric coherences assigned to a 
certain scattering process are displayed in Figure 2 in form of 
histograms (blue: surface scattering, red: dihedral scattering 
and green: volume scattering). As a rule of thumb, in order to 
allocate a pixel to a certain scattering mechanism, at least two 
third of the total backscattered power in all polarizations 
(span) must correspond to that scattering mechanism. 
Lowest coherences are measured for volume scatterers 
(coherence ~0.2) followed by surface scatterers and dihedral 
scatterers. In case of volume scatterer temporal decorrelation 
seems to be the dominant decorrelation source. Volume 
decorrelation plays only a minor role [10][3][4]. Indeed, for 
the given baseline a forest height of 50m (which is by far too 
high for this test site) would explain a maximum volume 
decorrelation of only 0.4.  

B. TanDEM-X  
From July until September 2010 both TanDEM-X and 

TerraSAR-X were operated in a monostatic mode separated by 
approximately 20km in the along-track direction, that 
translates in a temporal baseline of approximately 3sec.  

Figure 3 (B) and Figure 3 (C) show the interferometric 
coherence of two TanDEM-X monostatic single-pass 

acquisitions (2010-09-06 and 2010-08-04 ) over the Mawas 
site in HH polarization. In Figure 3 (A) the corresponding 
amplitude image of the acquisition from 2010-09-06 is 
displayed. The scene is nearly completely covered with forest. 

 
A 

 
B 

 
C 

Figure 1: ALOS-PalSAR acquisition Oberpfaffenhofen test site HH 
Polarization; (A) amplitude image 2007-04-02; (B) RGB-coded Freeman 
decomposition image, 2007-04-02 Freeman decomposition, blue: surface 
scattering; red: dihedral scattering; green: volume scattering; (C) 
interferometric coherence between images 2007-02-15 and 2007-04-02 
scaled from 0 (black) to 1 (white). 

 

 
Figure 2: Histogram interferometric coherence between 2007-02-15 and 
2007-04-02 for different scattering mechanisms: dihedral (red), surface 
(blue) and volume (green). 

 
The acquisition of 2010-09-06 has a height of ambiguity of 

157 m ( zN ~0.04 rad/m). Here, for the given baseline, a forest 
height of 50m (which is by far too high for this test site) would 
explain a maximum volume decorrelation of only 0.9. The 
acquisition from 2010-08-04 has a height of ambiguity of 104 
m ( zN ~0.06 rad/m). Here, for the given baseline, a forest 
height of 50m (which is by far too high for this test site) would 
explain a maximum volume decorrelation of only 0.8. But in 
both images appear over large areas lower coherences. 

In the lower part of the coherence image of 2010-09-06 
patches of coherence around 0.2 are visible, while the 
coherence image from 2010-08-04 is all over impaired by 
patches of low coherence. In fact, both images are affected by 
temporal decorrelation induced by a thunderstorm during the 
image acquisition. In the 2010-09-06 acquisition, the thunder- 
storm approaches from the lower part of the image, while the 
rest of the image is unaffected. Converseley, the 2010-08-04 
acquisition is all over affected by a thunderstorm.  
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Tom summarize, even monostatic single- pass acquisitions 
with only a short term temporal baseline of ~ 3 sec. may be 
affected by severe temporal decorrelation under unfavourable 
acquisition conditions. On the contrary, bistatic acquisitions 
are usually not affected by temporal decorrelation.  

 
A 

 
B 

 
C 

Figure 3: Pursuit monostatic acquisition Mawas test site; (A) amplitude 
image in HH polarization 2010-09-06: (B) Interferometric coherence in HH 
polarization scaled from 0 (black) to 1 (white), 2010-09-06 (height of 
ambiguity = 104 m); (C) interferometric coherence in HH polarization scaled 
from 0 (black) to 1 (white), 2010-08-04 (height of ambiguity = 157 m). 

V. POLARIMETRIC OBSERVATIONS 
Interferometric analysis with ALOS-PalSAR have shown 

large degrees of temporal decorrelation over the 42-day repeat 
time of ALOS [17]. For this reason, this study focuses on 
quad-polarimetric ALOS-PalSAR data for forest change 
detection. In oarticular, the Freeman three-component 
decomposition [12][13] was applied to time series of ALOS 
quad- pol data (see section IV.A). 

TanDEM-X bistatic acquisitions are not affected by 
temporal decorrelation. Consequently, interferometry and Pol-
InSAR techniques may be applied for TanDEM-X data 
analysis. Due to the limited penetration capability of X-band 
especially under tropical forest conditions [14] and the limited 
available polarization space (only dual- pol HH/VV 
acquisitions were acquired), the analysis focuses on the 
polarimetric diversity of TanDEM-X dual-pol acquisitions and 
on the evaluation of digital elevation models (DEM’s). 

A. Polarimetric diversity 
The polarimetric diversity of the interferometric coherence 

is derive friom the coherence region concept [9]. In the case of 
a dual-pol InSAR configuration operating in HH and VV, a 2-
dimensional scattering vector kሬറଵ = [Sୌୌ 

ଵ  Sଵ ] and kሬറଶ =
[Sୌୌ 

ଶ  Sଶ ], where S ୧ are the co-polarised (complex) 
scattering amplitudes of the corresponding scattering matrix, 
is acquired at the two ends of the (spatial) baseline. The 
scattering amplitude S(wሬሬሬറ) of any polarization state wሬሬሬറ in the 2-
dimensional subspace defined by Sୌୌ and S can be defined 
by the projection of the scattering vector kሬറ on the unitary 
complex vector wሬሬሬറ as [9]  

 
Sଵ(wሬሬሬറ) ؔ wሬሬሬറା ή kሬሬሬሬറଵ   and   Sଶ(wሬሬሬറ) ؔ wሬሬሬറା ή kሬሬሬሬറଶ.    (1) 

 

The interferometric coherence is then given by 
 

ɀ(Ɉ, wሬሬሬറ) = ୵ሬሬሬറశ[ஐభమ(ச)]୵ሬሬሬറ
ඥ(୵ሬሬሬറశ[భభ]୵ሬሬሬറ)(୵ሬሬሬറశ[మమ]୵ሬሬሬറ)      (2) 

 
where [ȳଵଶ(Ɉ)] ؔ kሬറଵۃ ή kሬറଶۄ, [Tଵଵ] ؔ kሬറଵۃ ή kሬറଵۄ and 

[Tଶଶ] ؔ kሬറଶۃ ή kሬറଶۄ. 
 
Using its polar form the interferometric coherence ɀ(Ɉ, wሬሬሬറ) 

can be represented on the unit circle (see Figure 4) by a point 
with radius 0  |ɀ(Ɉ, wሬሬሬറ)|  1 and phase ɔ = arg{ɀ(Ɉ, wሬሬሬറ)} 
[10] 

 
Figure 4: Unit circle with coherence region (red ellipse), ɀ୭୪(wሬሬሬԦ୫ୟ୶) (blue 
dot), ɀ୭୪(wሬሬሬԦ୫୧୬) (green dot), ground phase ɔ (black dot) and maximum 
phase difference οɔ.  

 
The region on the unit circle defined by the loci of the 

interferometric coherences ɀ(Ɉ, wሬሬሬറ୧) for all possible wሬሬሬറ୧ is 
called coherence region (red ellipse Figure 4) and it is used to 
interpret the polarimetric interferometric signature of the 
underlying scatterer. The radial extent of the coherence region 
indicates the variation of the absolute value of the 
interferometric coherence as a function of polarization. The 
angular extent of the coherence region indicates the variance 
of the interferometric phase (center) as a function of 
polarization. The maximum phase difference ȟɔ established 
by the coherence region indicates the maximum variation of 
the interferometric phase (center) obtained by changing the 
polarization of the images used to form the interferogram and 
it can be converted to a (baseline independent) height 
difference ȟh by scaling with the vertical wavenumber, i. e. 
ȟh = ȟɔ/Ɉ. Large ȟɔ values indicate the presence of 
(polarized) scattering contributions at different heights within 
the scattering volume. However, a note of caution is required 
when interpreting the interferometric coherence on the unit 
circle: In fact, the estimation of both the absolute value and 
the argument of the interferometric coherence is affected by an 
inherent variance defined by the (absolute) coherence value 
and the number of looks used for its estimation [11]. 

VI. SEASONAL DEPENDENCY 
Forests have a natural change over the course of the year. 

Deciduous forests for instance drop off and grow their leaves 
once per year. Additionally, precipitation events (snow rain or 
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flooding) and changes of the temperature between freezing 
and non-freezing conditions change the dielectric properties of 
a forest and therefore also its backscattering behavior. Forest 
changes can also occur due to human activities and 
environmental disturbances like insect damages, storms or 
fires. In order to detect forest disturbances, natural changes in 
backscattering needs to be understood before. For this, a small 
temporal sequence of ALOS-PalSAR acquisitions and 
TanDEM-X acquisitions is evaluated. 

A. ALOS-PalSAR 
For the evaluation of natural forest changes in the 

polarimetric signature of ALOS-PalSAR images, a sequence 
of three acquisitions performed in three different years (2006, 
2007 and 2008) over the Oberpfaffenhofen site was evaluated. 
Natural changes for this forest type (temperate forest) are 
mainly induced by drop off and growth of leaves and should 
result in a stronger dihedral component when leaves are off.  

The acquisitions from June 2006 and August 2008 represent 
summer forest conditions in which deciduous trees are 
foliated. The acquisition from April 2007 still reflects non-
frozen winter forest conditions in which leaves are off. RGB 
color composites of the Freeman decomposition of densely 
wooded cut outs of the three acquisitions are given in Figure 5 
(surface scattering in blue, dihedral scattering in red, volume 
scattering in green). Figure 5 (A), (B) and (C) are color 
composites of the three scattering processes and Figure 5 (D), 
(E) and (F) the corresponding normalize power images.  

 

 
A 

 
B 

 
C 

 
D 
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F 

Figure 5: ALOS-PalSAR RGB coded Freeman decomposition 
Oberpfaffenhofen site. Blue: surface scattering; red: dihedral scattering; 
green: volume scattering; (A) 2006-06-30 (B) 2007-08-04; (C) 2010-09-06; 

(D) normalized power 2006-06-30; (E) normalized power, 2010-08-20; (F) 
normalized power,2010-09-06. 

 
Between 2006 and 2008 no significant changes could be 

detected. In the two summer acquisitions volume scattering is 
the dominant scattering process on the wooded areas. In the 
2007 winter image a strong dihedral scattering component 
appears over large parts of the forested areas. This may be due 
to the reduced dielectricity in the tree crowns induced by the 
loss of leaves which makes dihedral backscattering (direct 
ground truck backscattering) more poswerful.  

For the sake of comparison the Oberpfaffenhofen site was 
acquired on 2011-02-10 with TanDEM-X in dual-pol mode 
HH/VV with a height of ambiguity of 62 m ( zN ~0.1 rad/m). 
Figure 6 (A) shows the amplitude image, Figure 6 (B) the 
corresponding interferometric coherence and Figure 6 (C) the 
polarimetric diversity of the acquisition. Areas of low 
coherence and high polarimetric diversity (> 1 m) cover the 
forest areas already identified in the ALOS acquisitions. There 
seems to be no significant change of forest area between the 
ALOS acquisition from 2010-09-06 and the TanDEM-X 
acquisition. 

The higher resolution of the TanDEM-X acquisitions 
enables a more precise distinction of the forest corners 
compared to the ALOS-PalSAR quad-pol acquisitions. In fact, 
urban areas appear in the ALOS-PalSAR images partly as 
volume scatterer but, the polarimetric diversity in the 
TanDEM-X acquisitions is only on the order of 1 m or less. 
Polarimetric diversity seems therefore to be appropriate also to 
distinguish between wooded areas and urban areas. 

 
A 

 
B 

 
C 

Figure 6: TanDEM-X Oberpfaffenhofen site 2011-02-10; (A) amplitude 
image in HH polarization; (B) interferometric coherence scaled from 0 (black) 
to 1 (white); (C) polarimetric diversity scaled from 0 to 5 m. 

B. TanDEM-X  
The possibility of mapping natural forest changes with 

TanDEM-X data is investigated in two test sites. In the boreal 
test site (Krycklan), seasonal changes in the penetration depth 
are evaluated. Plattling site is used to demonstrate seasonal 
changes of the polarimetric diversity by means of a deciduous 
riverine forest. 

A summary of the processed data with the most important 
acquisition parameters is given in Table 1. Krycklan site has 
been covered with two single-pol HH acquisitions while 
Plattling site has been imaged with a sequence of three dual-
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pol acquisitions from the middle of April 2011 until the 
middle of May 2011. 

 
Table 1: Summary of used TDX data 

Test site Date 
Look 
angle 

[°] 

 ࣄ
[rad/
m] 

 
[m] 

Polari- 
zation Mode 

Krycklan 2010/
12/17 19° 0.09 69 HH descending,  

Stripmap 

Krycklan 2011/
06/11 19° 0.05 125 HH descending, 

Stripmap 

Plattling 2011-
04-12 44° 0.21 30 HH/ 

VV 
ascending 
Stripmap 

Plattling 2011-
05-04 44° 0.21 31 HH/ 

VV 
ascending 
Stripmap 

Plattling 2011-
05-15 44° 0.22 28 HH/ 

VV 
ascending 
Stripmap 

 
In order to establish the penetration depth in the forest 

volume, the height difference between the available LIDAR 
DTM and the X-band DEM (corresponding to the 
interferometric phase center height) was estimated for the two 
Krycklan TDX data sets and plotted against the individual 
LIDAR H100 forest height (a detailed description of the 
reference LIDAR H100 is given in [14]) in Figure 7. For each 
plot, the correlation coefficient (r ) and the mean penetration 
depth was calculated.  

 
A 

 
B 

Figure 7: Krycklan test site, validation plot phase center height versus LIDAR 
forest height for different polarizations, look angles and seasons. (A) HH 
polarization, 2010-12-17, look angle = 19°; (B) HH polarization, 2011-06-11, 
look angle = 19°;  

 
Figure 7 (A) corresponds to the HH polarization of the 

December 2010 acquisition acquired with the same mode and 
geometry (i.e. 19° look angle) as the June 2011 acquisition 
(Figure 7 (B)). The comparison of the winter and summer 
plots shows a significantly lower phase center location in 
winter (10.8 m) than in summer (8.3 m), indicating a different 
penetration,. A possible interpretation is an increased ground 
scattering contribution as a consequence of the frozen 
vegetation conditions (i. e. decreased vegetation dielectric 
constant) combined with the loss of leaves, that decreases 
volume attenuation. 

The polarimetric diversity was calculated for the three dual-
pol acquisitions of Plattling site. They cover the foliation 
period of the mapped forest. Images of the polarimetric 
diversity of the three acquisitions of Plattling site are shown in 
Figure 8. The first acquisition (2011-04-12, Figure 8 (A)) 

covers Plattling in the leaf off stage. The polarimetric diversity 
has values larger than 4 m nearly all over the forested area. In 
the second acquisition, (2011-05-04, Figure 8 (B)) foliation 
has already started and polarimetric diversity decreases. In the 
third acquisition, (2011-05-15, Figure 8 C) foliation is nearly 
completed and polarimetric diversity reaches barely values 
greater than 4m.  

 
A 

 
B 

 
C 

Figure 8: TanDEM-X time series of polarimetric diversity test site Plattling 
scaled from 0 to 5 m. (A) 2011-04-12; (B) 2011-05-04; (C) 2011-05-15. 

 

  
A 

 
B 

 
C 

 
D 

 
E 

 
F 

Figure 9: ALOS-PalSAR, RGB coded Freeman decomposition, Riau south 
site. Blue: surface scattering; red: dihedral scattering; green: volume 
scattering; (A) 2007-06-06, red rectangle indicates cut out of Figure 10 (B) 
2009-04-26; (C) 2010-04-29; (D) normalized power 2007-06-06, (E) 
normalized power 2009-04-26, (F) normalized power 2010-04-29. 

 
Dense forest conditions seem to decrease polarimetric 

diversity. Increasing forest density (or more foliage in the 
canopy) decreases the capability of X-band to penetrate into 
the forests. As a consequence, the strongly polarized 
backscattering of the ground is reduced which implies that the 
difference in the backscattering in the polarization channels 
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shrinks. 

VII. CHANGE DETECTION 
In this section, forest changes of the tropical test site Riau 

South are documented, by means of a sequence of three 
ALOS-PalSAR quad-pol acquisitions continued by two 
TanDEM-X dual-pol acquisitions.  

A. ALOS 
The first acquisition took place in June 2007 and was 

followed by two acquisitions in April 2009 and in April 2010. 
RGB color composites of the Freeman decomposition of the 
three acquisitions are given in Figure 9 (A), (B) and (C) 
(surface scattering = blue, dihedral scattering = red, volume 
scattering = green). Figure 9 (D), (E) and (F) show the 
corresponding normalize power images. 

 
A 

 
B 

 
C 

 
D 

 
E 

 
F 

Figure 10: ALOS-PalSAR RGB coded Freeman decomposition of the portion 
of the Riau South site included in the red rectangle of Figure 9 (A). Blue: 
surface scattering; red: dihedral scattering; green: volume scattering. (A) 
2007-06-06, red triangle indicates cut out of (B) 2009-04-26; (C) 2010-04-29; 
(D) normalized power 2007-06-06; (E) normalized power 2009-04-26; (F) 
normalized power, 2010-04-29. 

 
Along the rivers, a steady change of the magnitude of the 

dihedral scattering component can be observed from image to 
image. These different amounts of dihedral scattering reflect 
different flooding stages. In the upper part of the image 
deforestation along the river is well documented. Volume and 
dihedral scattering disappears over several small patches 
(green and red color in Figure 9) and surface scattering 
becomes the dominant backscattering process (blue color in 
Figure 9).  

Figure 10 shows the cut outs of the images of Figure 9 in 
correspondence of the red rectangle in Figure 9 (A). This 
region is of special interest as here forestation and 
deforestation processes are alternating. The area is probably 
covered with plantation forest of fast growing tree species like 
acacia which can be harvested in a 4 to 5 year cycle. 2007 
large parts of the plantation areas seem to be freshly harvested. 
In those areas volume scattering is in 2009 again the dominant 
scattering process. A similar can be observed for the small 
harvested area of the 2009 acquisition. For this area has from 
2009 to 2010 volume scattering significantly increased. 

 
Table 2: Summary of used TDX data Riau South 

Test site Date 
Look 
angle 

[°] 

 ࣄ
[rad/
m] 

 
[m] 

Polari- 
zation Mode 

Riau South 2012/
06/20 42° 0.15 40 HH/ 

VV 
descending,  

Stripmap 

Riau South 2012/
12/24 42° 0.07 90 HH/ 

VV 
descending, 

Stripmap 
 

 
A 

 
B 

 
C 

Figure 11: TanDEM-X acquisition Riau South 2012-06-20. (A) amplitude 
image, HH polarization; (B) interferometric coherence scaled from 0 (black) 
to 1 (white); (C) polarimetric diversity scaled from 0 to 5 m. 

B. TanDEM-X Polarimetric diversity 
The first TanDEM-X acquisition was performed in June 

2012, the second in December 2012. Their characteristic 
parameters are summarized in Table 2. The TanDEM-X 
acquisitions are centered around the plantation area mentioned 
in the description of the ALOS-PalSAR acquisitions, due to 
the smaller swath width of the TanDEM-X system compared 
to ALOS.  

The amplitude, the coherence and the polarimetric diversity 
images are reported in Figure 11 for the June 2012 acquisition 
and in Figure 12 for the December 2012 acquisition. The 
ALOS-PalSAR images are acquired in ascending orbit while 
the TanDEM-X images are acquired in descending orbit. For 
this reason, the images are tilted in different directions.  

The TanDEM-X acquisitions continue the documentation of 
the ongoing harvesting activities in the plantation area, as 
indicated by the increase of coherence over few patches and 
the corresponding decrease of the polarimetric diversity 
between the two acquisitions. Deforestation in the upper left 
part of the image (close to the river) is ongoing as well. 
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C. TanDEM-X DEM 
The use of the DEM information related to the two 

TanDEM-X acquisitions allows a more quantitative estimation 
of forest change. Figure 13 shows the difference between the 
DEM obtained from the June acquisition and the DEM 
obtained from the December acquisition. The large difference 
in the upper left corner is due to inaccuracies (phase 
unwrapping errors) in the DEM induced by the low 
backscattering of the river and can therefore not be used for a 
physical interpretation. The harvested forest patches in the 
plantation area show up as a decrease of the scattering center 
height on the order of 15 m. In the clear cut areas close to the 
river (right side of the image) the phase center height is 
lowered between 10 m and 15 m. The small differences 
between the two DEM’s (< 4 m) reflect the natural changes of 
the forest between the two acquisitions. 

 
A 

 
B 

 
C 

Figure 12: TanDEM-X acquisition, Riau South, 2012-12-24. (A): amplitude 
image, HH polarization; (B) interferometric coherence scaled from 0 (black) 
to 1 (white); (C) polarimetric diversity scaled from 0 to 5 m. 

 

 
Figure 13: TanDEM-X DEM difference, Riau South (2012-06-20 - 2012-12-
24), scaled from 0 m to 15 m. 

VIII. CONCLUSION 
In this study ALOS-PalSAR quad-pol data and TanDEM-X 

dual-pol data have been shown to potentially detect forest 
changes. Natural forest changes may affect the polarimetric 
(ALOS-PalSAR) and interferometric polarimetric signatures 
(TanDEM-X). Results need therefore be carefully interpreted. 

Polarimetry in L-band and interferometric polarimetric 
diversity in X-band seem to complement each other. Further 
investigations are necessary to obtain quantitative forest 
change estimates. 
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Abstract— Multi-temporal ALOS PALSAR images acquired 
during 2010 in Fine Beam Dual (FBD) and Wide Beam (WB) 
modes have been used to generate estimates of forest growing 
stock volume (GSV, unit: m3/ha) using the BIOMASAR 
algorithm. Estimates were generated for six regions located in the 
boreal (Sweden and south Finland), temperate (central Germany 
and central Siberia) and tropical (Pará and Rondonia) zone. 
Estimates were obtained at 25 m using FBD data only and at 75 
m combining FBD estimates and WB data. The inclusion of 
multi-temporal WB data served to improve the spatial 
characterization of GSV. Results were verified by cross-
comparison with other estimates from Earth Observation data. 
Large discrepancy was obtained at pixel level; aggregation to 
lower resolution (e.g., 1 km) increased the agreement 
substantially. The high resolution of the PALSAR-based maps of 
GSV captures the forest heterogeneity and allows for 
applications with respect to ecosystem models which were not 
possible before. 

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, forest growing stock volume, above-ground biomass, 
carbon fluxes, BIOMASAR algorithm. 

I. INTRODUCTION 
Large-scale mapping of forest variables such as growing 

stock volume or biomass with Earth Observation (EO) has 
boosted in recent times thanks to the availability of multiple 
observations with optical, lidar and radar sensors on orbiting 
platforms. Synergy of observations has been exploited to 
generate spatially explicit estimates at regional, continental or 
biome scale [1-7]. Much of these mapping efforts were based 
on low resolution data, which cannot explain small scale 
variability of the forest variable of interest. This is particularly 
relevant in areas with strong land fragmentation or land-use 
induced changes. As a consequence the precision of 
information derived from such estimates, for example carbon 
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pools and related fluxes, depends on the spatial resolution of 
the latter.  

Current information sources are insufficient for a proper 
spatial constraint of vegetation carbon pools and often 
modeling approaches rely on equilibrium initialization 
routines with potential significant impacts in net ecosystem 
fluxes estimates [8]. Additionally, the between-model 
divergence in the description of vegetation dynamics 
represents a significant source of uncertainties for which for 
which observational constraints on spatial distributions and 
temporal dynamics are needed [9]. However, forest age 
distributions are reflected in the spatial distribution of biomass 
[10-14]. Given this relationship, very high spatial resolution 
biomass data derived in this study can potentially be used to 
infer information on forest age. Such information together 
with biomass estimates, which can be derived additionally 
from these datasets with high accuracy, would allow for an 
improved parameterization of growth and mortality processes 
which could circumvent the need to rely on a steady-state 
assumption for modeling forest carbon stocks.  

Scope of the work undertaken in this project was to 
generate regional maps of forest variables (growing stock 
volume and henceforth biomass) from ALOS PALSAR data 
and assess the information content with respect to existing 
estimates from other EO data product. Furthermore, the 
objective was to assess the usefulness of such estimates into 
biosphere models for an improved parameterization of carbon 
fluxes. The advantage offered by PALSAR data is the 
availability of wall-to-wall imagery at global scale, the high 
resolution (25 m and 75 m) and the sensitivity of the 

observations to forest structure. Sections II and III describe the 
study areas and the PALSAR data available. Section IV 
describes the biomass retrieval methodology, which exploits 
multi-temporal observations of the SAR backscatter. Section 
V presents results from the retrieval and a first assessment of 
the retrieved data. A set of conclusions and a future outlook is 
presented in Section VI. 

II. STUDY AREAS 
As study areas, we selected six regions in the boreal, 

temperate and tropical domain with differences in land cover 
and land use patterns where multi-temporal ALOS PALSAR 
data were available (Table I). Each area includes a number of 
Fluxnet sites with carbon flux measurements. The area has 
been trimmed with respect to the availability of repeated 
acquisitions of PALSAR data during 2010. 

III. SATELLITE DATA 
The ALOS PALSAR dataset consisted of image strips 

acquired in Fine Beam Dual (FBD) polarization (HH and HV) 
mode and Wide Beam (WB) mode in single polarization (HH) 
during 2010. Multi-temporal wall-to-wall coverage in both 
modes was available for all sites except for a 1% fraction of 
Sweden in FBD mode [15]. The PALSAR data amount 
differed depending on the study area (Table II). FBD data were 
acquired during four cycles between May and October 2010 
along ascending tracks.  

 
 

 
TABLE  I 

LOCATION AND EXTENT OF PROJECT STUDY AREA 

 
 

TABLE  II 
SUMMARY OF PALSAR DATASETS AVAILABLE FOR EACH STUDY AREA. 

 
Study area Area (106 km2) Number of PALSAR strips 

requested 
Min, average and max number of 

PALSAR observations 
FBD WB 

Sweden 1.12 104 0 / 8 / 24 1 / 5 / 11 
South Finland 0.23 30 2 / 6 / 16 1 / 2 / 3 

Central Germany 0.25 19 2 / 6 / 8 1 / 1 / 2 
Central Siberia 0.52 16 0 / 4 / 10 1 / 8 / 15 

Pará 0.82 63 6 / 8 / 16 1 / 12 / 21 
Rondonia 0.80 54 6 / 8 / 16 1 / 15 / 22 
TOTAL 3.74 286 - - 

 

 Name Country Top left coordinate Bottom right coordinate Domain 
1 Sweden Sweden 70° N, 10° E 55° N, 24° E Boreal, hemiboreal 
2 South Finland Finland 63° N, 21° E 60° N, 26° E Boreal 
3 Central Siberia Russia 61° N, 88° E 55° N, 93° E Boreal 
4 Central Germany Germany 53° N, 10° E 50° N, 14° E Temperate 
5 Pará Brazil 0° N, -57 ° E -5° N, -49° E Tropical 
6 Rondonia Brazil -8° N, -67° E -14° N, -59° E Tropical 
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The spatial distribution of the number of PALSAR 
observations was heterogeneous over Sweden, south Finland 
and central Siberia, where several orbital tracks were observed 
more often than others. Over central Germany and the two 
study areas in Brazil, the distribution was homogeneous. The 
difference between average and maximum number of 
observations is due to the swath overlap of adjacent orbital 
tracks. The WB images were acquired primarily during the 
winter season along descending orbital tracks. The WB dataset 
was densest over the two study areas in Brazil; for the other 
study areas, the distribution was either heterogeneous (Sweden 
and central Siberia) or the number of images was very small 
(south Finland and central Germany).The ALOS PALSAR 
dataset was generated by JAXA EORC and delivered to the PI 
of the project via ftp. The images were provided in the form of 
multi-looked intensity images in the radar geometry. In FBD 
mode, images covered a swath of 70 km with a pixel size of 
approximately 25 m in the azimuth direction and 18 m in the 
slant range direction, corresponding to 28 m in the ground 
range direction. In WB mode, the images covered a swath of 
350 km with a pixel size of approximately 70 m in the azimuth 
direction and 37 m in the slant range direction, corresponding 
to 70 m in the ground range direction.  

Each strip was calibrated using factors provided by JAXA 
(-83 dB) and terrain geocoded using a Digital Elevation Model 
(DEM, national elevation data of Sweden [16], otherwise 
SRTM [17] south of 60°N and Russian topo maps [18] north of 
60°N). All images were terrain geocoded using the procedure 
described in [19]. As reference for the ground geometry, a 
simulated radar image from the DEM was used unless the 
terrain was flat; in such case, a mosaic of Landsat images 
downloaded from the Global Land Cover Facility (GLCF, 
http://www.landcover.org) was used. 

The final geocoding accuracy was below 1/3rd of the pixel 
size. The FBD images were geocoded to 25 m pixel size; the 
WB images were geocoded to 75 m pixel size. The SAR 
backscatter was then normalized for slope-induced effects 
using the approach described in [20]. Topography-dependent 
scattering effects in forests due to the local incidence angle 
were not accounted for. Each image strip was tiled using a pre-
defined 30 u 30 km2 grid. The size of the tile was set so that the 
computing resources could be optimized in the retrieval phase. 
No additional speckle filter was applied since a visual analysis 
of the geocoded images revealed clear fine-scale textural 
features that would have been lost otherwise. 

IV. METHODOLOGY 
In this work, we used the BIOMASAR algorithm [4, 21] 

adapted to L-band dual-polarization backscatter to retrieve 
forest growing stock volume (GSV) in m3/ha. The extension of 
BIOMASAR to ALOS PALSAR data is described in [15]. 
Here, a short summary is provided for completeness. Growing 
stock volume is obtained by inverting a Water-Cloud-like 
model, where the forest backscatter is expressed as a function 
of the GSV in terms of a contribution (i) from the ground 
through the gaps in the canopy or attenuated from the canopy 
and (ii) from the canopy:  

 
� �Vo

veg
Vo

gr
o
for ee EE VVV �� �� 1    (1) 

 
In Equation (1), V represents the GSV and V0

for the forest 
backscatter. The two model parameter related to the SAR 
backscatter of the ground surface, V0

gr, and the vegetation 
canopy, V0

veg, are obtained with a self-calibration approach. 
The parameter E, related to the forest transmissivity, is 
assumed to be constant and is here set equal to 0.004 in 
accordance with previous studies [5, 22] and evidences in the 
study area of south Finland.  

The two model parameters are here estimated on a tile-by-
tile basis by masking the corresponding PALSAR image with 
the 250 m MODIS Vegetation Continuous Fields (VCF) 
product [23] to identify “ground” and “dense forest” pixels. 
The selection is done at 300 m pixel size, to avoid scale effects 
and preserve as much as possible the original information on 
vegetation canopy density in the VCF dataset. To achieve such 
resolution, the PALSAR images are multi-looked whereas the 
VCF product is resampled with the nearest-neighbor approach. 
For each tile and each PALSAR image, an estimate of V0

gr and 
an estimate of V0

veg are obtained from the mean value of the 
backscatter for pixels within an estimation window with VCF 
below 30% (“ground” pixels) or above 85% of the maximum 
VCF in the estimation window (“dense forest” pixels). The 
estimation of V0

veg requires an additional compensation of the 
observed backscatter to account for the fraction of backscatter 
originating from the ground; for this, an estimate of the GSV of 
dense forest is necessary. In [15], we discussed the possibility 
to derive such value from inventory or other datasets with 
spatially explicit values of GSV. For areas, lacking raster 
datasets at high resolution, an alternative is to scale those 
available with a scale conversion factor. Here, this conversion 
was obtained by fitting a quadratic function to the estimates of 
GSV of dense forest at the output resolution (e.g., 25 m) and 
the input resolution (e.g., 1,000 m) for study areas where the 
high-resolution GSV dataset was available. It is remarked that 
an error in the estimate of the GSV of dense forest translates to 
an offset in the retrieved GSV; previous investigations indicate 
that the retrieval tolerates errors of the order of 20 m3/ha. The 
size of the window used to estimate the two model parameters 
was set to 3 × 3 tiles to account for the spatial variability of the 
backscatter, especially over bare soil. However, for the study 
areas in Siberia and Brazil, the window size was enlarged to 11 
× 11 tiles because of the predominant dense forest cover. In 
this way, information of the spatial heterogeneity of the 
backscatter within one tile was lost, which might have affected 
the retrieved GSV. The tile-wise estimates of V0

gr and V0
veg are 

interpolated with a bilinear approach to obtain pixel-wise 
values. Again small-scale variations of the backscatter were 
herewith not accounted for. 

Having available multiple backscatter observations (N) for 
a given pixel, allowed for a multi-temporal combination of 
individual GSV estimates (Vi). The final GSV estimate was 
obtained with a weighted linear combination; the weights 
correspond to the difference between the estimates of the two 
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model parameters. In this way, more weight is assigned to the 
GSV corresponding to an observation characterized by a larger 
backscatter contrast. 
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where wi = V0

veg − V0
gr in the dB scale and wmax is the 

maximum of the weights. 

V. RESULTS AND DISCUSSION 
For each study area, maps of GSV were generated at 25 m 

with the FBD dataset and at 75 m by combining FBD estimates 
(aggregated from 25 m to 75 m) and WB data (Figures 1 to 6). 
Because of the very poor WB dataset over south Finland and 
central Germany, here only 25 m estimates were generated. 
The latter dataset can be considered as an improvement of the 
estimates based on FBD data only by incorporating additional 
estimates from the WB data. Because of the higher quality of 
the FBD estimates (availability of cross-polarized data and 
reduction of noise through aggregation), the contribution of the 
WB dataset was marginal unless this was substantially denser 
compared to the FB dataset. GSV was estimated for each pixel 
regardless of land cover. However, the application of a forest 
mask is strongly recommended in further use of the maps. 
Here, the best information available to us on land cover was 
used (see captions in Figures 1 to 6). In areas where the FBD 
dataset was complemented with WB observations, the spatial 
distribution of GSV became smoother as a consequence of the 
larger number of observations used for the retrieval and the 
aggregation of the FBD estimates. The lower resolution of the 
75 m also implied a smaller range of estimated GSV, in 
particular in areas of fragmented landscape where mixed pixels 
are more frequent and characterized by an overall GSV being 
smaller than the GSV of individual forest pixels therein 
contained. 

In Sweden (Figure 1; a, 25 m; b, 75 m), the WB dataset 
allowed to close the 1% gap and obtain full coverage of the 
country. In south Finland, we achieved wall-to-wall coverage 
with the FBD dataset (Figure 2a), but the quality of the 
estimates was highest in areas where the number of PALSAR 
observations was ≥ 4 (Figure 2b). In central Germany, the 
coverage in FBD mode was sufficient to obtain estimates of 
GSV without significant heterogeneities as in Finland (Figure 
3). The quality of the 25 m estimates of GSV in central Siberia 
suffered from spatial inconsistencies in consequence of the 
uneven distribution of FBD data (Figure 4a). Increasing the 
PALSAR dataset with WB observations served to increase the 

spatial consistency of the GSV estimates (Figure 4). For Pará 
and Rondonia, the FBD dataset was sufficiently large to 
guarantee spatial consistency of the GSV estimates within each 
data strip. Nonetheless, clear offsets occurred across strips in 
areas of predominant dense forest cover. This result is 
interpreted as a consequence of the very large estimation 
window used to estimate the model parameters and the FBD 
acquisition scheme. It is likely that the estimate of V0

gr
 in area 

of predominant dense forest cover is not entirely correct 
because this estimate was based upon backscatter values from 
other areas within the strip that were far away. Taking into 
account that the FBD swath width was only 70 km and 
adjacent strips are not images subsequently in time, the 
probability that the estimates of V0

gr
 in adjacent strips are 

different is large. Extrapolating such different estimates to 
areas of dense forest cover where the ground backscatter might 
have not changed instead, introduces the striping effects. 
Figures 5 and 6 show that at 75 m the striping has decreased 
substantially because multiple WB datasets with extended 
swath and close-in-time acquisitions have been used. All such 
factors helped to achieve a more homogeneous distribution of 
the estimated GSV. This result agrees well with observations 
based on C-band hyper-temporal backscatter, where the large-
swath and the almost daily observations of the backscatter 
avoid artifacts in correspondence of edge of single images. 

Validating the GSV estimates for the six areas is 
cumbersome and was not achieved in the context of this project 
except at the local scale for two small test sites in Sweden [15]. 
There, an underestimation of GSV was identified in mature 
forest because the algorithm was parameterized not to exceed a 
GSV level that resulted being too low when compared against 
the maximum GSV reported in the forest field inventory data. 
This issue is critical since the BIOMASAR algorithm relies on 
auxiliary datasets to set the range of GSV that can be retrieved. 
Should this be erroneous, the error propagates to the estimates 
of GSV in terms of a systematic bias. Lacking extensive in situ 
information covering the study areas, the range of GSV was set 
at each study area on a tile-by-tile basis starting from datasets 
of spatially explicit estimates of GSV [6, 24, 25, 28] and 
aboveground biomass (AGB) [1]. AGB was crudely converted 
to GSV using a single factor assumed to be valid for mature 
forest as published by the IPCC [29]. To take into account 
scales differences in some of the abovementioned data products 
(available at kilometric resolution) with respect to the 25 m and 
75 m pixel size of the PALSAR data, an empirical link was 
established between the GSV of dense forest at input resolution 
(e.g., 1,000 m) and output resolution (e.g., 25 m) using those 
datasets of GSV available at high-resolution [15]. 
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(a) 

 
(b) 

 
 

Figure 1. Maps of GSV of Sweden obtained from PALSAR data at 25 m pixel size (a) and at 75 m pixel size (b). A forest mask based on the kNN Sweden 2010 
dataset [24] was applied. 
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(a) 

 
(b) 

 
Figure 2. Map of GSV of south Finland obtained from PALSAR data at 25 m pixel size (a) and corresponding number of ALOS PALSAR observations used in 

the retrieval (b). A forest mask based on the Multi-source National Forest Inventory GSV data product for Finland [25] was applied. 
 

 
 

Figure 3. Map of GSV of central Germany obtained from PALSAR data at 25 m pixel size. Non-forest was masked out using the CORINE Land Cover 2006 data 
product [26]. 
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(a) 

 
(b) 

 
Figure 4. Maps of GSV of central Siberia obtained from PALSAR data at 25 m pixel size (a) and at 75 m pixel size (b). Unvegetated areas were masked out using 

the Climate Change Initiative Land Cover (CCI-LC) data product [27]. 
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(a) 

 

(b) 
 

Figure 5. Maps of GSV of Pará obtained from PALSAR data at 25 m pixel size (a) and at 75 m pixel size (b). Unvegetated areas were masked out using the CCI-
LC data product [27]. 
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(a) 

 
(b) 

 
Figure 6. Maps of GSV of Rondonia obtained from PALSAR data at 25 m pixel size (a) and at 75 m pixel size (b). Unvegetated areas were masked out using the 

CCI-LC data product [27]. 
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Figure 7. Scatterplots of MS-NFI [25] and PALSAR GSV at 25 m (left) and 1,000 m (right) for a 30 u 30 km2 area in south Finland. 
 

 
 

To verify the plausibility of the GSV estimates from 
PALSAR, we cross-compared them against spatially explicit 
datasets of GSV or AGB.  

For Sweden, the estimates of GSV were assessed in [15] 
with respect to the kNN Sweden 2010 dataset obtained from 
optical data at 25 m spatial resolution [24]. While at full 
resolution, the agreement between the PALSAR and the kNN 
GSV estimates was poor, it increased for increasing 
aggregation. The relative error computed on a tile-by-tile basis 
was mostly between 15% and 35% for a pixel size of 1 km. 
The relative error at the county level was 5.8% using 25 m 
PALSAR GSV estimates [15] when compared against statistics 
published by the Swedish National Forest Inventory and based 
upon forest field inventory measurements.  

Similar results were obtained for south Finland when 
comparing against the GSV estimates at 25 m with data from 
the Multi-source National Forest Inventory (MS-NFI) of 
Finland [25]. At the aggregated 1,000 m pixel size, the relative 
error on a tile-by-tile basis was mostly below 30 m3/ha (relative 
error below 25%) with a median of 18 m3/ha (15% median 
relative error). R2 was mostly between 0.40 and 0.88 (median: 
0.61) and bias between -10 and 10 m3/ha (median -4 m3/ha). 
Figure 7 shows an example of a scatterplot for a tile comparing 
the MS-NFI and the PALSAR GSV at 25 m (left) and 1,000 m 
(right). At 25 m, the agreement was poor with a saturation in 
the PALSAR GSV due to the assumption that GSV cannot be 
retrieved above a predefined level. At 1,000 m, the agreement 
was strong as confirmed by the RMSE of 12.6 m3/ha (relative 
error of 8.7%), the high R2 equal to 0.82 and the small bias of -
3.2 m3/ha. 

For central Siberia, we compared against estimates 
obtained at 1 km pixel size from Envisat ASAR data using the 
BIOMASAR algorithm [4]. The PALSAR estimates at 75 m 
were aggregated to 1,050 m and then resampled to the output 
pixel size (Figure 8). The relative difference between the two 
datasets was 30.9% with PALSAR explaining 68% of the 
variability in the ASAR dataset, thus indicating a general 
pattern of agreement between the two datasets. The 

interpretation of the result is not trivial since the reasonable 
agreement shown by the scatterplot needs to be put in the 
context of the capability of the BIOMASAR algorithm to 
retrieve GSV from C-band Envisat ASAR data. In [21], the 
accuracy of the C-band GSV estimates obtained with the 
BIOMASAR algorithm was on the order of 40%; the accuracy 
was found to increase when averaging over large areas (e.g., at 
50 km a relative error of 25% was obtained). For this reason, 
we furthermore compared GSV estimates at the scale of 50 km, 
obtaining a relative RMSE of 15.3% and a R2 of 0.85, which 
confirms the similarity of the ASAR and the PALSAR GSV 
estimates in terms of spatial distribution. The large scatter 
affecting primarily the mid-GSV range should be further 
investigated. 

 
 

Figure 8. Scatterplot of ASAR [5] and PALSAR GSV at 1,000 m for the study 
area of central Siberia. 

 
For Pará and Rondonia, Figure 9 shows a comparison 

between the PALSAR estimates of GSV for the year 2000 with 
a pixel size of 75 m and the pan-tropical estimates of AGB 
obtained at 1 km with a multi-sensor approach and valid for the 
year 2000 [1]. The two datasets contain different forest 
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variables and therefore a direct comparison of values requires 
the establishment of a further conversion between GSV and 
AGB. Here we focus on the capability of the retrieval 
algorithm applied to the PALSAR data to represent the spatial 
distribution of biomass when compared to the information in 
the pan-tropical AGB dataset. High biomass in PALSAR 

dataset is confirmed in the AGB dataset; similarly low biomass 
areas in the two datasets agree well. The remarkable 
contribution of the PALSAR dataset of GSV is the assessment 
of the deforestation patterns between 2000 and 2010 and the 
clarity of these thanks to the enhanced spatial resolution with 
respect to the pan-tropical dataset.  

 

  
(a) (b) 

  

(c) (d) 
 
Figure 9. Maps of GSV obtained with the BIOMASAR algorithm applied to PALSAR data for a subset of the study areas of Para' (a) and Rondonia (c). Panels (b) 
and (d) are the corresponding AGB estimates from the pan-tropical AGB dataset described in [1]. 

 
 
A preliminary interpretation of the GSV maps was done by 

looking at the variability at the1 km scale in Central Germany 
(Figure 10) and Central Siberia (Figure 11). Additional to the 
mean, the standard deviation, variation coefficient and 
skewness were calculated. Skewness, g1, is defined as:  
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where m3 denotes the third central moment, and m2 denotes 

the variance. A negative skewness describes a distribution 
where high (biomass) values are more frequent than low 
(biomass) values, while a positive skewness describes a 
distribution where low (biomass) values are more frequent than 
high (biomass) values.  

In Central Germany, forests are very fragmented, landscape 
heterogeneity is high due to different land-uses. However, there 
are some areas of high biomass density, with a low standard 
deviation and variation coefficient as well as a negative 
skewness, e.g. the Brocken region in the Harz mountains, the 
Hainich and the Rochau-Kolpiener Heide. While this area in 
the Harz and the Hainich are both relatively undisturbed 
National Parks, the Rochau-Kolpiener Heide is an intensively 
managed forest. Despite these differences in forest 
management, all of these three regions show a very similar 
biomass distribution, indicating a high frequency of old-growth 
forest stands in these areas. Regions with high variance and 
positive skewness are very scattered and occur most often at 
the edges of forest areas, indicating a very fragmented 
landscape and probably a high frequency of younger forest 
stands.  
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Figure 10. GSV mean and variability (standard deviation, variation coefficient, skewness) at sub-pixel scale (aggregation from 100 m to 1 km resolution) in 
Central Germany. Histograms of biomass variability shown for selected regions (red box : Harz, yellow: Hainich, black: Rochau-Kolpiener Heide). 

 
 

  
 

  

 
 

Figure 11. GSV mean and variability (standard deviation, variation coefficient, skewness) at sub-pixel scale (aggregation from 75 m to 900 m resolution) in 
Central Siberia. Histograms of biomass variability shown for selected regions (red: High-density forest, yellow: North of Krasnoyarsk, black: Low-density forest). 
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Figure 12. Comparison between mean annual GPP estimated through a machine learning approach (GPP tree) and observations from a set of sites (GPP FN). On 
the left, only climate variables are used to estimate GPP. The integration of NDVI brings a slight improvement to the mean annual estimates (center), as well as 

using the biomass retrieved data (right). 
 

 
In Central Siberia, high-density forests usually also show a 

very low variance, but skewness is only slightly negative. 
Probably this distribution is characteristic for relatively 
undisturbed boreal forests. Interestingly, in Central Siberia also 
low-density forests with a relatively low variation, but a 
positive skewness can be found. Low-biomass forest stands are 
more frequent than high-biomass forest stands, probably 
related to the dominance of relatively young forest stands in 
these areas, maybe driven by different environmental 
conditions. In contrast, in the North of Krasnoyarsk forests are 
very fragmented and probably managed and degraded as well. 
Variation between forests stands is high, and the highly 
positive skewness reflects the dominance of low-biomass (and 
probably relatively young) forest stands with only a few high-
biomass stands remaining. 

In addition, machine learning approaches are explored as a 
first step into understanding the contribution of AGB in 
explaining the spatial variability of ecosystem carbon fluxes. 
Climate variables themselves already embed a significant 
explaining power regarding the spatial variability of gross 
primary productivity (GPP, Figure 12 left). However, the 
inclusion of biomass in addition provides a slight contribute to 
the mean annual GPP flux estimate (Figure 12 right). This is 
especially relevant in GPP ranges below 1kgC/m2/yr, where 
model performances of climate driven estimates, and climate 
and other vegetation indexes (NDVI, Figure 12 center), are 
clearly inferior to the consideration of biomass as a covariate. 
This result becomes especially important when acknowledging 
that the mean GPP fluxes are below 1kgC/m2/yr for ~60% of 
the vegetated land surface. Furthermore, the consideration of 
biomass to explain assimilation ecosystem fluxes does not 
detract from using NDVI (figure 12 center) – a commonly used 
proxy for vegetation activity.  

Further analysis will focus on exploring the relevance of 
integrating AGB estimates in land biogeochemical models 
regarding the temporal dynamics of ecosystem fluxes, 
especially for describing long term vegetation dynamics 
consistently with short term variability in GPP. An appropriate 
description of such dynamics is especially relevant in decadal 

scale carbon cycle studies which are very sensitive to initial 
conditions and prescribed vegetation turnover times [30]. The 
high spatial resolution presents itself as an opportunity to 
evaluate the importance of more detailed descriptions of 
biomass in estimating regional ecosystem carbon fluxes, since 
the relationships between fluxes and ecosystem stocks are 
clearly non-linear. 

VI. CONCLUSIONS AND OUTLOOK 
This study set out to demonstrate the possibility to generate 

estimates of forest growing stock volume (and henceforth of 
forest above-ground biomass and carbon stocks) using a single 
retrieval algorithm with the ultimate objective to assess the 
impact of such estimates on the estimation of carbon fluxes 
with biogeochemical models. For six study areas in different 
forest biomes, forest GSV maps were obtained from multi-
temporal FBD and WB data at 25 m and 75 m pixel size. The 
latter can be considered an improvement of the 25 m estimates 
because obtained after aggregation of the former and 
complementing the FBD dataset with additional observations 
in the WB mode. The improvement served primarily to remove 
stripe effects in the FBD-only GSV maps and fill gaps of poor 
or no FBD coverage. Having available more than two FBD 
images, corresponding to at least 6 observations of the 
backscatter, improves the retrieval when compared to having 
less observations. Yet, our conclusion is that the quality of the 
estimates could further improve with a larger number of 
observations in both FBD and WB modes; in this respect, the 
multi-temporal aspects of the dual-polarized WB ScanSAR 
observations from ALOS-2 should be maximized. 

Despite the retrieval algorithm being not fully developed 
and the reference material being scarce at the time of reporting, 
the existing multi-temporal FBD and WB observations by 
PALSAR appear to have substantial potential to provide a 
detailed picture of the distribution of GSV (and related forest 
variables) at regional level. Future investigations should target 
a sound validation of the results achieved so far, with feedback 
on the validity of the assumptions behind the retrieval in the 
BIOMASAR algorithm. Furthermore, one should assess for 
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which areas (regions, continents, biomes) plausible estimates 
of GSV (or likewise biomass) could be obtained with the 
existing PALSAR data given the requirements on minimum 
number of observations discussed in this paper. 

The high accuracy of the presented biomass mapping 
approach at minimum 1 km pixel size together with the 
extensive spatial coverage allows for applications with respect 
to ecosystem models which were not possible before. Biomass 
mapping at this spatial scale makes it possible to capture forest 
heterogeneity and better matches the scale at which forest 
disturbances occur. Such a dataset is suitable to improve 
representations of processes happening at this spatial scale (e.g. 
fires, insect pests, management effects) in ecosystem models. 
This can contribute to a better representation of forest mortality 
processes in these models. Possible research questions which 
could be addressed include: 
 

x Which spatial mapping resolution do we need to 
monitor which disturbances and which of these 
disturbances are important at which spatial scales? 

x How is forest age reflected by biomass / biomass 
heterogeneity?  

x What is the effect of biomass small-scale variability 
on carbon dynamics (study at different scales)?  

 
Future studies will compare the investigated biomass 
distributions to forest inventory data giving information on 
forest age distributions. The integration of this information in 
terrestrial ecosystem models, either through constraints on 
initial vegetation states, or through prescribing vegetation 
dynamics consistent with forest age structures, present an 
unprecedented opportunity to improve our diagnostic and 
prognostic modeling skills. 
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Abstract—The purpose of this effort was to produce maps of 
Forest Stand Height for the Injune Landscape Collaborative 
Project (ILCP) in Queensland, Australia and in the Northeastern 
United States for the purposes of demonstrating the application 
of repeat-pass interferometry for estimating vegetation height 
and disturbance.  This  effort  coincides  well  with  JAXA’s  efforts  
to create a global forest/non-forest and biomass map, and 
provides a demonstration on how L-band systems such as ALOS 
can be used for this type of application.   By performing the work 
associated with Phase 3, this work addresses the Carbon Cycle 
Science thematic driver of the K&C project. 

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, Forest Stand Height, Interferometry 

I. INTRODUCTION 
Knowledge of forest structure at local to global scales is 

paramount to understanding how carbon is distributed and 
changing in response to human activities and natural events 
and processes. Such knowledge provides information on the 
contributions of land use and cover change to overall 
greenhouse gas emissions and can also support efforts aimed 
at quantifying biodiversity, particularly given the rapid 
declines and losses of many plant and animal species 
worldwide. To obtain quantitative spatial data on forest 
structure, the remote sensing community has increasingly been 
working towards combining multi-sensor measurements of, 
Synthetic Aperture Radar (SAR) backscatter power, 
interferometric SAR (InSAR) correlation magnitude and/or 
phase, Light Detection and Ranging (LiDAR) profiles. The 
Kyoto and Carbon Initiative  has been working with scientists 
to develop algorithms that utilize the JERS-1 and 
ALOS/PALSAR L-band SAR satellite resources to 
characterize global forest resources. One of the key 
components of the K&C initiative has been the 
implementation of the systematic observing strategy which has 
created consistent and extensive SAR data sets suitable for 
wide-area mapping using polarimetric SAR backscatter 
imagery and/or SAR interferometry.  

In the work described here, data made available from the 
JAXA Kyoto and Carbon Initiative (K&C) is used in 

conjunction with ancillary data (typically lidar, but also 
ground validation observations) to estimate vegetation height, 
using repeat-pass interferometry, thus providing a 
complementary method to backscatter observations, for 
determining forest/non-forest measures on a per-pixel basis, as 
well as structural information that can be used for estimating 
global carbon storage in the terrestrial biosphere.   

II. STUDY AREA AND EXPERIMENTAL DATA 
Two study areas are used here, one in the Queensland region 
of Australia, and the other in the Northeastern United States, 
where a considerable degree of ground validation data is 
available to this research team. 

A. Study Area in Australia 
The study focused on a 90 × 90 km region centered on the 
Injune Landscape Collaborative Project (ILCP; Latitude -
25°32′,   Longitude   147°32′)   research   site,   which   is   located  
within the Brigalow Belt Bioregion of central southeast 
Queensland. The area is comprised of open forests (canopy 
cover > 30 %) and woodlands (between 10 and 30 %) and 
agricultural land used primarily for cattle production. The 
forests in the ILCP are mostly comprised of Eucalyptus 
species, with poplar box and silver-leaved ironbark 
dominating and being up to 25 m tall. white cypress pine also 
dominates many stands on sandy soils with heights being 
between 4 and 12 m although individual trees may exceed 25 
m. Stands dominated by Callitris species are harvested 
commercially through selective logging. Other species 
occurring include the widely dispersed smooth and rough 
barked apple, with these often extending 30 m in height. 
Regrowth following abandonment or neglect of previously 
cleared agricultural land is often dominated by brigalow. 

B. Study Area in Northeastern United States 
To complement the work done at the ILCP in Australia and to 
perform work more geographically close to the University of 
Massachusetts, a second study area was chosen for the whole 
state of Maine.  In one region where ground validation data 
exists, over a 83 km x 71 km region in central Maine (see Fig. 
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1), where the Howland Research Forest (Latitude 45o12', 
Longitude -68 o 43') is located.  This ground validation data is 
in the form of a narrow strip of Laser Vegetation Imaging 
Sensor data collected over the Howland forest in 2009. In this 
region, there also exists eight FBS (fine-beam single-
polarization) and ten FBD (fine-beam dual-polarization) 
ALOS/PALSAR scenes.  
 

 
Figure 1.  Study area in Central Maine 

III. WORK APPROACH 
In the approach described here, a simplified scattering 

model is brought forward and then inverted to obtain estimates 
of FSH from InSAR correlation magnitude. For the correlation 
measurements to be usable, pairs of ALOS PALSAR data 
acquired in successive passes were sought to minimize the 
effect of temporal decorrelation. In each case, calibration for 
thermal noise decorrelation is essential to differentiate barren 
surfaces with a low reflectivity (and reduced SNR) from 
vegetated surfaces, which have a higher reflectivity and better 
SNR.  

For the ILCP, the approach is implemented using ALOS 
PALSAR data acquired over an area of open forests and 
woodlands and agricultural land located west of the township 
of Injune in Queensland, Australia. The estimates of inverted 
FSH are compared with airborne LiDAR heights and the 
clustered stand height obtained from Ice, Cloud and Land 
Elevation Satellite (ICESAT) GLAS data. In addition to FSH 
retrieval, the paper also considers the use of correlation 
measurements for disturbance detection (e.g., direct clearing 
and selective logging) and monitoring. 

Through  JAXA’s  Kyoto  and  Carbon  Initiative  (K&C),  over  
20 dual-pol and quad-pol ALOS PALSAR scenes were 
acquired over the ILCP between 2006 and 2010. However, 
while the site is seasonally dry and semi-arid and hence the 
likelihood of obtaining InSAR data that are minimally affected 
by temporal decorrelation is increased, only three 
interferometric pairs were selected with two of them identified 
as having a relatively high average of correlation magnitude 
and hence suitable for characterizing the vertical structure of 

the forest and retrieving forest height (Table 1). For each 
interferometric pair, fine-beam dual-polarization (FBD) data 
were available.  As demonstrated in Table 1 for the Australia 
data (ILCP), interferogram #2 has the best correlation 
magnitude average, and therefore is most suitable for FSH 
inversion. Interferogram #3 is an alternative to invert forest 
height while interferogram #1 is used to illustrate results under 
less favourable conditions. 

To invert accurate forest heights from InSAR correlations 
utilizing PolInSAR techniques, the correlation magnitude and 
phase for various polarization combinations are plotted in the 
complex plane and a determination made regarding the extent 
of the locus of points and their relation to the true ground 
surface and volume of the vegetation canopy. However, these 
techniques cannot be simply applied to the repeat-pass 
correlation model since the temporal dielectric change seems 
polarization-dependent. To make practical use of a derived 
expression for a combined effect of volume and temporal 
decorrelation, the following expression is used for the model 

   (1) 

So   γv&m can be factorized into two parts: one is the 
conventional single-pass volumetric correlation, while the 
other is the random motion term at some height.   After 
calibrating for thermal noise and a baseline-dependent term, all 
that remains is the volume scattering and the temporal 
decorrelation.  Using a simple empirical model to fit this 
decorelation to vegetation height, and through the application 
of ground validation data, such as the LVIS sensor or ICESAT 
data, it is possible to create estimates of forest stand height, as 
will be demonstrated in the next section.  This was done for 
both the ILCP and the region of Maine, shown in Figure 1. 

A. Ground data 
Ground data that has been supplied to the K&C project have 
been the LVIS data, as shown in Figure 1, and also a similar 
data set located in Western Massachusetts.  Prior to providing 
the data for the K&C project, it was processed into a 30m 
resolution map of vegetation height and map of the true ground 
surface.  These were provided in the format of GeoTIFF and 
raster images. 

IV. RESULTS AND SUMMARY 
Initial results for the ILCP study site were quite 

encouraging, with good intermediate results indicating the 
location of forests, and estimates of their heights that coincided 
well with ground observations and those from ICESAT.  These 
results, are shown in part, in Figure 2, where corrected 
correlation estimates and (1) are applied to a simplified model 
of the dependence of the observed volumetric and temporal 
decorrelation in relation to the forest stand height (FSH).  It is 
these heights, for the different interferometric pairs, that are 
shown in Figure 2. 
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Table 1.  Description of data used for the ILCP region in Australia

Interferogram Dates of Collection Flight Mode Perpendicular Baseline kz (rad/m)� Correlation magnitude average 

#1 Nov 10 2007; Dec 26 2007 Descending 530 m 0.0515 0.3332 

#2 Jul 16 2007; Oct 16 2007 Ascending 434 m 0.0419 0.7087 

#3 Sep 02 2008; Oct 18 2008 Ascending 309 m 0.0298 0.6093 

 
To be more explicit, three HV-pol maps and one HH-pol 

map of the InSAR-inverted heights over the study area of ILCP 
are illustrated in Figure 2 by using the model parameters used 
in conjunction with (1) and overlain on the optical imagery of 
Google Earth. All maps share the same color scale from 0 to 45 
m,  with  “blue”  being  ground  surfaces  and  “red”  being  45  m  tall  
trees. Note all of the maps in this paper are at the original 
resolution (i.e. 30 × 30 m) without spatial averaging.  A 
comparison between Figure 2 (a), (b) and (c) indicate that all 
three interferometric pairs have many features in common of 
the set. Interferogram #1 has the most temporal decorrelation. 
It is mainly the noise in the sampled correlation magnitudes 
that makes the ground surfaces appear noisy. Also, 
interferogram #3 is very similar to Interferogram #2 except for 
the northeast corner (surrounded by the red square), which 
leads to the overestimation of FSH. Comparison between 
Figure 2(b) and (d) reveals that the HH-pol map is very 
sensitive to the ground contribution and therefore the use of 
this polarimetric combination in this application for estimating 
FSH in a dry shrubland is problematic. 
 

 
Figure 2.  HV-pol  “forest  height”  maps:  Optical  Image  (top  left)  from  Google  
Earth  over  the  ILCP,  Australia.  The  inverted  “forest  height”  maps using ALOS 
PALSAR correlation magnitude superimposed on the optical image are shown 

for the interferogram #1 (top right), for the interferogram #2 (bottom left), and 
for  the  interferogram  #3  (bottom  right).  All  “forest  height”  maps  are  coded  with  
a color  scale  (“red”  being  30m,  “blue”  being  surfaces). 

Taken over a larger area and over a longer time period, this 
type of work can be extended to provide a model of forest 
changes that will be important for detecting land cover change, 
such as selective logging, and is a useful result in its own right.  
An example of this practice is shown in Figure 3, where a 
comparison is shown between the optically observed imagery 
(3a), the SAR backscattered power (3b), the repeat-pass InSAR 
correlation (3c) and the ratio of backscatter between successive 
dates (where changes in the backscatter would expect to be 
highlighted). In Figure 3c, bright areas indicate unusually large 
trees or locations of high temporal decorrelation (i.e. selective 
logging regions). Such information is also important for 
understanding the limitation of the proposed InSAR technique 
for estimating vegetation height, and for characterizing this 
error source for DESDynI-R like missions. 
 

 
Figure 3.  A closeup of the central region of the study area that illustrates the 
capabilities of the interferometric correlation and the RCS intensity in 
measuring forest change where selective logging is known to have occurred. 

 
With the encouraging results shown in Figures 2 and 3, it 

was decided to perform a similar treatment in the northeastern 
United States, where considerably more ground validation data 
were available for the analysis and interpretation of data.  The 
initial region of study is shown in Figure 1, where an ALOS 
HH FBD image is shown on top of GoogleEarth imagery and a 
also overlain, is a swath of LVIS data that extends between the 

299 of 436



 

 

Howland and Penobscott forests, with a swath width of 7 km 
wide and length of approximately 50 km. 

After processing and performing corrections for temporal 
and thermal noise effects of decorrelation, a vegetation height 
map for the central region was made.  An example of this 
process is shown in Figure 4, which shows the estimated forest 
stand height derived using four different, independent methods.  
The first of these, shown at left, is the height derived from the 
LVIS observations (lidar).  The gray-scale image shows the 
radar cross section for the cross-polarized term, which, in so 
much as biomass and vegetation height are related, is a loose 
estimate for FSH.  The third image shows the interferometric 
phase, converted into a topographic height, which with the 
addition of a ground surface DEM, can be used also for 
estimating vegetation height.  The fourth and last image, shows 
the interferometric correlation, corrected for thermal noise, 
baseline effects and temporal decorrelation,  in estimating FSH.  
The color scales for the three false color images are all the 
same, extending between 0 m (blue) and 45 m (red), for which, 
the average tree height is approximately 22 m.  Forest stand 
height estimates of 30 m or greater are likely due to high 
temporal decorrelation effects, rather than an actual average 
FSH of 30 m or greater. 

 

 
Figure 4.  Illustration of the measure of forest stand height for the region 
between  Maine’s  Howland and Penobscott forests.  Shown at left is the region, 
as it is covered by  the LVIS sensor.  Heights are color coded, as shown in the 
colorbar at right, for values between 0 (blue) and 45 m (red).  The average FSH 
for the region is 22 m.  Following the image at left, are other measures of forest 
structure, which are the Radar Cross Section (RCS), Interferometric phase 
converted into height, from the known DEM, and the one derived from the 
volumetric and temporal decorrelation method discussed here. 

 
By using the extensive observing resources from the 

systematic observing strategy of ALOS, the analysis shown in 
Figure 2 through Figure 4 can be extended over the larger state 

region, to give an estimate of FSH for the entire swath, and 
eventually over the entire state of Maine.  This was done, in 
part, by using the overlap regions between the along-track and 
cross-track regions of the ALOS repeat-pass imagery, which 
was used in conjunction with the LVIS data in order to extend 
the combined ALOS/LVIS FSH estimates shown in Figure 4, 
into regions where such data was not available.  The result of 
this effort is shown in Figure 5.  A comparison of these results 
with other validation data available state-wide (e.g. the 
National Biomass and Carbon Dataset, NBCD, from Woods 
Hole Research Center [1]), and the LVIS data shown in Figure 
4, agree favourably with estimates of tree height presented 
here. 
 

 
Figure 5.  Image of FSH for the entire state of Maine.  The above mosaic was 
created from 37 interferograms in the along- and cross-track directions, where 
the color scale is the same as that used in Figure 4, extending from 0 to 45 m.  
Regions where the FSH is unusually high (30 m and above), are most likely 
due to areas of large temporal decorrelation, either due to open water, or 
agriculture-induced variations in the landscape.  Regions such as this can be 
masked out either through the use of an ancillary landcover classification, or by 
using a threshold of the interferometrically-derived FSH. 
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Abstract—The K&C phase three project aimed at growing stock 
volume (GSV) retrieval and forest cover / forest cover change 
mapping. Concerning forest biomass retrieval three different 
approaches were implemented. The first approach applies 
polarimetric data. It could be demonstrated that the polarimetric 
information adds an important additional dimension to the 
backscatter data. The data should be acquired at unfrozen dry 
conditions. With regard to this the PALSAR acquisition strategy 
limited this investigation. The second approach combined winter 
INSAR coherence (frozen state) and backscatter from summer 
(unfrozen state). For this investigation multitemporal data 
(backscatter and coherence) was used to improve the retrieval. 
Due to the PALSAR acquisition strategy the amount of L-band 
data was sufficient in general; the accuracy of the resulting 
coherence and intensity based maps was of the same magnitude 
as the inventory data. This investigation would have not been 
possible without PALSAR data. The third approach applies 
multitemporal backscatter data (PALSAR mosaic data). The 
delineation of GSV was based on statistical methods (random 
forest etc.). Using this approach also suitable maps could be 
produced (at a lower geometric resolution compared to the 
previous product). Eventually, multitemporal mosaic data was 
used for forest cover and forest cover change mapping. 

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, Forest Growing Stock Volume, Forest Cover 

 

I. INTRODUCTION 

A. Framework of phase 3 reporting 
The PALSAR data was analysed within the framework of 

three projects: ParaPOL (funded by German science 

association DFG), ZAPAS (founded by European Union EU, 
and GIONET (founded by EU). To date, two PhD theses 
employing PALSAR data were prepared and successfully 
defended. 

According to the K&C phase three project this report is 
subdivided into four parts: 

1. GSV retrieval using polarimetric data 
2. GSV retrieval using INSAR coherence and backscatter 
3. GSV retrieval using multitemporal mosaic backscatter 

data 
4. Forest cover and forest cover change mapping using 

multitemporal mosaic backscatter data 
 

B. Objectives and relevance to the K&C drivers 
The availability of reliable land cover information is 

crucial for a wide range of applications, like monitoring of 
land use change and land degradation as well as administrative 
matters in global, regional and local scales. Consequently, it is 
clearly linked to the “3C” thematic drivers (international 
Conventions, Carbon cycle science, environmental 
Conservation). The intention for the multi-temporal forest 
monitoring at L-band was given by the promising ENVISAT 
ASAR (Radarcover 1+2 projects) results and availability of 
dual-pol L-band SAR data provided by JAXA’s ALOS 
mission, where a large area over Siberia is frequently covered 
with FBD data. Forest cover and forest cover change maps be 
in general provided for all areas covered with sufficient 
temporal density. C-band studies point out, that at least 4 dual-
pol acquisitions are required. With regards to PALSAR data, 
continental wall to wall maps are feasible, when using all 
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available data. Due to the great expenditure wall to wall 
mapping is not practicable within the K&C project. 

An even closer link to the “3C” thematic drivers is given 
when forest biomass products are considered. The status quo 
as well as changes delineated using monitoring approaches are 
of particular interest when thinking of international 
conventions, carbon cycle science, and to some extend of 
environmental conservation activities. 

The first biomass retrieval approach is based in 
polarimetric data. With the successful launch of ALOS a new 
dimension in spaceborne L-band SAR data acquisition has 
been achieved. The polarimetric mode of PALSAR allows the 
coherent acquisition of four polarisations and thus provides 
access to the complex scattering matrix. The scattering matrix 
in turn provides the basis of polarimetric techniques such as 
signal decomposition or polarisation synthesis. Those 
techniques allow a more profound SAR data analysis and can 
eventually relate the signal to ground scattering mechanism 
and thus physical properties of the scatterers. Further 
parameters of interest for forestry applications derived from 
the complex scattering matrix are the complex polarisation 
ratio, the polarimetric coherence and the degree of 
polarisation. Those parameters extent the SAR database and 
helped to increase the discrimination of the desired forest 
classes. The polarimetric data based biomass retrieval 
approach is not yet suited for wall to wall biomass estimation 
over Siberia. First of all the research is at a very early stage 
and secondly the required data base (complete spatial cover) is 
not available. 

The second biomass retrieval approach bases on both, the 
coherence – stem volume relationship, which was investigated 
in the previous phases of the K&C project, and the backscatter 
– stem volume correlation. During initial K&C studies in 
particular HV data acquired in summer was found to contain a 
great amount of information concerning stem volume. In some 
cases even no saturation was perceptible. Thus, first a 
thorough investigation of the applicability of PALSAR 
backscatter for stem volume retrieval was accomplished. This 
study was based on (high resolution) FBS and FBD data. In 
the next step, the synergistic usage of coherence and 
backscatter for stem volume estimation was conducted. 
Eventually, multitemporal coherence and backscatter data 
were implemented to assess the potential of further 
improvement of the derived high resolution (50 m x 50 m) 
stem volume maps. With regard to PALSAR data, in general 
wall to wall biomass mapping in Siberia using coherence and 
backscatter is feasible. Due to the great expenditure wall to 
wall mapping is not practicable within the K&C project. 

The technical background of the third forest biomass 
product based on multitemporal backscatter data is the 
increasing backscattering intensity with increasing stem 
volume. This relation is described in a huge number of studies. 
The saturation problem however limits this approach to low 
biomass levels. By means of multitemporal data the saturation 
level was shifted to higher stem volumes and the coefficient of 
determination could be improved. 

 

Summarising, major objective of this K&C project was 
methodology development. The methods were developed 
using test sites in Central Siberia. 
 

II. GSV RETRIEVAL USING POLARIMETRIC DATA 
 
The potentiality of radar polarimetry for forestry 

applications has been rarely investigated so far. However, 
several studies [1-3] have discovered some potential of SAR 
polarimetry technique. The studies have no conclusions about 
the sensitivity, saturation level and robustness of the 
polarimetric parameters. Such investigations are still pending. 
So far, however, lack of depth investigations that are related to 
the forest biomass and polarisation phase difference has been 
found. There are only initial results for a few test areas. By 
sensitivity, saturation level, or robustness of the polarimetric 
phase difference and also polarimetric coherence as regards 
the disposal of forest biomass so far there is no knowledge. 
The previous studies had other priorities. 

During almost past 15 years much effort has been made in 
regard to the forestry applications using POLINSAR 
(Polarimetric Interferometry SAR) technique [4]. However, in 
this study we solely concentrate on the polarimetric 
information. Rationale is the absence of an adequate global 
POLINSAR dataset (L- or P-band, single pass), while 
polarimetric ALOS PALSAR L-band data exist for a high 
percentage of the globe. The scope of this work was to find the 
answer of these two following questions: 
• Can polarimetric parameters effectively extend the SAR 

data base for the retrieval of forest growing stock volume? 
• Can the saturation level of estimating forest GSV improve 

by means of polarimetric information? 
 
Radar polarimetry is the science of acquiring, processing 

and analysing the polarization state of an electromagnetic 
field. Radar polarimetry deals with the full vector nature of 
polarized electromagnetic waves. When the wave passes 
through a medium strikes an object, it is reflected; then, 
characteristic information about its geometrical structure such 
as reflectivity, shape and orientation and its geophysical 
properties can be obtained. PolSAR data expresses the 
changes of polarization states of received microwave by the 
structures and dielectric constant of the objects. A fully 
polarimetric dataset comprises both, co- and cross-polarization 
defined in an orthogonal polarization basis. This most of all 
cases, the antenna transmits and receives horizontally and 
vertically polarized signals. Therefore, a single set of PolSAR 
image consists of four complex images of different 
polarization combinations, i.e., HH- (transmits and receives 
horizontally polarized signals), HV- (transmits horizontally 
polarized signals, receives vertically polarized signals), VH-, 
and VV-polarization images. Superior objective of 
polarimetric data exploration is the analysis of backscattering 
mechanisms of scattering objects and thus to gain insight into 
their physical characteristics and can be used to distinguish the 
scattering objects. Basic data examination techniques analyse 
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polarimetric coherence or polarimetric phase difference. Both 
parameters allow first implications on the scattering processes 
and have been successfully implemented to improve forest 
biomass estimation. 

 

A. Study area  
Among the eleven forest territories used in Russia for the 

ALOS Kyoto and Carbon Initiative phase 3, led by JAXA 
Earth Observation Research Center (EORC), the three forest 
territories Shestakovsky, Chunsky and Primorsky were 
selected as for the investigation of polarimetric analysis 
(Figure 1). Each forest territory comprises a certain number of 
test areas, which are called forest compartments. These three 
territories belong to the southern taiga sub-zone of the boreal 
forest and belong to two Russian Siberian Federal Districts: 
Krasnoyarsk Kray and Irkutsk Oblast. Due to lack of multi-
temporal SAR images over all the forest compartments, only 
one or two forest compartments of each test area was 
investigated in this study. 

 

 
 

Figure 1.  Forest compartments in Central Siberia including forest inventory 
and weather stations. The three forest territories (inside the blue rectangular 
box): Chunsky, Primorsky and Shestakovsky are only investigated in this 

study. 
 
The Shestakovsky (center coordinates 104.45°E, 56.67°N) 

forest territory is 80 km north of the Bratsk Reservoir and 10 
km west of the Llim river. Three compartments are included in 
this forest territory. The SAR image was acquired only over 
the northern compartment Shestakovsky-N. Its  
area is 146 km2. The topography varies across Shestakovsky-
N. High altitudes are found from the south-east corner to the 
north-west corner. The elevation ranges from 550 m to 700 m 
above the sea level (a.s.l). In south-east side of this test area 
50% of the slopes are larger than 7°. In the southern and 
western parts, the topography varies between 450 m and 550 
m a.s.l. The standard deviation of the elevation is 60 m and 
65% of areas have slopes up to 5°. 

The Primorsky (center coordinates 102.20°E 55.50°N) 
forest territory is located on the southern bank of the 
Bratskove reservoir. The size of the easternmost forest 
compartment, Primorsky-E, is 326 km2. In Primorsky-E, the 

topography is rather gentle with steep slopes along the rivers. 
The elevations range from 350 m to 400 m a.s.l. near the 
stream valleys and increase to 600m at the center of the 
compartment. Like in Shestakovsky-N, 65% of the area 
features slopes up to 5°. 

The forest territory Chunsky (center coordinates 96.40°E, 
57.40°N) is located on the southern side of the river Angara. 
There are four forest compartments in this forest territory. In 
this paper, Chunsky-N and Chunsky-E are investigated. The 
size of the test areas is between 256 km2 and 312 km2. In 
Chunsky-N and Chunsky-E the topography is mostly flat. The 
elevation in Chunsky-N is about 200 m a.s.l. in the southern 
part, where steep slopes are located along the river basins. In 
the northern part the elevation increases to 400 m a.s.l. In 
Chunsky-N, the topography is varying between 200 m and 250 
m a.s.l. Few peaks reach altitudes of up to 340 m a.s.l. In 90% 
of the areas of Chunsky-N and Chunsky-E the slopes are 
smaller than 5°. 

 
B. Ground data 

The forest inventory data used in this study was originated 
from regular forest surveys in the framework of the Russian 
Forest Inventory Planning (FIP) and was part of an extensive 
Geographical Information System (GIS) database updated on 
1998. The database consisted of forest stand boundary maps in 
digital form at stand level. A stand is the primary forest 
inventory unit where the borders  
were calculated from the aerial photographs. Each forest 
compartment comprises between 412 and 643 stands. Stand 
size is typically between 0.7 ha and 468 ha. About 90% of the 
total stands are below 60 ha. Only few stands are bigger than 
100 ha. The forest stand size of both forest compartments in 
Chunsky is relatively larger than the stands in Shestakovsky-N 
and Primorsky-E. Stands are mostly labeled as natural stands. 
Remarkable for all the investigated areas is the large amount 
of forest stands that represent disturbed areas such as clear-
cuts, fire scars, burned and harvest areas. This Siberian forest 
is commonly unmanaged. 

The attributes of each stand are GSV (10 m3/ha per class), 
relative stocking, age, height and diameter at breast height 
(dbh) of the dominant tree species, tree species composition 
etc. The GSV is the main parameter of interest in this study. 
The GSV varies between 0 m3/ha and approximately 
400 m3/ha for all the forest compartments. Clear-cuts and bogs 
are represented by a GSV of 0 m3/ha. On the other hand, both 
in Chunsky-N and Chunsky-E, comparatively less dense forest 
stands are found. The greater number of stands with lower 
GSV has been noticed in Chunsky-N and Chunsky-E. This can 
be the significance of the different forest management practice 
performed in different test areas and also the intensive 
harvesting during past decades. 

In both forest compartments, either very young or dense 
forests are dominant, whereas the intermediate growth stage 
between 50 m3/ha and 100 m3/ha is rarely found. According to 
Russian forest inventory standards the GSV accuracy should 
legally be between 12% and 15% (confidence interval 0.95), 
depending on economic value and age of the forest. 
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In the area of interest, the prevailing tree species are aspen 
(Populus tremula), birch (Betula pendula), fir (Abies sibirica), 
larch (Larix dahurica and Larix sibirica), pine (Pinus 
sylvestris), and spruce (Picea sibirica). The tree species 
composition for all the forest compartments is shown in 
Figure 3b. Birch and pine are the dominant species for all 
forest compartments. Cedar stands (Pinus sibirica) are found 
only in Shestakovsky-N. In all the forest compartments, young 
forests are dominated by deciduous forests, whereas conifers 
are predominant in mature forests. In general, at the Chunsky 
forest compartments the tree species composition is rather 
similar. However, in Shestakovsky-N and Primorsky-E aspen 
is the dominant tree type at young forests, whereas birch 
dominates the young stands in Chunsky. The majority of the 
forest stands are natural stands with mixed tree species 
composition. Therefore, homogenous forest stands are rare in 
the test areas. The amount of stands with only single tree 
species varies between 4% and 11% for each of the forest 
compartments. Most of these homogenous stands comprise 
aspen, birch, pine, larch and also represent the dense forests. 
Only in Chunsky-E, aspen is not found. Tree species 
composition indicates the proportion of the species of the trees 
in a stand. The composition is listed separately for each tree 
species in a stand. 

To reduce the border effects and minimize the localization 
errors, the forest stands were buffered by 25 m and after that 
the stand-wise forest inventory data were converted to raster 
format and resampled to 25 m as used in the orthorectification 
of the SAR data. To limit the effect of speckle on the stand-
wise polarimetric decomposition power measurements, we 
considered only stands larger than a given threshold. For each 
forest, compartments the threshold is set empirically 
depending on the number of stands left for further 
investigations. In Shestakovsky-N only stands larger than 2 ha  
(32 pixels) and in Primorsky-E, Chunsky-E and Chunsky-N 
the stands bigger than 5 ha was considered. 

 

C. Satellite data 
Fully polarimetric L-band SAR data have been acquired 

over the study areas by the Japanese Aerospace Exploration 
Agency (JAXA) using the Advanced Land Observing Satellite 
ALOS-PALSAR. The SAR data analyzed in this research are 
listed in the Table I. Twelve SAR images were obtained from 
2006 to 2009. All images were acquired on ascending orbit. 
According to JAXA’s ALOS acquisition strategy, the 
polarimetric data were acquired once every two years with a 
look angle of 21.5° and twice every two years with a look 
angle of 23.1°. Thus, it was not possible to gather a large 
multi-temporal dataset. 

Single look complex (SLC) level 1.1 PALSAR data were 
used for the investigations. First of all, the data was 
polarimetrically calibrated. Afterwards, the coherency matrix 
[T] was formed. In this step, the data was multi-looked with 7 
azimuths and 1 range looks and speckle filtered using 3 × 3 
Lee Sigma filter. The multi-looked factors result in 
approximately squared pixels. The Faraday rotation was 
calculated and eliminated. Figure 2 shows the POLSAR data 

with Pauli color coding (|HH−VV| for red, |HV| for green and 
|HH+VV| for blue). Buildings, bare surfaces, and areas with 
low vegetation are shown in the lower part of the image. The 
areas in upper part of the image are covered with forest  
of different tree species: aspen, birch, larch and pine. 

 
TABLE  I 

USED ALOS DATA  
 

Forest Compartment, Track 
and Frame 

Acquisition Date 

Shestakovsky-N 
T-457 F-1130 21.05.2007 

Shestakovsky-N 
T-457 F-1130 10.04.2009 

Shestakovsky-N 
T-457 F-1130 26.05.2009 

Primorsky-E 
T-459 F-1120 09.05.2007 

Primorsky-E 
T-459 F-1120 24.03.2007 

Primorsky-E 
T-460 F-1110 31.05.2009 

Chunsky-E 
T-467 F-1160 07.05.2007 

Chunsky-E 
T-467 F-1160 19.09.2006 

Chunsky-N 
T-468 F-1160 06.10.2006 

Chunsky-N 
T-468 F-1160 13.04.2009 

Chunsky-N 
T-468 F-1160 21.08.2006 

Chunsky-N 
T-468 F-1160 24.05.2007 

 
 

 
Figure 2.  Forest ALOS-PALASAR L-band data of Shestakovsky-N for 
illustration. Pauli RGB image: R = |HH − VV|, G = |HV| + |VH| and B = |HH 
+ VV|. 
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D. Results 
The relationships between GSV and stand-wise 

polarimetric decomposition powers Ps (blue color), Pd (red 
color), and Pv (green color) are illustrated in Figure 3 for 
Shestakovsky-N, Primorsky-E, Chunsky-E and Chunsky-N. 
Helix scattering power is not shown here since it characterizes 
mainly artificial targets. The same colors for correspond 
scattering powers are also used in the remaining figures of this 
paper. All analyses in this research have been conducted on 
forest stand level. Therefore, the decomposition powers are 
measured by averaging all the pixels within each stand. In all 
cases, the stand-wise average of Pd, Pv increases and Ps 
decreases with the increasing of GSV. Considering the 
uniform distribution of both GSV and forest stands, the GSV 
is grouped into three different stand sizes: 5–25 ha, 26–40 ha 
and 41–60 ha. Different range (2–20 ha, 21–40 ha and 41–60 
ha) of stand size was used for Shestakovsky-N. 

 

 
 
Figure 3.  Relationship between GSV and polarimetric decomposition powers. 
Red, green, and blue represent the double-bounce scattering Pd, volume 
scattering Pv, and surface scattering Ps, power respectively. “n” represents the 
number of forest stands. 

 

To allow a quantitative analysis between the GSV and 
polarimetric decomposition powers, Pearson’s correlation 
coefficient has been calculated for all plots. Pearson’s 
correlation coefficients are reported in Table II. The Pd(θ) 
correlation is significantly better than Pd for the entire forest 
compartments for all the acquisitions. On the other hand, the 
correlation between Ps(θ) and GSV decreases. Especially for 
all the acquisitions in Primorsky-E and for one acquisition (21 
August 2006) in Chunsky-N, the Ps(θ) correlation declines 
noticeably compared to Ps The correlation between GSV and 
Pv(θ) as well as Pv are almost the same. The p-values are less 
than 0.001 for the volume scattering, Pv(θ), double-bounce 
scattering, Pd(θ) and surface scattering, Ps(θ), which indicate 
the statistical significance of the correlation. Only some cases 
P-values are less than 0.002 for surface scattering, Ps(θ) (listed 
in Table II with “*”). The dependencies of polarimetric 
decomposition powers (P, P(θ)) to the GSV of different stand 
sizes are investigated for all the forest compartments and no 
increase or decrease trend of correlation is observed as a 
function of stand size. 

 
TABLE  II 

PEARSON’S CORRELATION COEFFICIENTS FOR GSV-
DECOMPOSITION POWERS RELATIONSHIPS. PD, PS, AND PV 

INDICATE DOUBLE-BOUNCE, SURFACE AND VOLUME 
SCATTERING.  

 
Forest 

Compartment 
Acquisition 

Date Pd Pd(θ) Ps 

Shestakovsky-N 21.05.2007 0.26 0.70 −0.72 

Shestakovsky-N 10.04.2009 0.67 0.79 −0.56 

Shestakovsky-N 26.05.2009 0.31 0.71 −0.71 

Primorsky-E 09.05.2007 0.22 0.63 −0.54 

Primorsky-E 24.03.2007 0.48 0.70 −0.43 

Primorsky-E 31.05.2009 −0.15 0.46 −0.54 

Chunsky-E 07.05.2007 0.38 0.70 −0.50 

Chunsky-E 19.09.2006 0.64 0.80 −0.67 

Chunsky-N 06.10.2006 0.16 0.56 −0.65 

Chunsky-N 13.04.2009 0.34 0.61 −0.64 

Chunsky-N 21.08.2006 0.61 0.77 −0.60 

Chunsky-N 24.05.2007 0.49 0.69 −0.68 
 
From the Table IV it can be seen that both, volume and 

double-bounce scattering power have positive correlation and 
surface scattering has negative correlation with GSV. 
According to these results, we can derive a relationship 
between the GSV and polarimetric decomposition powers. 
This can be expressed as: 

 

 =   × 
 (1) 
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To simplify Equation (1), it is assumed that GSV is a 
function of volume-to-ground scattering ratio. For lower GSV 
or sparse forest, the numerator of Equation (1) is smaller and 
denominator is larger and vice versa for dense forest. Figure 4 
shows the relationship between GSV and volume-to-ground 
scattering ratio for some of the studied areas. Pearson’s 
correlation coefficient r, the coefficient of determination R2 
and standard error of estimate are listed in Table III. Based on 
the comparison of Table II with Table III it is said that the 
combination of the polarimetric decomposition powers by 
means of the ratio results increased Pearson’s correlation 
coefficients. 

 
 

Figure 4.  Regression between the ratio of double-bounce times volume 
scattering and surface scattering and GSV. 

 
 
 

 

 
 

TABLE  III 
ESTIMATED REGRESSION COEFFICIENTS FOR DECOMPOSITION 

POWERS AND GSV. 
 

Forest 
Compartment 

Acquisition 
Date r R2 SEE 

Shestakovsky-N 21.05.2007 0.85 0.70 0.07 

Shestakovsky-N 10.04.2009 0.80 0.68 0.06 

Shestakovsky-N 26.05.2009 0.81 0.75 0.08 

Primorsky-E 09.05.2007 0.74 0.64 0.08 

Primorsky-E 24.03.2007 0.78 0.69 0.02 

Primorsky-E 31.05.2009 0.70 0.55 0.13 

Chunsky-E 07.05.2007 0.78 0.61 0.07 

Chunsky-E 19.09.2006 0.81 0.67 0.05 

Chunsky-N 06.10.2006 0.84 0.79 0.05 

Chunsky-N 13.04.2009 0.90 0.82 0.05 

Chunsky-N 21.08.2006 0.87 0.81 0.07 

Chunsky-N 24.05.2007 0.85 0.80 0.08 
 
The ratio of volume-to-ground scattering increased almost 

linearly without apparent sign of saturation up to 430 m3/ha in 
Chunsky-E whereas lowest saturation at 82 m3/ha GSV was 
observed in Chunsky-N. This could be due to the spread of the 
ratio of volume-to-ground scattering measurements or lack of 
forest stands with GSV between 50 m3/ha and 150 m3/ha. The 
similar magnitude of Pv(θ) and Ps(θ) for high GSV can be one 
of the reason for lower saturation level which is illustrated in 
Figure 8 (Primorsky-E). Possible reason for the spread of 
volume-to-ground scattering ratio could be related either the 
forest structure or the accuracy of the measurements. 

 

E. Conclusions 
 
This work considers several aspects for the possibility of 

GSV estimation in boreal forest at stand level using 
polarimetric information. Four forest compartments located in 
Central Siberia have been considered for the investigation. 
The four-component power decomposition method has been 
applied to the L-band ALOS PALSAR fully polarimetric data 
to compare the decomposition powers to the GSV and the 
impact of different meteorological conditions. The dependence 
of the decomposition powers on the tree species was also 
investigated. The main results of the study are as follows: 
1. Double-bounce and volume scattering powers show 

significant correlation with growing stock volume. The 
correlation between GSV and surface scattering is found to 
be inconsistent. 

2. The correlation between polarimetric decomposition 
parameters and GSV is enhanced if the ratio of volume-to-
ground scattering, which is the ratio of volume scattering 
times double-bounce and surface scattering, is used instead 
of considering polarimetric decomposition powers 
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separately. The volume-to-ground scattering ratio shows a 
high sensitivity to GSV. A relatively higher dynamic range 
is observed for all the investigated areas in Siberia. 

3. The contribution of decomposition powers over the sparse 
and dense forest depends on the meteorological conditions. 
At unfrozen conditions, surface scattering is dominant in 
sparse forests while in dense forests volume scattering is 
dominant. During thawing conditions, volume scattering in 
sparse forests is increased. The scenario is totally different 
at frozen conditions for dense forest, where the surface 
scattering power is higher than the volume scattering 
power. 

4. The stands dominated by larch species show higher surface 
scattering power than other tree species. Larch differs from 
aspen, birch and pine by +2 dB surface scattering power at 
unfrozen conditions. The double-bounce and volume 
scattering power for larch was also differed by −1.5 dB 
and −1.2 dB respectively. At frozen conditions, the impact 
of tree species on polarimetric decomposition powers is 
observed to be very small. 
 
GSV estimation based on polarimetric data does not 

require multi-temporal data, as required for POLINSAR 
techniques. Furthermore, thanks to PALSAR polarimetric L-
band data are already available for many areas on the globe, 
while suited POLINSAR datasets are still missing. 

 
NOTE: Additionally to this report we provide a journal 

publication for more details, additional investigations and 
scientific findings. 
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III. GSV RETRIEVAL USING INSAR COHERENCE AND 
BACKSCATTER 

A SAR (Synthetic Aperture Radar) sensor emits 
microwave pulses and subsequently detects the backscattered 
energy. At forest covered areas an increase of backscattered 
energy with increasing forest biomass or related parameters 
such as GSV was observed in numerous studies. This 
association has been successfully simulated by means of 
simple empirical [5-9], semi-empirical [10-16], and complex 
physical models [17-29]. However, it was also observed that 
the impact of forest biomass on the radar signal already 
saturates at low biomass levels, i.e. above a specific biomass 
level the further increase of biomass causes no further increase 
of the backscattering intensity. This specific biomass 
saturation level is determined inter alia by the radar frequency. 
Lower frequencies such as L- and P-band are preferable as 
saturation emerges at higher biomass levels [3, 11, 30]. 
Further impacts on the saturation level are the radar 
polarisation [31, 32], the forest characteristics [8, 33], and 
other general conditions such as weather, soil moisture or 
surface roughness [5, 34-37]. It was demonstrated, that by 
means of the application of SAR data time series the 
acquisition date can be optimised for forest biomass 
derivation. In fact, the integration of many SAR scenes can 
increase the sensitivity of radar backscatter for forest biomass 
and the saturation level [12, 38, 39]. These two positive effects 
can also be achieved by using multiple radar frequencies and 
polarisations [5, 20, 32, 40, 41]. Nevertheless it must be 
concluded that even at optimal conditions saturation (at 100-
200 m³/ha for L-band) impedes appropriate biomass mapping 
[42] based on SAR backscatter. One exception refers to the 
VHF-SAR. The extraordinary potential of these systems is 
based on the usage of very large wavelengths (VHF: very high 
frequency – a radio band within the EM spectrum). However, 
those systems will not become operational, as they cannot be 
deployed on spaceborne systems due to technical and other 
restrictions. 

Besides radar backscatter, a SAR parameter called 
interferometric coherence can be used. It is a measure for the 
complex correlation of two SAR images [43-46]. This 
approach requires two appropriate SAR images [45, 47, 48]. 
Appropriateness refers firstly to the temporal baseline and the 
prevailing environmental conditions (temperature, 
precipitation, soil moisture, wind speed etc.) [45, 47-52]. Very 
stable conditions as to be found during the durable very cold 
winters in the boreal zone can be combined with long 
temporal baselines (weeks or months). Otherwise, short 
temporal baselines are preferable (hours to days) [53]. 
Secondly, the spatial baseline is of particular relevance [46, 
48], as it impacts the amount of spatial and volume 
decorrelation. Moreover, the spatial baseline must not exceed 
a critical value, at which all coherence is lost [54]. 

In a large number of publications a dependency of the 
magnitude of interferometric coherence on GSV has been 
emphasised [43, 45-47, 50, 55, 56]. In general, the coherence 
decreases with increasing GSV. One reason for this 
relationship is the volume decorrelation which is coupled to 

GSV [44, 46, 47]. In addition, high GSV promotes temporal 
decorrelation [44, 46]. The relationship between GSV and 
interferometric coherence has already been described by 
empirical and physically based models [23, 44, 46-48, 51, 52, 
55]. At optimal conditions saturation occurs at high GSV 
levels (>300 m³/ha) [46, 48, 50]. However, the typical 
saturation levels are lower. Similar to the backscattering 
intensities, multitemporal approaches improve the results [45, 
47, 48, 51]. 

During its lifetime, ALOS PALSAR acquired a valuable 
L-band SAR data set of to date unprecedented quality and 
quantity. Thanks to the sophisticated observation strategy [57] 
and the high acquisition success rate (approximately 80% over 
Eurasia), a large amount of FBS (fine beam single 
polarisation) and FBD (fine beam dual polarisation) data is 
globally available. So far, the potential of ALOS PALSAR L-
band coherence for the estimation of GSV in the boreal forest 
has hardly been investigated. Moreover, ALOS PALSAR 
backscatter and coherence has not yet been jointly used to 
delineate GSV in Siberia. 

In this work we present an empirical study comprising a 
large amount of SAR and reference data focusing on the 
assessment of the potential of ALOS PALSAR backscatter 
and interferometric coherence for GSV retrieval in Siberia. 87 
ALOS PALSAR acquisitions are employed and approximately 
300 coherence images were delineated. As reference 
information ministerial forest inventory data from eleven sites 
was used. The first part of the results provides the 
observations based on PALSAR backscatter and coherence. 
The second part of the results provides a potential real case 
scenario of forest GSV mapping using ALOS PALSAR data in 
boreal forests. In this example, six backscatter images (HV 
polarisation) and three coherence images were used to 
delineate a GSV map for one of the forest inventory sites. 
Besides the accuracy parameters, the final map is provided as 
well. 

 

A. Study area 
The study area is located in Central Siberia, Russia (Figure 

1) and includes parts of the administrative compartments 
Irkutsk Oblast and Krasnoyarsk Kray. It is sited in the Middle 
Siberian Plateau, which is characterised by moderate 
topography, with elevations up to 1700 m in the southern part. 
The northern part is rather flat with heights of less than 500 m. 
Mixed taiga forests (birch, pine, fir, aspen, larch, spruce, and 
cedar) cover approximately 80% of the region. Central Siberia 
exhibits extreme continental climatic conditions. The yearly 
amount of precipitation is generally below 450 mm. Most of 
the precipitation occurs in between the commonly long try 
periods during the summer, while most winters are rather dry 
with average temperatures considerably below 0°C. The whole 
territory is characterised by immense forest cover 
disturbances, caused by forest fires, insect outbreaks and 
logging. Although logging diminished by about 75% since the 
political change in 1989, about 100 million m³ wood are 
removed in Russia every year [58], of which 10% are removed 
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in the Irkutsk Oblast. The high impact of wildfires is 
illustrated by the great forest partition (40-96%) being in some 
state of post fire succession [59]. Forest fires are more 
common in the light coniferous taiga, dominated by pine and 
larch. On average, 17,000 large fires (> 200 ha) are reported in 
Russia each year. Insect outbreaks are part of the natural 
succession and appear cyclically in periods of several years 
[60]. In particular, dark coniferous associations, where fir and 
spruce dominate, are affected. Once outbreaks appear, very 
large areas of up to 1 million ha can be infected and destroyed 
[60]. 

 
B. Ground data 

Forest inventory data was available for a number of local 
sites. This work comprises the sites Bolshe Murtinsky NE, 
Chunsky N and E, Primorsky N, E, and W, Hrebtovsky S, and 
NW, Nishne Udinsky, Irbeisky, and Shestakovsky (Figure 1, 
Table II). The data contains a multitude of parameters 
including stand ID, stand age, GSV, and relative stocking. GSV 
refers to the total volume of tree stems per hectare. It can be 
converted to dry aboveground biomass (t/ha) by a scaling 
factor of approximately 1.65 [61]. Note that the GSV values of 
the inventory data were provided in classes of 10 m³/ha. Clear-
cuts are represented featuring a GSV of 0 m³/ha. The data were 
on hand digitally in vector format. The average stand size is 
approximately 20 ha. 

 
TABLE  IV 

FOREST CHARACTERISTICS OF LOCAL SITES ACCORDING TO 
NATIONAL FOREST INVENTORY (NFI) DATA (AV = AVERAGE, 

MED = MEDIAN, STD = STANDARD DEVIATION, MIN = MINIMUM,  
MAX = MAXIMUM).  

 

Local Site 
Size  

(km²) 
No. of  
Stands 

GSV (m³·ha−1) 
(av/med/std/min/max) 

Bolshe NE 278 1,604 167/190/108/0/450 

Chunsky E 381 1,113 115/90/115/0/430 

Chunsky N 393 1,284 129/150/112/0/470 

Hrebtovsky NW 105 339 191/200/70/0/320 

Hrebtovsky S 287 867 171/190/90/0/420 

Nishne Udinsky 514 2,046 169/190/124/0/470 

Irbeisky 400 1,720 165/190/111/0/500 

Primorsky E 209 994 152/180/113/0/500 

Primorsky N 149 752 119/90/98/0/350 

Primorsky W 180 710 137/120/100/0/440 

Shestakovsky 201 814 183/210/97/0/380 
 
NFI determined the GSV from stem diameter at breast height 

(DBH) and tree height measurements [19] using tree species-
specific allometric relationships. Typically, in boreal forests 
these allometric relationships are rather similar for the 

different tree species. Based on the available data it was 
estimated that the average forest stand tree height hv is 
correlated with GSV across all species (GSV = 20.9e0.11hv, R² = 
0.76). Furthermore, a strong correlation was found between 
average stand DBH and hv (hv = 0.65 DBH1.2, R² = 0.96). Note 
that the GSV of the inventory data were provided in classes of 
10 m³/ha—clear-cuts are represented featuring a GSV of 0 
m³/ha. The data were on hand digitally in vector format. 

In accordance to Russian forest inventory standards, the 
accuracy of the provided GSV lies between 15% and 20% 
relative root mean square error (RMSE) [2]. Due to the 
Russian inventory standards, some specific characteristics of 
the forestry data base had to be considered: (i) Only trees with 
economic relevance are included (DBH > 6 cm, etc.); (ii) 
forest stands can be partly logged; (iii) the polygons are often 
inaccurate—the misregistration partially amounts 100 m; (iv) 
the last update of the inventory data was accomplished about 9 
yr before the PALSAR acquisitions. Thus, new clear-cuts, fire 
scars, insect damages, growth, and regrowth of forest are 
disregarded. To overcome most of these problems, the 
following steps were applied: (i) Buffering polygons, to avoid 
errors caused by misregistration; (ii) excluding forest stands 
being partly/entirely logged, burned or destroyed by insect 
outbreaks since the last update of the inventory data by using 
recent high spatial resolution KOMPSat (Korea Multi-Purpose 
Satellite) and TerraSAR-X satellite data; (iii) excluding forest 
stands < 2 ha. 

 
In accordance to Russian forest inventory standards, the 

accuracy of the provided GSV data is 15%-20% relative root 
mean square error (RMSEinv) [62]. Some specific 
characteristics of the forestry data had to be considered: 

 
i) Only trees with economic relevance are included 

(stem diameter > 6 cm), 
ii) High heterogeneity of GSV within forest stands 

was detected at times (e.g. partly logged), 
iii) Polygons are inaccurate – the misregistration is 

partially more than 100 m, 
iv) The forest information is older than 15 years. 
 
To overcome some of these issues, the following steps 

were applied: 
i) Buffering polygons, to avoid errors caused by 

inaccurate polygons, 
ii) Excluding forest stands, which have been logged 

or burned during the past 15 years using recent 
high resolution KOMPSat and TerraSAR-X 
satellite data, 

iii) Excluding forest stands < 2 ha. 
 
 

C. Meteorological data 
In Siberia the network of meteorological stations is sparse. 

The distance between the forest inventory data sites and the 
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corresponding meteorological station can be greater than 
200 km. Meteorological data were collected for the stations 
Bolshaja Murta, Bogucany, Nizhneudinsk, Tanguj, Bratsk, 
Vanavara, Aginskoe and Vitim (Figure 1). All meteorological 
data were gathered via the webpages www.wunderground.com 
and www.wetteronline.de. These webpages collect the 
meteorological data from the global WMO (World 
Meteorological Organisation) weather station network. 
Temperature, precipitation, wind, and snow depth was 
gathered for the acquisition date of the SAR data. Regarding 
precipitation, a sum of the past 3 and 7 days prior the 
acquisition was collected. This allows some inference on the 
soil moisture conditions. 

In general, during the winter the temperatures were below 
the freezing point and snow accumulated on the ground. 
During the summer, the temperatures were above 0°C. Winter 
SAR acquisitions featuring thaw were omitted in this work. 
Thaw was declared, when the minimum temperatures 
exceeded the freezing point. Thaw/refreeze events in between 
acquisitions were no exclusion criterion. 

At no time heavy rain was reported during the SAR 
acquisitions. The maximum amount of precipitation was 
8 mm. At most acquisition dates, no precipitation was 
observed. With regards to the 7-days sum, also rather 
moderate precipitation was measured. The 7-days sum was 
always below 10 mm. Yet, the precipitation data needs to be 
interpreted with care, as the weather stations are mostly 
located far apart from the site. In particular during summer, 
when thunderstorm-type precipitation is prevalent, the 
measurements at the stations are not necessarily related to the 
precipitation at the local sites. Considering this and the low 
amount of precipitation, it was decided to not exclude images 
being potentially affected by rain. 

Wind data was also collected. As wind can change short 
term, the measurement time must not significantly deviate 
from the SAR data acquisition time. However, in some cases, 
wind and SAR acquisition differ more than 10 hours. Apart 
from that, the measured wind speed was mostly close to zero 
with a maximum of 7 m/s. According to studies [63] and [64], 
wind of this magnitude can be assumed having no or very little 
impact on L-band coherence. Thus, the coherence data of this 
study can be considered not being significantly affected by 
wind. 

 
D. ALOS PALSAR data 

Table V summarises the employed PALSAR data. 
Although the investigation was carried out for 11 local sites, 
only eight frames were required, as some of the frames cover 
more than one site. According to the PALSAR acquisition 
strategy [57], FBS data (HH) was acquired in winter (roughly 
November to March), and FBD data (HH, HV) was acquired in 
summer/autumn (roughly June to October). Altogether, 87 SLC 
images were used in this study (FBS: 40 images, FBD: 47 
images). For the coherence estimation only the HH polarisation 
data was used. The azimuth pixel spacing of the SLC data is 

3.15 m. The slant range pixel spacing is 4.7 m for FBS (28 
MHz), and 9.4 m for FBD (14 MHz) data. Regarding 
interferogram processing, most image pair combinations were 
considered. Omitted were the pairs featuring mixed conditions 
(frozen and unfrozen), and pairs with the perpendicular 
Baseline B⊥ exceeding the critical value. 

 
TABLE  V 

PALSAR DATA. CURSIVE: UNFROZEN; BOLD: FBD; OTHER: 
FBS & FROZEN, T=TRACK, F=FRAME  

 
Chunsky N Chunsky E Primorsky Bolshe 
T475/F1150 T473/F1150 T466/F1110 T481/F1140 

 30dec06 18jan07 28dec06 
 14feb07 05mar07 12feb07 

20jun07 02jul07 21jul07 15aug07 
05aug07 17aug07 05sep07 30sep07 
20sep07 02oct07 21oct07  

 17nov07   
05nov07    
21dec07   31dec07 
05feb08 02jan08 21jan08 15feb08 
22mar08 17feb08   
07may08    
22jun08 04jul08  02jul08 
07aug08 19aug08  17aug08 

 04jan09  02jan09 
 19feb09  17feb09 

Shestakovsky Nizhne-
Udinsky Irbeisky Hrebtovsky 

T0463/F1130 T0471/F1100 T0478/F1100 T0468/F1190 
13jan07 11jan07  06jan07 
28feb07 26feb07  21feb07 
16jul07 14jul07  09jul07 
31aug07  10aug07 24aug07 
16oct07 14oct07  09oct07 
16jan08  10nov07 09jan08 
02mar08 29feb08 26dec07 24feb08 
17apr08  10feb08 11jul08 
18jul08 16jul08 27jun08 26aug08 
02sep08 31aug08 12aug08  
18jan09 16jan09 28dec08 11jan09 
05mar09 03mar09 12feb09 26feb09 
21jul09  30jun09 14jul09 
05sep09  15aug09 29aug09 
21oct09  30sep09 14oct09 

 

E. SAR data processing 
All SAR data was delivered in JAXA’s (Japan Aerospace 

Exploration Agency) level 1.1 format, referring to SLC (single 
look complex) data in slant range geometry. The processing 
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steps comprised radiometric calibration [57], multilooking 
including intensity image calculation, SRTM DEM (Shuttle 
Radar Topography Mission Digital Elevation Model) based 
orthorectification [65], and topographic normalisation. For the 
processing the Gamma Software was used [65, 66]. Regarding 
topographic normalisation, the pixel area correction and 
angular adjustment proposed by [67] was implemented 
Eventually the backscatter data was converted from sigma 
naught (σ0) to (γ0) to achieve independence of the local 
incidence angle using Equation Fehler! Verweisquelle 
konnte nicht gefunden werden.. The pixel spacing of all 
orthorectified backscatter data is 25 m × 25 m.  

Interferometric processing includes SLC data co-
registration to sub-pixel accuracy, slope adaptive common-
band filtering in range direction [68, 69], and common-band 
filtering in azimuth direction. The interferograms were 
generated using 10×20 looks for FBS and 10×40 looks for 
FBD data. The parameter γ is the complex correlation between 
the images S1 and S2 and consists of a phase and a magnitude 
component. The magnitude varies between 1 and 0, at which 1 
refers to perfect and 0 to zero correlation. 

For FBD data, the number of azimuth looks was doubled 
to gather approximately squared pixels in ground range 
geometry accepting the trade-off to lose geometric resolution. 
The dissimilar number of independent looks results in a slight 
difference (of 0.03) of the zero-coherence bias [70, 71]. 
Thanks to the high number of independent samples the 
coherence estimation bias is negligible for areas with 
coherence greater 0.2. The coherence images were 
orthorectified using SRTM elevation data. The pixel spacing 
of the orthorectified coherence data is 25 m × 25 m. 

 

F. Approach of SAR data analysis 
All analyses were conducted on forest stand level. 

Accordingly, backscatter and coherence were averaged for 
each forest stand. To summarise the experimental results, 
several statistics have been computed: 

i) Average backscatter and coherence of non-forest 
(0 m³/ha), 

ii) Average backscatter and coherence of dense forest 
(250-350 m³/ha), 

iii) GSV saturation level (see below for details), 
iv) Coefficient of determination R2 for reference GSV vs. 

by means of Equations (2) and (3) predicted GSV. 
In many studies the saturation level is assessed only 

visually. As this approach contains a subjective component 
which is hard to assess, we decided to avoid this shortcoming 
and applied a reproducible scheme instead. Another advantage 
of this approach is its independency of a mathematical 
function describing the relationship between SAR and GSV 
data. These functions tend to smooth the relationship and 
important features might be lost. The GSV saturation level was 
defined as follows: 

i) Averaging the backscatter/coherence for 50 m³/ha 
GSV classes (GSVclass1 = 0-50 m³/ha, GSVclass2 = 50-
100 m³/ha etc.), 

ii) Computing the backscatter/coherence difference 
∆50GSV between all adjacent 50 m³/ha GSV classes, at 
which the backscatter/coherence of the lower GSV 
class is the minuend, 

iii) Converting ∆50GSV to ∆100GSV, being the mean change 
of backscatter/coherence per 100 m³/ha, 

iv) Dividing ∆100GSV by σ, the average standard deviation 
of backscatter/coherence of the two adjacent GSV 
classes. 

  
The resulting figure is as simple separability index, 

considering the signature difference and its variability. The 
backscatter/coherence was defined to be saturated, when the 
condition ∆100GSV / σcoh < 1 was fulfilled (50% signature 
overlap). The algorithm starts with the lowest GSV class and is 
then applied subsequently to increasing GSV classes until it 
reaches the predefined threshold of 1 (Figure 5 provides an 
example). 

 

 
 

Figure 5.  GSV vs. coherence for Hrebtovsky S at frozen conditions showing 
average (●), standard deviation (•), and min/max (×) of each 10 m³/ha class. 
Parameter dx represents the separability measure ∆100GSV / σcoh as described in 
the text above. In this example it falls below 1 at 200 m³/ha, thus saturation 
occurs at 150 m³/ha. 
 

In order to condense and summarise the major 
characteristics of the large amount of investigated SAR data, 
two exponential models have been applied to describe the 
relationship between backscatter and GSV (Equation (2)), and 
between coherence and GSV (Equation (3)). Equation (2) was 
suggested by [8]. 

 
( ) GSVk

snsGSV e ⋅−⋅−+= βββσ 0  (2) 
 
In this Equation, 0

GSVσ represents the backscattering 
intensity [dB], GSV is the growing stock volume, βs refers to 
the backscatter from forest with the highest GSV, βn refers to 
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the backscatter from non-forest, and k is a coefficient 
describing the gradient of the curve and the point of saturation. 

The model formed by Equation (3) was applied by [46] to 
investigate the multitemporal variability of forest stands. 

 









−+=

−−

c
GSV

c
GSV

GSV ebae 1γ  (3) 

 
In Equation (3), γGSV is the magnitude of the coherence, 

GSV is the growing stock volume, and a, b, and c are 
empirical coefficients. Indeed, a and b can be again interpreted 
as coherence of non-forest and forest with the highest GSV, 
and c describes the shape of the curve. Therefore, both models 
could be construed as simplified versions of the Water-Cloud 
Model by [72]. The models were fit to the reference data by 
matching the empirical components (βs, βn, k, a, b, and c) 
using least squares estimation. 

 

G. Results: Potential of ALOS PALSAR InSAR coherence and 
backscatter for GSV estimation in Central Siberia 

This section summarises the observations of the ALOS 
PALSAR backscatter and coherence data. In total, 87 ALOS 
PALSAR acquisitions are employed and approximately 300 
coherence images were delineated. With regards to coherence, 
only the results being potentially relevant for GSV estimation 
are presented here. This includes the coherence images 
acquired at frozen conditions (all perpendicular baselines) and 
the coherence images acquired at unfrozen conditions with a 
perpendicular baseline greater 2 km. Regarding the latter it 
was found that the coherence data with shorter baselines is not 
sensitive for GSV [73]. 

The majority of the coherence images feature a temporal 
baseline of 46 days. The maximum temporal baseline is 138 
days. Larger temporal baselines are omitted in order to limit 
the temporal decorrelation. The same applies to interferograms 
employing data from dissimilar seasons (i.e. one image 
acquired at unfrozen conditions, and one image acquired at 
frozen conditions), as substantial decorrelation caused by the 
contrary environmental situation was observed in all cases. 

Figure 6 shows two scatterplots demonstrating the general 
impact of GSV on backscatter (HV) acquired at unfrozen 
conditions (a) and coherence acquired at frozen conditions (b). 
Each of the points within the plots represents one of the 867 
forest stands of the inventory site Hrebtovsky S. It can be 
observed that increased GSV results in increased backscatter 
and decreased coherence. The impact of GSV is larger at low 
GSV values and slightly abates with increasing GSV. The 
average backscatter of non-forest (e.g. clear-cuts, 
GSV = 0 m³/ha) is approximately -17 dB, while the maximum 
backscattering intensity is observed for dense forest 
(GSV = 300 m³/ha) with approximately -13.5 dB. Accordingly, 
the dynamic range of HV backscatter caused by different 
forest densities is -3.5 dB. The dynamic range of coherence is 
approximately 0.3. 

(a) 

 
 

(b) 

 
 

Figure 6.  Radar backscatter and coherence as function of GSV for the 
inventory site Hrebtovsky S. The backscatter image (HV) polarisation was 
acquired at unfrozen conditions, while the data for the coherence image was 
acquired at frozen conditions. The provided parameters define the fitted 
curves according to Equations (3) and (2). 

 
Figure 7 presents the same data as Figure 6 in a different 

way. Again, each point represents the average backscatter and 
coherence per forest stand. As only SAR data over forest 
stands is considered, coherence and backscatter are correlated. 
At this point it must be noted that coherence and backscatter 
are in general independent, as they underlie entirely different 
principles in their formation. Overall, Figure 7 shows a rather 
high correlation between backscatter and coherence. However, 
some points deviate noticeably from the regression line. For 
example, for a coherence value of 0.68 we find backscattering 
intensities from -18.5 dB to -15.5 dB and for a backscattering 
intensity of -17.5 dB we find coherence values from 0.81 to 
0.52. Accordingly, for the stands with this kind of deviation 
the SAR based GSV would notably differ for backscattering 
intensity and coherence. Indeed, the joint usage of backscatter 
and coherence for GSV estimation can help to avoid some of 
these estimation errors. One option is to exclude areas 
featuring a large difference in backscatter based GSV and 
coherence based GSV. Another option is to simply average 
intensity and coherence based maps. 
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Within the in Figure 7 depicted range of values the 
relationship between coherence and backscatter is almost 
linear. Thus, the saturation level and the sensitivity for GSV 
are not considerably different for backscattering intensity and 
coherence. This observation deviates somewhat from the 
findings based on the complete data set that comprises all 
eleven sites (Figure 8), where the coherence saturation levels 
are significantly higher than the backscatter saturation levels. 
The decreasing sensitivity of backscattering intensity and 
coherence with increasing GSV is evident by the shrinking 
distances between the GSV classes (0 m³/ha - 100 m³/ha, 
100 m³/ha - 200 m³/ha etc.). 

 
 

 
Figure 7.  Relationship between coherence and HV backscatter at Hrebtovsky 
S at forest stand level. Each of the small dots represents one forest stand. The 
four labelled points provide the average coherence and backscatter values for 
a GSV of 0, 100, 200, and 300 m³/ha respectively. 

 
In the following, the observations of all considered SAR 

data are summarised for all eleven inventory sites. Figure 8 
provides a graphical presentation of the major observations. 
Provided are (a) the average backscatter and coherence of 
clear-cuts, (b) the average backscatter and coherence of forest 
dense forest, (c) the correlation between GSV and backscatter 
and coherence on forest stand level, and (d) the saturation 
level of backscatter and coherence for GSV. In these four 
diagrams, the first three columns show the coherence data. 
The remaining four columns display the results based on the 
backscattering intensity. These two groups are separated by a 
vertical line. 

All results are subdivided into frozen and unfrozen 
conditions. Due to the lack of an adequately dense network of 
meteorological stations, a further subdivision considering 
specific environmental conditions is not feasible. Regarding 
the backscatter data, the polarisations HH and HV are 
distinguished. Regarding coherence, the group frozen 
conditions is subdivided into two partitions to account for the 
increasing impact of temporal decorrelation. The first partition 
contains the interferograms with a temporal baseline of 46 
days; the second partition features temporal baselines of 92 
and 138 days. For unfrozen conditions, only interferograms 
with a temporal baseline of 46 days were used. 

The impact of B⊥ on coherence over sparse and dense 
forest was investigated in a previous study using the same data 
[73]. At frozen conditions no impact was observed. The 
perpendicular baselines ranged from 0 to 1,800 m. Therefore, 
no subgroups featuring different perpendicular baselines were 
formed. Regarding unfrozen conditions, a slight decrease of 
coherence between 1,000 m and 2,000 m was observed [73]. 
Below and above this range, the magnitude of coherence was 
found to be unaffected by B⊥. As coherence acquired at 
unfrozen conditions with baselines below 2,000 m was found 
to be insensitive for GSV, this data is not considered in 
Figure 8. The interferograms considered here feature 
perpendicular baselines between 3,100 m and 4,100 m. 
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Figure 8.  Summarised results of the PALSAR data analysis for evaluating the 
potential regarding GSV estimation including INSAR coherence and 
backscatter, both acquired at frozen and unfrozen conditions. Provided are (a) 
the average signatures of clear-cuts, (b) the average signatures of forest dense 
forest, (c) the correlation of GSV and SAR parameter, and (d) the saturation 
for GSV. The statistics are separated by season, temporal baseline, and 
polarisation. See (a) for the number of samples. One sample refers to one 
backscatter/coherence image at one forest inventory site, thus each sample 
comprises 339-2046 forest stands. 

 
The interpretation of Figure 8 ideally starts with a joint 

inspection of the diagrams (a) and (b). Diagram (a) 
summarises the backscatter and the coherence of clear-cuts, 
i.e. areas with a GSV of 0 m²/ha. Therefore, low backscattering 
intensity and high coherence values can be expected. Diagram 
(b) presents the backscatter and coherence for dense forest 
(250-350 m³/ha), thus we expect high backscatter and low 
coherence. Commonly, the magnitude of the difference 
between the SAR signatures of dense forest and non-forest is 
related to the potential for GSV estimation: larger differences 
are often coincided with a higher potential for GSV retrieval 
[74]. 

The highest coherence over open areas is observed for 
frozen conditions and a temporal baseline of 46 days. The 
average value is 0.61. Over dense forest we observe an 
average coherence of 0.34. Thus, in this example the 
difference between open areas and dense forest is 0.27. With 

increasing temporal baseline the coherence decreases over 
both, open areas and dense forest. We also observe a reduced 
difference of 0.19. At unfrozen conditions, the coherence over 
dense forest and open areas is similar to the coherence 
acquired at frozen conditions featuring temporal baselines of 
92/138 days. In summary, coherence acquired at frozen 
conditions with a temporal baseline of 46 days features the 
largest contrast between open areas and dense forest. 

Viewing the radar backscatter, the impact of freezing is 
clearly visible. E.g., over dense forest a drop of almost 5 dB 
was detected for the HH polarisation. For HV the drop is even 
larger. Over open areas, the backscatter is also reduced during 
frozen conditions. However, the drop is not as large as for 
dense forest. Consequently, the backscattering difference 
between open areas and dense forest is decreased at frozen 
conditions. E.g. for the HH polarisation we find a 
backscattering difference of 0.2 dB at frozen, and of 2.0 dB at 
unfrozen conditions. Hence, contrary to the coherence, we 
observe the largest contrast between open areas and dense 
forest at unfrozen conditions. 

The diagrams (c) and (d) of Figure 8 provide further 
information to assess the capability of ALOS PALSAR data 
for GSV estimation. The interpretation of these figures is 
rather simple as commonly high values for R² and saturation 
are desired. The highest R² values (0.51-0.58) are found for 
coherence acquired at frozen conditions. Again, a slight 
impact of the temporal baseline is observable. Regarding 
backscattering intensity acquired at unfrozen conditions, R² 
ranges from 0.42 (HH) to 0.48 (HV). Noticeable is the wide 
range of the R² values from 0.13 to 0.87 (HV). Except some 
cases, the average R² values of the remaining SAR data are 
overall very low. Coherence acquired at unfrozen conditions 
and backscatter acquired at frozen conditions are in general 
not useful for GSV estimation. Roughly the same conclusions 
can be drawn regarding the saturation level. Coherence 
acquired at frozen conditions is favourable again. In average 
saturation is reached between 200 m²/ha and 250 m²/ha. The 
saturation of the backscattering intensity is reached at 
considerably lower GSV levels of 75 m²/ha for HH and at 
100 m²/ha for HV data. Coherence acquired at unfrozen 
conditions features a saturation level of 100 m²/ha. 

In summary, coherence acquired at frozen conditions 
shows the greatest potential for GSV estimation - the highest 
R² and the highest saturation levels are observed. In 
comparison to other studies based on L-band coherence data, 
higher saturation levels are identified. The backscattering 
intensity acquired at unfrozen conditions also offers some 
potential, however suffers from a comparably low saturation 
level. Compared to previous studies, saturation occurs at lower 
GSV levels. Still, the radar backscatter might be useful to 
improve a coherence based GSV product, as discussed above 
in connection with Figure 7. The joint application of 
backscattering intensity and coherence for GSV estimation is 
demonstrated in the following paragraph. 
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H. Results: Integrative usage of SAR backscatter and 
coherence for the delineation of a GSV map 

We selected the forest inventory site Hrebtovsky S for the 
exemplary delineation of a PALSAR data based GSV map. 
Crucial factors for this selection were the evenly distributed 
GSV and the high number of forest stands (867). The average 
GSV is 171 m³/ha, the average stand age is 154 years. The 
dominant tree species is Larch (40%), followed by Pine 
(26%), and Birch (13%). Compared to the other investigated 
forest sites, Hrebtovsky S is rather undisturbed. 

For the delineation of the GSV map three coherence 
images acquired at frozen conditions and six backscatter 
images (only HV was used) acquired at unfrozen conditions 
were chosen. The average R² between coherence and GSV is 
0.44. Compared to Figure 8 (c), this is a rather low value. The 
saturation level was determined at 250 m³/ha. The average R² 
between HV backscatter and GSV is 0.48, which corresponds 
quite well to the average of all investigated sites. The HV 
backscatter was found to saturate at 200 m³/ha, which is a 
comparably high value (see Figure 8). 

 
The approach of the delineation of the SAR based GSV 

maps can be outlined as follows (details are provided 
afterwards): 

i. Random training data selection (20% of the forest 
inventory data), 

ii. Model training using least squares fitting, 
iii. Pixel based model inversion and GSV estimation, 
iv. Averaging the six backscatter based and the three 

coherence based GSV maps resulting in one backscatter 
based and in one coherence based GSV map, 

v. Merging the coherence based and the backscatter based 
GSV map (averaging, elimination of areas featuring 
GSV difference greater 100 m³/ha, setting all negative 
values to zero). 

vi. Assessing the accuracy of the final map using the 
remaining 80% of the reference data. 

 
For the delineation of the GSV, the exponential models 

provided with Equations (2) and (3) were used. Both models 
were fit to the training data by matching the empirical 
components (βs, βn, k, a, b, and c) using least squares method. 
As training data 20% of the forest inventory data was 
randomly selected. The model training was accomplished 
separately for each of the backscatter and coherence images. 
For the inversion the Equations (2) and (3) were solved for 
GSV. In total, nine separate GSV images are generated. As 
unfiltered SAR data is used (only multi-looking was applied), 
speckle and noise are still prevalent. Consequently, the pixel 
wise estimated GSV can excess the range of the GSV training 
data (e.g. [75]). This matter was considered at the end of the 
GSV map delineation procedure only, as the multitemporal 
averaging of the GSV maps amends most of this deficiency. 

In the next step, the six backscatter based maps and the 
three coherence based GSV maps were averaged to one GSV 
map each. Weighting was not applied, as the used SAR data 

featured rather similar characteristics in terms of R² and 
saturation. Otherwise, weighting could be accomplished 
considering e.g. the difference of backscatter/coherence 
between forest and open areas [74]. Figure 10 (a) shows a 
forest stand level based comparison of the averaged 
backscatter and coherence based GSV map. This figure will be 
discussed in connection with the accuracy assessment.  

In the final step, the averaged backscatter and coherence 
based GSV maps were merged. The merging procedure 
involved the averaging of both maps and the elimination of all 
areas featuring a GSV difference greater 100 m³/ha between 
the averaged backscatter and coherence based GSV map. 
Eventually, all negative GSV values were set to zero. The final 
maps are shown in Figure 9 (Hrebtovsky S only) and in Figure 
11 (entire coverage of SAR data frame). 

 

 
 

Figure 9.  GSV map of Hrebtovsky S based on 6 HV backscatter images 
acquired at unfrozen conditions and 3 HH coherence images acquired at 
frozen conditions. Information on the accuracy is provided in Figure 10 (b). 
White areas refer to no-data. The polygons encircle the forest stands. 

 
By viewing the GSV map provided with Figure 9 it is 

observable that patches featuring no-data (referring to 
eliminated data, see above) are primarily found next to areas 
with low GSV and in particular in floodplains. This is in 
agreement with the observations provided with Fehler! 
Verweisquelle konnte nicht gefunden werden.. In this 
figure, the forest stands that feature low backscatter and high 
coherence (that is the forest stands with the presumably lowest 
GSV) show the highest spread. One potential reason for this 
observation is the high sensitivity of the SAR backscatter for 
soil moisture during unfrozen conditions. In particular in the 
floodplains, the soil moisture is high - the floodplains can be 
even flooded. Therefore, in areas with sparse forest high 
backscatter can occur. During frozen conditions, the impact of 
soil moisture changes is reduced, thus we find high coherence. 
On the other hand, decorrelation can be caused by forest 
management activities taking place at open areas such as 
clear-cuts. Those activities can comprise the transportation of 
wood, the removal of debris, or the installation of a local 
infrastructure for the forestry management sector. Although 
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this kind of change causes decorrelation, the impact on the 
backscatter can be rather low. Therefore, by eliminating areas 
that featuring a GSV difference greater 100 m³/ha between the 
backscatter based and coherence based GSV map some errors 
related to the above issues can be avoided. 

Eventually, the accuracy of the final map was evaluated by 
using the remaining 80% of the reference data. The RMSE was 
computed according to Equation (4): 
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where GSVi,inv refers to the inventory data and GSVi,sar is the 
growing stock volume of the SAR based map. The parameter 
n refers to the number of samples. To be exact, the RMSE 
should be treated as root mean square deviation between forest 
inventory data and the SAR based GSV map, as the inventory 
data itself features an RMSEinv of 15%-20%. As second 
accuracy measure the coefficient of determination R² was 
computed. 

In Figure 10 (a) the forest stand level based GSV derived 
from backscatter is compared to the GSV derived from 
coherence. Both data sets are in good agreement and an 
overall bias is not observable. We find an R² of 0.79 and a 
relative RMSE of 25%. Obviously, the averaging of the 
backscatter based and the coherence based GSV maps was 
beneficial to reduce the spread at low GSV levels. Still, 
backscatter based and coherence based GSV are spread around 
the 1:1 line. This means, the usage of either backscatter or 
coherence could introduce under- or overestimation of GSV. 
Figure 10 (b) shows the forest stand level based comparison of 
inventory data and the final PALSAR based GSV map. The R² 
is 0.54 and the relative RMSE is 33%. If we compare these 
statistics to the accuracies, where only backscatter (R² = 0.51, 
RMSE = 36%) or coherence (R² = 0.50, RMSE = 37%) was 
used, we find a clear improvement for the synergistic usage of 
both data sets. Therefore, the synergistic usage of backscatter 
and coherence is not only useful to exclude areas with 
considerable GSV differences, but also to improve the 
accuracy of the SAR based GSV estimation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(a) 

 
 

(b) 

 
 

Figure 10.  (a) Forest stand level based comparison of two SAR data based 
GSV maps for Hrebtovsky S; (b) Forest stand level based comparison of 
inventory data and the final SAR data based GSV map. 

 
As reported above, the relative RMSEsar between inventory 

data and the final PALSAR based GSV 33%. If we assume 
independence of the SAR based estimation error RMSEsar and 
the inventory estimation error RMSEinv, a corrected RMSEcorr 
of the final PALSAR based GSV map can be computed: 
RMSEcorr = (RMSEsar

2- RMSEinv
2)0.5. Accordingly, the relative 

RMSEcorr for Hrebtovsky S lies between 26% and 29%. Thus, 
the final PALSAR based map features an accuracy which is 
close to the accuracy of the forest inventory data. Compared to 
previous work in this field of science, this result corresponds 
to the studies reporting the higher accuracies. Although 
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Hrebtovsky S is only one example, the findings summarised in 
Figure 8 and the availability of PALSAR data allow the 
conclusion that similar accuracies can be expected for the 
other ten sites. 

The GSV map was delineated for the complete coverage of 
one PALSAR data frame, thus the map provided with Figure 9 
is only a subset showing the area of Hrebtovsky S. Figure 11 
shows the entire map comprising an area of about 4,900 km². 
The polygon encircles the inventory site Hrebtovsky S. 
Assuming similar environmental conditions across the whole 
area during the acquisition of the PALSAR data and assuming 
that the training data taken from Hrebtovsky S is 
representative for the whole territory encompassed by Figure 
11, the accuracy of the entire map can be expected to be of the 
same magnitude as for the map of Hrebtovsky S. By all 
means, we find no discontinuities in the map and it visually 
features the same characteristics as the map of Hrebtovsky S. 

 

 
 
Figure 11.  GSV map of the area covered by one PALSAR frame including 
Hrebtovsky S. The map is based on the same data as Figure 9. The training 
data comprises 0.15% of the area of the map. 

 

I. Summary and conclusions 

The study on hand investigates the capability of L-band 
backscatter and coherence for the estimation of GSV in Siberia 
using a large amount of PALSAR data. It is observed that 
coherence acquired at frozen conditions offers the largest 
potential for GSV estimation. For single images the saturation 
occurs in average at 230 m³/ha, the R² between coherence and 
GSV (based on Equation Fehler! Verweisquelle konnte nicht 
gefunden werden.) is 0.58 in average. Comparable results 
were found in other studies using ERS-1/2 Tandem data. 
Results based on JERS-1 coherence feature lower saturation 
levels [45]. PALSAR backscatter is also sensitive for GSV. 
However, saturation occurs at lower GSV levels 
(75-100 m³/ha). Also, the average R² is lower (0.42 - 0.48). 
Regarding L-band backscatter, we observe slightly lower GSV 
saturation levels and coefficients of determination compared 

to other studies [12, 38, 75]. All in all, HV backscatter offers a 
slightly greater potential then HH backscatter. 

For one exemplary forest inventory site a GSV map was 
generated and validated. For the delineation of the map 
coherence data acquired at frozen conditions and backscatter 
data acquired at unfrozen conditions was used. The total area 
covered by the map is approximately 4,900 km² and the pixel 
spacing is 25 m × 25 m. The delineation is based on a rather 
simple and straight forward approach that could be 
operationally applied over large areas. This approach does not 
consider potential change within the time series of 
acquisitions. Areas featuring change such as new clear-cuts 
could be easily detected, e.g. by computing multitemporal 
metrics [76]. The training of the GSV retrieval algorithms is 
based on forest inventory data. The training data comprises 
0.15% of the total area of the GSV map. This means for the 
GSV mapping over large areas only a small amount of 
conventional forest inventory data is needed. One requirement 
of the conventional forest inventory data is that it comprises 
the whole range of appearing GSV levels. If no inventory data 
is available, the usage of other products such as the MODIS 
Vegetation Continuous Fields [77] was already successfully 
applied for the model training [74, 78]. Another successfully 
applied training approach as based on the analysis of the 
image statistics of SAR data [79]. 

The final GSV map has a corrected RMSE of 26%. This 
figure assumes an RMSE of 20% of the inventory data. Thus, 
the final PALSAR based map features an accuracy which is 
close to the accuracy of the forest inventory data. Compared to 
previous work in this field of science, this result corresponds 
to the studies reporting the higher accuracies. 

In summary, it could be demonstrated that ALOS 
PALSAR data have the potential to map the GSV of the 
Siberian forest with a precision close to the accuracy of the 
conventional forest inventory data. Thanks to the sophisticated 
observation strategy [57] and the high acquisition success rate 
in that area, for each site in Siberia in average 4 coherence 
images (temporal baseline 46 days) acquired at frozen 
conditions and 6 FBD backscatter images acquired at unfrozen 
conditions are available. 

 
 
NOTE: Additionally to this report we provide journal 

publications for more technical details, additional 
investigations and scientific findings. 
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IV. GSV RETRIEVAL USING MULTITEMPORAL MOSAIC 
BACKSCATTER DATA 

A. Introduction 
Estimating large scale forest biomass is a crucial issue for 

understanding global carbon cycling, as well as for monitoring 
global and regional changes in vegetation due to climate 
change effects or caused by extensive land use and therefore, 
also for local forest inventories. The Russian land surface with 
its large forested areas and peat- and wetlands contains an 
enormous biomass reservoir. As 49 % of Russia is covered 
with forest, its overall Growing Stock Volume (GSV) plays an 
important role for Russia’s carbon balance and thus, also for 
the global carbon cycle.   

Depending on the large scale dimensions of the Russian 
Taiga, it is still very taxing to establish an area-covering 
monitoring system for the Siberian forest. Satellite imagery, 
especially Radar data, can help out handling this task, as it 
provides a frequent observation method for monitoring GSV 
decrease caused by logging, clear cutting or forest fires and 
also for detecting forest regrowth from afforestation or forest 
succession processes, i.e. after fires or clear cuts. 

Synthetic Aperture Radar (SAR) has been proven in past 
and recent researches to be capable for estimating GSV over 
boreal and temperate forests. Past investigations showed that 
the wavelength of L-band backscatter data (app. 20 cm) is 
highly suitable for estimating GSV and changes in GSV over 
boreal forests, as the attenuation of the forest canopy is less 
than for the shorter C-band (app. 5 cm) and thus, saturation 
takes place at a higher level of above ground biomass rather 
than for C- or X-band, respectively. Though the retrieval of 
GSV from a single C-band measurement is generally poor, a 
multi-temporal combination of several GSV estimates can lead 
to adequate results. This GSV retrieval approach is 
implemented in the BIOMASAR algorithm, which uses hyper-
temporal series of spaceborne C-band Envisat ASAR 
backscatter imagery for GSV estimations. 

  Basically, the backscatter signal of short wavelengths like 
X- and C-band is mainly determined by scattering processes in 
the upper layers of the trees, such as small branches and upper 
leafs. For longer wavelengths, like L- and P-band, the 
scattering processes are also affected by the major components 
of trees, such as trunks and larger branches. P-band with its 
wavelength of approximately 100 cm shows the best 
capabilities for measuring GSV. Since spaceborne P-band data 
are not available at present and in the near future, L-band data 
are of high importance in the estimation of forest GSV, as it is 
documented in several publications. Using JERS-1 L-band 
backscatter, Santoro et al. obtained an accuracy of 75% when 
mapping a boreal forest test side in Sweden. An investigation 
of sub-tropical forest vegetation in southern China using 
polarimetric ALOS PALSAR data lead to an RMSE of 28.58 
t/ha with r2 = 0.9. Based on the significant correlation between 
biomass and L-band backscatter signal, several regression 
models have been published. Using empirical or semi-

empirical linear regression models, correlation coefficients 
from 0.66 to 0.78 between measured and estimated GSV could 
be obtained.  

As it can be seen in several publications, there is a 
significant correlation between the above ground biomass of 
woody covered areas and the backscatter signal of L-band 
SAR data. In general, the backscatter signal gains when above 
ground biomass increases. This relationship may therefore be 
suitable for estimation and classification of GSV over forested 
areas. 

This section gives a combination of a methodological 
approach and a possible future application method for deriving 
GSV over large areas from operational annual backscatter 
mosaic products as provided by the Japan Aerospace 
Exploration Agency (JAXA). The aim of this investigation 
was to analyze how capable these mosaics are for large scale 
high resolution mapping of Boreal forests in an operational 
way focusing on forest biomass. Another question was, if 
these images can be applied for annual large area forest 
monitoring, concerning forest change (e.g. fires, clear cuts, 
regrowth, forest successions). Within this Study, we used the 
Random Forest classifier, which is a machine learning 
algorithm. It was originally implemented for classifying large 
statistical datasets. This property makes it also capable for 
dealing with satellite data covering large areas. 

 

B. SAR Data 
JAXA provides annual mosaics of these L-band SAR 

backscatter data delivered by the PALSAR sensor on ALOS at 
25 m spatial resolution. These mosaics could be provided 
through JAXA’s Kyoto and Carbon Science initiative. The 
mosaic algorithm includes SAR long strip processing, ortho-
rectification, slope correction and neighboring strip 
suppression. As spaceborne imagery has the benefit to observe 
the same location with same spatial resolution in a repetitive 
way, these mosaics are highly suitable for monitoring the 
annual changes of the earth surface on regional or even on 
global scale. An advantage of these operational backscatter 
products is that they need no further processing. This imagery 
can be used directly for any value adding or mapping without 
having expert knowledge in SAR raw data geocoding. It 
consists of a flat binary file and an associated header file 
(ASCII) that contains information about projection, origin of 
the raster, spatial resolution etc. and can easily be read into 
almost every conventional Geographical Information System 
(GIS). To facilitate layer stack applications, the images come 
also coregistered. 

For this study, eight mosaics have been used in HH- and 
HV-polarization for four years from 2007 to 2010. The study 
area is located in the Russian Taiga in central Siberia. Radar 
imagery covers an area of about 569.000 km2 that reaches form 
92°E to 105°E and from 53°N to 60°N, app. 870 km in 
longitude and 780 km in latitude (Figure 12). 
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Figure 12.  Study area covered by the PALSAR mosaics in the central 
Siberian Taiga. 
 

C. Forest inventory data 
The data used as training data were available as stand wise 

polygons shape files from the forest inventory, each containing 
several forest parameters, such as tree-height, stem volume, 
relative stocking and tree-species combination. A stand is the 
major forest inventory unit in boreal forests in Russia and is 
delineated by the homogeneity of forested areas. In some cases, 
a stand’s boundaries can be set by aggregating several smaller 
areas with different forest properties, particularly tree species 
and stem volume. 

 

 
Figure 13.  Location of the training test sites and the validation sites within the 
area covered by the mosaics. 

 
As the forest stand boundaries in Russia are set in a 

subjective way by human interpretation, often based on aerial 
photos, the delineations of the stands themselves can be seen as 
possible sources of error. A detailed description of the Russian 
boreal forest inventory is above in this report. The geo-location 

of the five forest inventory sites can be seen in Figure 13. Each 
of them consists of 814 to 2046 forest stands. The area covered 
by a single stands reaches from 18.544 up to 4.851.543 square 
meters. Stem volume is the major parameter for this 
investigation. It is recorded in steps of 5 up to 50 m³/ha and in 
steps of 10 for greater values and mainly reaches from 0 to 470 
m³/ha with 520 m³/ha as an absolute peak value with an 
average 165 m³/ha among all stands. 

 

D. Methods: Random Forest classifier 
Besides the common way of explaining a given variable as 

a function of one or more predictors (e.g. regression models), 
several other algorithms have been developed during recent 
decades. These machine learning methods have a large 
application field from prediction to classification of large 
array of data. For this investigation, GSV maps were derived 
by using a supervised random forest regression approach. 
Random Forest (RF) is a non-parametric machine learning 
algorithm. It uses random sampling and attribute-selection to 
derive classification or, like in this study, regression of diverse 
multidimensional datasets. In general, Random Forest works 
by using an ensemble of many decision trees. This multiple 
tree-based regression votes for the most likely class based on 
equally weighted majority voting. Therefore, one third of the 
training dataset is excluded randomly for training each 
individual tree. This selection is the so-called out-of-bag 
(OOB) bootstrap sample, which is randomly permuted among 
the input features for each tree. Based on the other 2/3 of the 
input training data, the trees are grown, each to its maximum 
depth by using the impurity gini index, which is the result of 
the antagonism of the randomly permuted samples and 
features. These non-parametric regression-tree methods have 
been proven their capabilities in a wide range of ecological 
modeling studies as well as in Land cover mapping projects 
using optical remote sensing data. In terms of SAR data, some 
experiences have been made in growing stock estimations and 
height modeling. Random Forest is available as open source 
package for the statistic programming software R, which has 
been used for processing the data for this investigation.  

 

E. Methods: GSV Modeling 
Reference polygons were reduced in size by applying a 

50 m buffer on each polygon. This is done to avoid that mixed 
pixel information at clear cut edges or natural forest 
boundaries is taken into account when pixels are sampled 
randomly during the regression by Random Forest. The 
buffering also helps minimizing possible location mismatches 
between the FI and the SAR data. Furthermore, buffering can 
lead to small fragments of Polygons. Depending on spackle or 
topographic effects, respectively, it may be possible that very 
small areas in the training data are not representative 
according to the relationship between stem volume and 
backscatter. Therefore, polygons that cover an area less than 
10 pixels (app. 6.000 square meters) after buffering were 

321 of 436



excluded from the training data set. The five forest inventory 
shape files (Figure 2) have been combined to one single shape 
file containing all polygons (5,021 in total). In order to reduce 
influences of outdated FI or errors in SAR data (e.g. 
calibration errors or soil moisture and other weather effects), a 
threshold of two standard deviations was applied on the 
training data. Models have been generated on annual basis 
from 2007 to 2010 and on a four-year multi-temporal basis for 
all datasets available within this period. The Number of trees 
was set to 500 for each single model run. Information of stem 
volume on forest stand level noted in the forest inventory 
polygons has been used for training the models. The training 
polygons were rasterized based on the SAR data containing 
the information of stem volume in m3/ha. All valid pixels with 
stem volume information within the rasterized training data 
were extracted. Due to the enormous amount of valid pixels, a 
random sample of 5% of these pixels has been taken for 
training the models, which is still a large number of 56,174 
samples. A higher number of samples would have led to a 
tremendous processing time or caused allocation errors while 
generating the models. The models were derived by using a 
raster stack of HV- and HH-polarization imagery for each year 
and a raster stack of all 8 images (4 HV, 4 HH) for the multi-
temporal approach as predictors. Applying the models on each 
corresponding raster stack, GSV maps were generated. As the 
prediction of regression tree model on the SAR data led to 
float values, the output maps have been rounded to integer 
values for reasons of a better comparison and operability. For 
the multi-temporal GSV map a change map between the 2007 
and the 2010 GSV estimation was created. Based on this map, 
losses in GSV within this period have been masked in case of 
the multi-temporal approach to get the overall forested area to 
the 2010 level. Main reason of the losses of forests could be 
identified as clear cuts or forest fires.  

 
F. RF performance 

Applying a RF regression and proving its performance for 
dealing with high resolution, large area covering SAR data 
was a crucial issue during this investigation. RF in 
combination with the raster R-package gives an efficient 
approach for estimating GSV from large imagery. As 
regression trees are grown automatically based on the features 
of the input data, models don’t have to be trained and it is also 
not necessary to figure out parameters of regression functions 
manually. This makes RF flexible and time-saving when 
dealing with large datasets. On the other hand, RF works as a 
black box classifier. Thus, it is difficult to retrace the origin of 
the decision tree structures as well as to verify and adjust the 
random samples taken by RF by hand. Possible errors in the 
SAR data or the training data are also taken into account. 
Nevertheless, a large number of trees grown should reduce the 
overall error while the model is trained. As it is shown in 
Figure 14, a number of 500 trees seem to be adequate to 
reduce the error to its minimum. A larger number of trees 
would be more time consuming without a significant further 

reduction of the mean square error (mse). While the regression 
trees were grown, the biggest number of variables could be 
explained in the multi-temporal model (Table VI). 

 
 

 
Figure 14.  Relationship between the number of trees grown and the reduction 
of the mse during model generation in case of the multi-temporal RF model. 

 

TABLE  VI 
VARIABLES EXPLAINED BY THE MODEL. 

 
year 2007 2008 2009 2010 multi-

temporal 
variables 
explained 29.8% 32.3% 29.9% 30.1% 46.6% 

 

In addition to the main issue of this investigation, RF 
models have been generated using smaller subsets of the SAR 
imagery. For that purpose, the SAR data sets have been 
clipped to the smallest three of the five training datasets and 
models have been generated for a different number of layers 
of these SAR data subsets. This was done to verify how RF 
performs under the condition of a varying depth of multi-
temporal SAR imagery. One dataset consists of one HV- and 
the corresponding HH-polarization SAR image. It was found 
that an increasing number of datasets also increases the 
amount of variables that could be explained by the model 
while growing the trees. However, the increase of variables 
explained dependent on the number of datasets used, seems to 
saturate, when a larger number of SAR imagery is processed. 
Using two instead of one SAR dataset, model accuracies 
increased between 9.29 and 13.13 %, whereas an addition of 
one more datasets led to a further increase of app. 3.3 % and 
using a fourth dataset increased the model accuracies further 
by only 1.92 to 2.73 % (Figure 15). 
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Figure 15.  Variables explained for three smaller subsets of SAR data under the 
consideration of an increasing number of datasets. On dataset consists of one 
HV- and the corresponding HH-polarization layer. 

 

G. Mapping results 
Based on operational large scale annual PALSAR mosaics, 

four annual and one multi-temporal GSV maps were derived 
with a spatial resolution of 25 m, each containing RF-
regression results of GSV expressed in m3/ha. Figure 16 gives 
an overview and a zoomed-in detailed view of the multi-
temporal map.  

 

 
 
Figure 16.  GSV mapping result of the multi-temporal approach highlighting a 
subset of a heterogeneous forested area including dense forest, sparse forest and 
clear cuts (clearly identifiable by their unnatural geometric shape). 
 

As it can be seen in detail, forest structures are well 
identifiable, e. g. dense forest, sparse forest, clear-cuts or non-
vegetated river beds and creeks. The range of the derived GSV 
for each map is shown in Table VII. It should be noted that 
these maximum values are absolute peaks within the generated 
maps. Figure 17 shows a comparison between the 2007 GSV 

map and the multi-temporal map. It can be seen that the multi-
temporal map shows a less noisy structure than the one-year 
map (derived by only one HH- and one HV-image). 
Furthermore, it seems that saturation in the backscatter signal 
takes place at a higher level. Also, the distinction of dense 
forest, sparse forest, non-forested areas and clear cuts is clearer 
in the multi-temporal mapping result. 

 

TABLE  VII 
RANGE OF DERIVED GSV. 

 
year 2007 2008 2009 2010 multi-

temporal 
range 0 - 412 0 - 401 0 - 408 0 - 421 0 - 409 

 

 

 
 

Figure 17.  Detailed comparison of the mapping results for the 2007 map (left) 
and the multi-temporal result (right). 
 
H. Validation 

The generated GSV maps have been validated by the 
Sukachev Institute of Forest located Krasnoyarsk, Russia, 
Siberia. SAR-derived GSV estimates were compared to 
elementary forest inventory polygons (FIP), which contain 
information about land cover type, stand species composition, 
density, age, height, tree diameter and GSV per species in 
m3/ha. The total GSV for all species in the FIP has been used 
for validating the SAR-based GSV. Statistical parameters 
(mean and standard deviation) were calculated for each FIP 
based on the SAR pixel values and FIP’s with a negative GSV 
have been removed from the initial polygons dataset. The 
comparison statistics were evaluated for four annual maps and 
the multi-temporal GSV map using per species and per sites 
separation with total averaging as well. As the validation 
process is still ongoing, no figures are provided at this stage. 
Nevertheless, first results indicate that the magnitude of the 
accuracy will be of the same order as for the results provided at 
paragraph III. 
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V. FOREST COVER AND FOREST COVER CHANGE MAPPING 
USING MOSAIC BACKSCATTER DATA 

A. Introduction 
One key objective of this task is the generation of recent 

fine scale forest disturbance maps for 10 local sites within 
Krasnoyarsk Kray and Irkutsk Oblast (5 for Krasnoyarsk Kray 
plus 5 for Irkutsk Oblast). Forest disturbance maps refer to 
forest biomass maps based on PALSAR data (data availability 
through ESA Cat-1 project and JAXA Kyoto & Carbon Panel 
membership of FSU). The recent fine scale forest disturbance 
mapping aims at the adaption and application of mapping 
techniques for forest disturbance monitoring based on 
PALSAR data. The 10 local sites Local site refer to forest 
enterprise subdivisions or its smaller fragments with a 
maximum area of 100,000 ha each. 

Looking at the large-scale distribution of the Siberian 
Taiga, the systematic monitoring of forest dynamics is still 
challenging. Satellite earth observation is the only alternative 
for a frequent monitoring of biomass-decreasing processes 
such as clear cutting, selective logging, fire, insect infestation, 
but also afforestation and forest succession processes. 

Important research needs have to be addressed for future 
improvements on carbon accounting by implementing timely 
earth observation data and improving the spatial resolution of 
the model input parameters. The application of SAR systems 
in combination with the multidimensional system of forest 
biomass structure is a crucial tool for updating obsolete forest 
inventories and forest regrowth after disturbances. The 
development of spatiotemporally more detailed and accurate 
biomass maps including land use and land cover change 
information is a pre-condition for more accurate carbon 
accounting and net primary production assessments. SAR data 
are being delivered spatially consistent at continental, pan-
boreal or global scale, as proposed by the JAXA (K&C) and 
ESA (GlobBiomass) space agencies for delivering future 
forest and biomass monitoring at global scales. Hence, there is 
a need for inter-comparison and (cross-) validation 
assessments of independently derived biomass map products. 

Satellite-based multi-source forest resource assessment is 
one of the tasks in the framework of the EU project ZAPÁS 
aiming to:  

 
 Foster integrated concepts for forest characterization 

based on remote sensing and to  
 Assess the spatial agreement, accuracy, and 

transferability of forest resource maps for large area 
forest management purposes.  

 
The ZAPÁS initiative particularly aims to overcome 

existing gaps of inadequate data integration and inter-
operability as stated as one of the targeted gaps by GEO. In 
the context of operational remote sensing, ecosystem 
monitoring, and forest resource assessment, important 
research questions arising are: How comparable are SAR 
derived biomass datasets at different scales, derived with 

different SAR systems and modelling approaches; and thus, 
how operational are state-of-the-art GSV maps for large scale 
forest management purposes? 

 
B. SAR data 

An orthorectified dual-polarization (HH and HV) mosaic 
of the Advanced Land Observing Satellite (ALOS) Phased 
Array type L-band SAR (PALSAR) at 25 m resolution is 
being developed by JAXA and could be provided through 
JAXA’s Kyoto & Carbon Science Initiative. These annual 
mosaics covering the time periods of 2007 – 2010 were used 
for forest cover and disturbance, and forest regrowth mapping. 

 

C. Forest cover and disturbance mapping 
The ALOS-PALSAR HH and HV backscatter mosaics and 

the biomass map for the related year were implemented in 
three different forest cover and disturbance mapping 
frameworks. In a first framework, an object-based image 
analysis (OBIA) was developed for a fully automated wall-to-
wall mapping of forest disturbance classes in all local test sites 
for 2007 and 2010. Using eCognition several multi-scale 
image segmentation runs were performed. A multi-stage 
threshold-based classification process tree was developed by 
(first) classifying Forest and Non-Forest based on HH 
backscatter thresholding, followed by the class definition of 
the Forest Regrowth class based on a biomass threshold 
(lower 100 m³/ha). 

 

 
 

Figure 18.  Example of local scale forest cover and change mapping in the 
Padunsk test site. The forest cover and disturbance classifications for 2007 
(right) and 2010 (middle) indicate changed patterns in the forest stages (green = 
forest, grey = non-forest, light green = forest regrowth). This agrees to the 
biomass disturbance map (2007 - 2010) on the left where changes are indicated 
in red. 

 
The result is a segment-based forest cover and disturbance 

map for the years 2007 and 2010. Another map product was 
generated using an image differencing approach applied on the 
annual growing stock volume maps. A combination of image 
differencing and standard deviation thresholding resulted into 
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an image mask of disturbed forest areas in terms of loss of 
biomass. The difference images from 2007 to 2010 were 
combined in order to derive a biomass disturbance map (2007-
2010). An example is shown in Fig. 18 near the Angara River. 
The forest cover and disturbance map and the biomass 
disturbance map are covering all local test sites of the ZAPÁS 
project in Central Siberia. For further map exploration, the 
reader is referred to the SIB-ESS-C geoportal 
(http://www.sibessc.uni-jena.de/). 

 

D. Abandoned land and forest regrowth mapping 
Time series of annual ALOS PALSAR HH and HV 

backscatter mosaics and the retrieved biomass layers from 
2007 to 2010 were integrated as predictor variables in a 
random forest regression model. An example of continuously 
increasing biomass levels is shown in Fig. 19. A supervised 
modelling approach was set up in order to detect possible 
areas of forest regrowth due to agricultural abandonment 
processes or forest regrowth (such as logging and wildfires). 
The regression model was trained with samples of undisturbed 
forest areas and areas where a significant increase of biomass 
could be detected. For the model calibration, the undisturbed 
areas were set to the value 0 and re-growing areas were set to 
the value 100. This defines the target value range for the 
rescaling process. The application of the random forest 
regression model results in a continuous scale image layer of 
potential forest regrowth areas. Values from 0 to 100 indicate 
the probability of the occurrence of such areas with a strong 
forest succession. 

Using multi-temporal Landsat acquisitions and forest 
inventory a threshold adjustment was conducted. From the 
continuous field product a reforestation area probability 
threshold of 69.3 % was estimated and applied on the 
probability map. The final result indicated all as potential re-
growing forest lands with a probability higher than 69.3%. As 
shown in Fig. 6, the map covers all local test sites with a 
spatial resolution of 25 m. 

 

 
 

Figure 19.  Biomass distributions from 2007 to 2010 indicate recent increasing 
forest cover on former agricultural areas in the Abansk region. The increasing 
biomass rates of the annual GSV layers were the input for the mapping of re-
growing forest areas. The mapping result is shown in green (right). 

 

E. Assessment of forest cover change dynamics 
Analysing the effects of landscape fragmentation and 

forest cover area changes has been conducted comprised the 
derivation of landscape metrics. The fragmentation analysis 
has been conducted using the forest cover and disturbance 
maps of 2007 and 2010. Fig. 20 and 21 visualizes the change 
of patch density and area for the classes Forest, Non-Forest, 
and Forest Regrowth in the Abansk and Dolgomostovsk test 
site (698.479 ha). 

 
Figure 20.  Patch density change between 2007 and 2010 for the Padunsk test 
site resulted by processes of forest regrowth and logging activities. 

 

 
Figure 21.  Area change between 2007 and 2010 for the Padunsk test site 
resulted by processes of forest regrowth and logging activities. 

 
Temporal comparisons of the fragmentation indices 

indicated that there are complex processes of forest regrowth 
ongoing, e.g. on abandoned agricultural fields and, former 
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forest fires and logging areas. This is shown by increasing 
patch density and area in the forest regrowth class. However, 
ongoing forest cover loss is indicated by decreasing forest area 
and increasing non-forest area. 

 

F. Supporting a forest observation system for Siberia 
The ZAPÁS team consists of a consortium of EU-Russian 

scientists and space agencies. To achieve the overall goal – 
prototyping and supporting a forest observation system for 
Siberia – an intelligent data distribution chain is needed. This 
means that the link between earth observation data (and 
related products) and national and local users has to be 
designed as fast and easy-to-use as possible. Here, a data 
processing middleware is proposed as a technical solution to 
improve interdisciplinary research using multi-source time-
series data and forest resource maps, standardized data 
acquisition, pre-processing, updating and analyses [22]. This 
solution is being implemented within the Siberian Earth 
System Science Cluster (SIB-ESS-C), which combines 
various sources of EO data, climate data and analytical tools. 
The development of this spatial data infrastructure (SDI) is 
based on the definition of automated and on-demand tools for 
data searching, ordering and processing, implemented along 
with standard-compliant web services. These tools, consisting 
of a user-friendly download, analysis and interpretation 
infrastructure, are available within the SIB-ESS-C geoportal 
for operational use. The mission of SIB-ESS-C is to provide a 
web-based infrastructure and comprehensive information 
products derived from Earth Observation that support 
environmental and earth system research in Siberia. The 
ZAPÁS project is closely linked to the SIB-ESS-C 
developments and uses its capabilities by integrating local and 
regional scale forest resource maps and land dynamics 
analyses tools (Fig. 22). 

 

 
 

Figure 22.  Visualization of deforestation (red) and reforestation patterns 
(green) based on annual biomass maps derived from ALOS PALSAR (25 m 
mosaics provided by JAXA's Kyoto and Carbon Science Initiative). The 
example of the SIB-ESS-C shows a visualization of two forest change maps 
indicating the state and dynamics between 2007 and 2010 of a massive Central 
Siberian deforestation area near the Angara River. 

 

After developing regional and local scale forest resource 
maps based on optical and SAR satellite data, all geo-
information products are integrated in the geoportal. The 
portal is designed as an infrastructure for the so-called multi-
concept in earth observation. In the case of forest resource 
assessment and monitoring in the EU-Russian ZAPÁS project, 
state and dynamics of forest resources can be assessed for the 
Central Siberian test region. The complete set of EO-based 
forest resource maps related to biomass and forest cover 
tracking is accessible under http://www.sibessc.uni-jena.de. 
The basic functions are explained in a tutorial. 
 

G. Conclusions 
The presented maps and statistics demonstrate, beside 

numerous other studies, ongoing processes of forest 
degradation in the boreal zone in terms of large scale logging 
and forest fires. Most of them are of anthropogenic origin. But 
also forest regeneration processes are visible. Forest 
succession is often observed on abandoned agricultural lands 
due to post-Soviet land use conversions. Understanding, 
observing and managing Siberian forests is challenging. Using 
multi-sensor and multi-agency satellite data demonstrated the 
capabilities for the implementation in national management 
bodies. However, the biggest obstacle is how to get data 
(including long time series, SAR and optical high resolution 
maps at different thematic information levels) and maps or 
forest change statistics for regional and national authorities. 
The state of the art satellite based forest monitoring 
techniques, as assessed and cross-compared within the 
ZAPÁS framework, highlight the potential for implementation 
in the national forest management. Fast and easy to use web-
based middleware geoportals can play a central role for this 
process. 
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Abstract— Inland wetlands occur extensively across Sub-Saharan 
Africa.  These ecosystems typically play a vital role in supporting 
rural populations and their sustainable management is thus 
critical.  In order to prevent depletion of resources and ecosystem 
services provided by these wetlands, a balance is required 
between ecological and socio-economic factors.  The sustainable 
management of wetlands requires information describing these 
ecosystems at multiple spatial and temporal scales.  However, 
many African countries lack regional baseline information on the 
temporal extent, distribution and characteristics of wetlands.  
PALSAR data provides invaluable information related to the 
flooding patterns and vegetation characteristics of these 
wetlands. Analyses of multi-temporal and multi-sensor remote 
sensing datasets are presented in this paper, in order to 
characterize the wetlands of Ethiopia. Input data used includes 
both Synthetic Aperture Radar data (ALOS PALSAR) and 
optical data (ALOS AVNIR and Landsat TM/ETM+).  These are 
combined with ground-based information to characterize and 
map wetlands in Ethiopia. Using the Random Forests classifier 
with this multi-source dataset, broad wetland types are identified 
based on plant functional types. Random Forests produces 
independently constructed classification trees using a bootstrap 
sample of the original data. Each tree casts a vote and the 
resulting class is determined by a simple majority vote. The 
importance of the independent variables selected in the 
classification process is used to select the optimal combination of 
data types. Classification accuracy is evaluated using standard 
error matrix methods. Results are compared with wetland 
classification using the Maximum Likelihood Classifier. 
Ensemble-learning classifiers present promising results for 
mapping wetland ecosystems in tropical environment. 

Index Terms—ALOS PALSAR, K&C Initiative, Wetlands Theme, 
wetland habitat, wetland dynamics 

I. INTRODUCTION 
 

Wetlands are recognized worldwide for the critical 
ecosystem services they provide. Throughout the Nile and the 
Zambezi basins, floodplains and wetlands are extensive. These 
ecosystems depend on flooding. They also make critical 
contributions to the livelihoods of many people.  Threats to 
wetlands from anthropogenic pressures are significant and 

knowledge of their extent, composition, and conditions are 
still poorly understood. Many hydrological interventions (i.e. 
dams and irrigation schemes) either already exist within these 
basins, or are being planned to increase economic benefits and 
food security. However, these interventions will not be 
without consequences and both the costs and benefits need to 
be carefully evaluated. One likely consequence of increased 
flow regulation is reduced downstream flooding.  An 
understanding of the links between the hydrological pulse and 
the ecosystem is a prerequisite for deriving management plans. 
While mapping of wetlands has proved difficult in many areas 
(and in particular in Africa) due to the lack of temporally and 
spatially consistent datasets, the systematic data acquisition 
strategy of new satellites such as the Advanced Land 
Observing System (ALOS) seek to redress this [1, 2].  The 
acquisition of data at a high temporal frequency is essential for 
the analysis of wetlands such as the Sudd, which are defined 
by seasonal flows.  Annual time series of PALSAR 
(ScanSAR) data are therefore an invaluable dataset for 
identifying seasonal patterns of inundation at the regional 
scale, as well as for characterizing the habitat and dynamics of 
individual ecosystems. Earth Observation data acquired 
systematically by sensors such as ALOS PALSAR are 
essential for the establishment of national inventories and 
regional baseline information on wetland ecosystems.   

 

II. PROJECT DESCRIPTION 

A. Objectives and relevance to the K&C drivers: 
 

       The objective of the project as stated in Articles 6 (a)-(c) 
is the development of regional-scale applications. The 
project activities involve mapping regional scale patterns of 
flooding and inundation across the Nile and Zambezi basins 
The research presented here relates  to  the  original  “thematic  
drivers”  of  the  K&C  Initiative [3]: Conventions, Carbon and 
Conservation as follows.  The proposed activities will be of 
direct relevance to the Ramsar Convention on Wetlands of 
International Importance, demonstrating the application and 
use of L-band SAR for wetland assessment, inventory and  
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Source  :  ESRI’s  World  imagery basemap; study  areas 
showing Landsat TM-5 mosaic (Jan-2010)   Figure 1: The two study areas (Red rectangles): i) Dabus Rivers along the western boder with Sudan, and ii) Chomen-Fincha;a Reservoir, Wellega District 

 
 
monitoring.  The deliverables will also provide the 
information required for environmental conservation in the 
Nile and Zambezi basins. 
 

B. Work approach 
 

       Following the development of methodologies for 
mapping dynamics in large wetlands such as the Sudd 
during K&C Phase 2, it was planned to apply similar 
methodologies to the (non-gap filled) ScanSAR mosaics 
developed by JAXA during Phase 3. However, due to the 
delay in delivery of these data (September 2013), the 
research instead focused on the development of 
methodologies to map smaller scale wetlands and their 
dynamics in Ethiopia, based on full resolution scenes 
available through the AUIG.  The research approach was 
designed for the purposes of mapping wetlands in Ethiopia, 
and had the following objectives: 

x Investigate the use of multi-source data (optical and 
SAR imagery, terrain data, vegetation and wetness 
indices, field data) for characterizing and mapping 
wetlands in the Ethiopian Highlands; 

x Evaluate the effectiveness of the Random Forest (RF) 
classifier [4,5] for mapping broad wetland types in 

comparison to Maximum Likelihood and Neural 
Network classifiers;  

x Develop an understanding of the dynamics of 
wetland functioning in tropical ecosystems and 
their response and adaptation to natural factors and 
anthropogenic factors. 

The location of the wetland sites (two important wetlands 
in Ethiopia - one associated with a river basin, the other 
with a reservoir) used as case studies are shown in Figure 1.  
Input data included multi-source satellite optical (Landsat 
TM/ETM+ and ALOS AVNIR) and synthetic aperture radar 
(ALOS PALSAR) images, and terrain metrics derived from 
the SRTM and ALOS PRISM DEM, vegetation and wetness 
indices.  These were analyzed in combination with ground-
based information in order to characterize and map wetlands 
in Ethiopia. Using the Random Forests classifier with this 
multi-source dataset, broad wetland types are classified 
based on plant functional types. Random Forests produces 
independently constructed classification trees using a 
bootstrap sample of the original data. Each tree casts a vote 
and the resulting class is determined by a simple majority 
vote. The importance of the independent variables selected 
in the classification process is used to select the optimal 
combination of data types. Classification accuracy is 
evaluated using standard error matrix methods. Results are 
compared with a wetland classification derived using the 
Maximum Likelihood Classifier. 
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C. Satellite data 
Satellite data from multiple sources was used as input. Due 

to the delay in delivery of the ScanSAR mosaics from JAXA, 
standard products were acquired through AUIG in order to 
develop and test the methodology. A combination of ALOS 
PALSAR, AVNIR and PRISM data were used, as detailed in 
Table I. In addition Landsat TM/ETM+, and SRTM DEM were 
used. 

TABLE  I 
SATELLITE DATA 

 
Data Type Data Details Year and Season 

ALOS-
PALSAR 

Fine Beam Single mode 
(FBS), HH, 12.5 m , 
level 1.5 
 

FB Dual mode, HH and 
HV, 12.5 m, level 1.5 

2009, 2010, 2011 – 
Dry 
 

2008, 2009, 2010 – 
Wet (C; Figure 2) 

ALOS-
AVNIR 

4 bands (B,G,R,NIR) 2009 – Dry (B; 
Figure 2) 

ALOS-
PRISM 

DSM 5 m res. ALOS-PRISM 

SRTM DEM 90 m res. (D; Figure 2) 

Landsat 
TM-5 

6 bands (B,G,R,NIR, 
MIR5,MIR7), 30 m res. 

2010 – Dry (A; 
Figure 2) 

2009, 2010, 2011 – 
Wet 

Terrain 
Derivatives 

Slope,  
Plan convexity, 
Min. curvature, etc. 

Slope: (E; Figure 2) 

Image 
Textures 

Mean, Variance,  
Entropy, etc. 

Landsat Variance: 
(F; Figure 2) 

Vegetation/ 
Water 
Indices 

NDVI, EVI, EVI2,  
WDVI, etc. 

 

 

D. Ground data 
Field surveys were conducted during the wet season in 

2010 (August, September), and in the dry season in 2012 
(March, April). Data were collected as follows: 

• 20×20m plots on transects from uplands to wet 
boundary  at  ‘representative’  and  accessible  sites; 

• Observations at each plot: Hydro- geomorphology and 
ecology, plant community composition and structure, 
land cover/use; 

• For Dabus site 220 plots were surveyed. Of these, 66 
plots were visited in both the wet and dry season; 

• Additional field sites were added based on the original 
plots and following initial analysis resulting in a total 
of 510 training/validation points. 

The land cover classes sampled in the field included [6,7]: 
• Wetland and terrestrial classes which combine plant 

community and structure levels;  
• Additional wetland species functional types and 

structural characteristics have been collected for Wet 
Meadow and Marsh classes. 

Details of the classes are provided in Table II, and the 
location of the sites is shown in Figure 3. 

 
TABLE  II 

LAND COVER CLASSES: 
Wetland classes (1 to 6), and upland terrestrial classes (7 to 

10) inventoried in the field. 

Class and code 
 
Description 
 

(1) Aquatic Bed  

(AB) 
Open water, ponds and streams, 
permanent or seasonal 

(2) Wet  Prairie / 
Meadow  

(WM) 

Meadows dominated  by Graminoids 
(including C4 grasses), mixed with 
herbaceous species; may be difficult to 
distinguish  from  ‘Sedge  Meadow’ 

(3) Marsh 
Emergent 

(ME) 

Marsh areas dominated by sedges, 
medium to tall emergent communities, 
found in association with area 
dominated by tall, dense grasses 

(4) Papyrus 
Swamp 

(PS) 

Swamp dominated by Papyrus cyperus, 
a 3-4m tall plant forming dense 
permanent extensive cover, found on 
waterlogged soils or floating mats. 

(5) Shrub Marsh  

(SM) 

Area dominated by medium to tall 
Fabaceae shrubs forming mainly small 
patches found associated with Papyrus 
Swamp 

(6) Forested 
Wetland 

(FW) 

Seasonally inundated Syzygium  g. / 
Ficus spp. forest 
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(7) Woodland   

(WDL) 

Combretum c. /Terminalia b. 
woodland; Coffea arabica shrubs found 
in denser forested areas found along 
wetland boundaries 

(8) Forest  

(FOR) 

Densely forested area, small patches 
mainly  found  in  ‘remote  areas’,  i.e.,  
higher altitudes (mountain tops), steep 
slopes, away from inhabited  areas 

(9) Agriculture / 
Farmlands  

(AGR) 

Area of crops dominated by 
maize/sorghum , guizotia v. 
(herbaceous), and tef grass  

(10) Open   

(OPE) 
Open area dominated by bare land with 
sparse short grass 

 
 

I. RESULTS AND SUMMARY 
 
Analysis for both sites is still underway, and the 

methodology is being refined based on the first results. 
Preliminary results from the Random Forest classification for 
the Dabus wetland are shown in Figure 4. Classification 
accuracy is displayed in Table III. It is apparent from the 
results that the classes of Wet Meadow and Papyrus are most 
extensive, occupying spatially distinct zones across the 
wetland.  The overall classification accuracy is 76.2%, with a 
Kappa co-efficient  of  0.73.  The  highest  Producer’s  accuracy  is  
demonstrated for the Papyrus class, while overall, there tends 
to be poor discrimination of the main wetland types based on 
plant   community.   The   accuracy   of   the   “upland”   classes   is  
consistently good. 

The work presented here is the preliminary results from a 
study to map the wetlands and wetland dynamics of Ethiopia, 
and further analysis is currently underway to refine the 
methodology based on these. Next steps to improve the 
accuracy of the result involve i) the incorporation of additional 
input variables, such as vegetation and water indices to the 
classification, ii) comparison of results for annual vs seasonal 
datasets, iii) the effect of merging wetland classes on overall 
accuracy, iv) incorporating ALOS PRISM derived topographic 
information into the analysis in order to calculate terrain 
morphometric indices. Further research will also include the 
assessment of interannual change in wetland extent and plan 
community composition between 2006 and 2011, and the 
application of the research framework to the second wetland 
site. 

The analysis presented here, along with the other activities 
undertaken during Phase 3 (e.g. the co-ordination of special 
issue of Wetlands Ecology and Management, Liaison with the 
Secretariat and Scientific and Technical Review Panel of the 
Ramsar Convention, and contribution to the Global Mangrove 
Watch) are of direct relevance to the   “3   C’s   of   the   K&C  
Initiative. In particular, these activities are of relevance to the 
Ramsar Convention on Wetlands of International Importance, 
demonstrating the application and use of L-band SAR for 
wetland assessment, inventory and monitoring.  The 
deliverables will also provide the information required for 
environmental conservation in the Nile basin. 

While mapping of tropical wetlands has proved problematic 
with the use of optical satellite images due to the presence of 
cloud cover at the time of maximum inundation, the use of 
ALOS PALSAR data, the acquisition of which are unaffected 
by cloud cover, allows for the characterization of seasonal 
dynamics of wetland ecosystems at a high spatial resolution.  
The systematic acquisition strategy of ALOS PALSAR is 
essential to enable the characterization of wetland dynamics at 
a high temporal resolution. 
 

TABLE  III 
CLASSIFICATION ACCURACY: 

 

Class Producer’s 
Accuracy 

User’s 
Accuracy 

Aquatic Bed  100.0%  100.0% 

Wet Meadow – Grass   63.8%  76.1% 

Marsh Emergent – Sedges  56.3%  52.9% 

Papyrus Swamp  83.7%  92.8% 

Shrub Marsh  0.0%  0.0% 

Forested Wetland  74.2%  75.4% 

Woodland  78.0%  80.7% 

Forest  79.4%  67.5% 

Agriculture/Farmlands   75.0%  70.6% 

Open  100.0%  72.7% 
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Figure 2. Examples of input data used (see Table 1 for details. ALOS data © JAXA/METI
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Figure 3: Location of field-based plots surveyed in 2010 and 2012 (orange dots), and supplemental plots (yellow). 
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Figure 4.  Preliminary results of the Random Forest classification for Dabus wetland, Ethiopia 
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    Abstract 

As   part   of   K&C   Phase   3,   and   in   support   of   JAXA’s  
Global Mangrove Watch (GMW), JERS-1 SAR and ALOS 
PALSAR data have been combined to detect and quantify 
changes in the extent of mangroves at a global level and 
associate these changes with specific causes. The exercise 
has established that the primary drivers of change are 
clearing for aquaculture or agriculture, with these often 
having taken place prior to the mid 1990s. Nevertheless, 
significant hotspots of change occurring since the JERS-1 
SAR acquisitions in the mid 1990s were evident in many 
countries. Other changes were associated with more 
natural causes (e.g., storm damage), with these leading to 
erosion of mangroves or allowing colonization.  Increased 
sedimentation associated with run off following 
deforestation was seen as quite widespread across the pan 
tropics.  The patterns of change have been validated 
against time-series of Landsat sensor data albeit through 
visual interpretation.  The study has demonstrated the 
capacity of using time-series of SAR data for monitoring 
changes in mangroves and paves the way for the use of 
ALOS-2 PALSAR-2  data  as  part  of  JAXA’s  GMW. 

Index Terms— Mangroves, JERS-1 SAR, ALOS 
PALSAR, change 

 

1. INTRODUCTION 
Across their geographical range and particularly over 

the past few decades, mangroves have been subject to 
significant anthropogenic pressures, particularly given the 
demand for agricultural and aquacultural products 
(Alongi, 2008).  Mangroves are also subject to damage 
through intense storms (cyclones), changes in the local 
hydrology or ocean circulation, or pollution.  Despite 
these threats, mangroves are also adaptable and rapidly 
colonise new areas where sediment accretion allows or 
extend inland as sea levels rise.   

 

At a global level, maps of the extent of mangroves 
have been generated for the 1990s (Spalding et al., 1997) 
and 2010 (Spalding et al., 2010).  However, this mapping 

has been achieved by collating existing maps (e.g., by 
country).  Giri et al. (2010) also generated a global map of 
mangroves using Landsat sensor data but a limitation was 
that cloud cover often obscured the areas occupied by 
mangroves thereby preventing mapping within a single 
year.   In K&C 3, the use of JERS-1 SAR and ALOS 
PALSAR data were evaluated for mangrove mapping and 
change monitoring given the consistency of the archives 
across the tropics and subtropics.   This assessment was 
undertaken   to   support   JAXA’s   Global   Mangrove  Watch  
(GMW), which seeks to use Japanese L-band SAR for 
consistent detection and monitoring of changes in the 
extent of mangroves in the tropics and subtropics.  The 
study also sought to establish the causes of change.   
 

2. STUDY AREAS 
Mangroves are distributed across the tropics and 

subtropics but can also extend into temperate regions.  
This study focused on 1o x 1o tiles that intersected areas 
mapped as supporting mangroves by Giri et al. (2010).  
The majority of tiles were located in Southeast 
Asia/Australasia followed by the Americas and Africa.   
 

2. METHODS 
For all regions, the Japanese Space Exploration 

Agency (JAXA) provided colour composites (kmls) of 25 
m spatial resolution L-band HH data acquired by the 
Japanese Earth Resources Satellite (JERS-1) Synthetic 
Aperture Radar (SAR) in the mid 1990s and the Advanced 
Land Observing Satellite (ALOS) Phased Array L-band 
Synthetic Aperture Radar (PALSAR) in 2007 and 2010.   
These composites provided an indication of changes 
occurring in mangrove areas, as defined by Giri et al. 
(2010).  The ALOS PALSAR HH backscatter was 
selected to be consistent with the JERS-1 SAR backscatter 
such that changes over time could be better detected.  The 
HV backscatter data were, however, used in the digital 
classification of mangroves and mangrove change (see 
later sections).  

To allow consistent interpretation of changes observed 
within the SAR data from the mid 1990s through to 2010, 
a general guide was developed (Table I).  The main 
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change processes identified were conversion (to 
agriculture or aquaculture), dieback, erosion and 
replacement by ports or urban infrastructure.  Increases in 
mangroves were attributable to regrowth or colonization 
on accreted sediments.  The extent of mangroves was 
expected to remained the same where logging activities 
and disturbance occurred. These processes are described 
in Table II.  

 

Table I.  Description of the changes in L-band HH 
backscatter over the observation period. 

Intact mangroves Maintain high HH backscatter 
throughout the period of the time-series.  

Disturbed 
mangroves 

HH backscatter reduced in 2007 and/or 
2010.   

Conversion  Mangroves that have been cleared for 
agriculture or aquaculture prior to the 
mid 1990s and remained as such 
typically exhibit a dark appearance in 
the image (i.e., low L-band backscatter 
throughout the time-series).  Often, 
these areas are associated with high 
returns from embankments, which give 
them a distinct appearance in the 
imagery.   Clearings are generally 
geometric in shape.  

Loss through 
erosion 

A high HH backscatter in the mid 1990s 
with this decreasing in 2007 and/or 
2010.  Typically on the seaward 
margins. 

Dieback Typically, these areas have a lower L-
band HH backscatter later in the time-
series, which indicates a loss of 
biomass.  This might be associated with 
pollution but also other natural events 
such as cyclones, tsunamis or storm 
surges. 

Logging Typically identified by the patchwork of 
L-band HH backscatter within areas 
identified as mangroves.    

Ports and urban Typically associated with a high HH 
backscatter from single objects (boats) 
or groups of objects (urban 
infrastructure). 

Expansion Associated with an increase in HH 
backscatter from very low values 
associated with mudflats or open water.  

Regrowth Often adjacent to or contained within 
existing mangroves and exhibiting a 
higher HH return in 2007 and/or 2010. 

 

Examples of changes observed within the composites 
of JERS-1 SAR from the mid 1990s and ALOS PALSAR 
data from 2007 and 2010 are provided in Figure 1a and b, 
with these discriminating between mangroves that had 
been lost (to aquaculture) prior to the mid 1990s and post 
mid 1990s respectively. 

 
 
 
 
 

 
Table II.  An overview of the change processes over the 

observation period. 

Change 
process 

Description 

Intact 
mangroves 

Mangroves that have remained 
undisturbed 

Disturbed 
mangroves 

Mangroves that have been disturbed, 
primarily by human activity 

Conversion  Mangroves that have been converted to 
agriculture or aquaculture and 
agriculture 

Loss through 
erosion 

Mangroves that have been lost primarily 
through coastal erosion and typically on 
the seaward margins. 

Dieback Mangroves that have suffered loss of 
trees but have generally remained intact. 

Logging Mangroves where a mosaic of clearing 
and regeneration due to logging occurs. 

Ports/urban Loss of mangroves associated with port 
develop, manifested as jettys, boats and 
associated urban areas within the 
imagery. 

Expansion Expansion of mangroves because of 
increases in sedimentation.  

Regrowth Natural regrowth following 
abandonment of previously disturbed 
areas 

Hotspots of 
change 

Areas where significant gains or losses 
of mangroves are evident.   

 

By first determining the types and locations of change 
across the globe, focus could then be on developing 
methods for quantifying such changes using the digital 
(image) data. This change detection process was first 
developed within eCognition using time-series of 
JERS-1 SAR (1 scene from the mid 1980s) but also 
ALOS PALSAR data (from 2007, 2008, 2009 and 
2010).   

For this purpose, JAXA provided over 100 1o x 1o 
tiles of ALOS PALSAR L-band HH and HV (Fine 
Beam Dual; FBD) 25 m spatial resolution data for the 
years 2007 through to 2010.  JERS-1 SAR data were 
also provided for these same areas.  These data were 
filtered to reduce speckle using a Lee Filter.   
Segmentation of a subset of these tiles experiencing 
significant change was then undertaken within 
eCognition (Thomas et al., 2014).  The baseline map 
of Giri et al. (2010) was also integrated to ensure that 
the resulting change maps aligned with this data layer.     

In some cases, mangroves were readily discernible 
within the SAR data and their extent could be mapped.  
For example, where mangroves occurred adjacent to 
bare ground, mudflats and agricultural land with no 
vegetation cover, low thresholds of both L-band HH 
and/or HV backscatter allowed discrimination. 
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b) 

 

Figure 1.  Examples of clearance for aquaculture a) pre-
1990s and b) post-1990s.  Note that black indicates past 

clearance, red new clearance and blue expansion 

 
Where mangroves were adjacent to tropical or 

subtropical forests, a threshold of the mean co-occurrence 
textural measures were used.   However, differentiation of 
mangroves was difficult where these occurred adjacent to 
plantations or were intermixed with a diversity of 
complex land covers (e.g., urban areas, forests 
experiencing shifting cultivation and small plantations).  
For this reason, a classification based on these data alone 

was difficult.   In all cases, change was mapped as the 
deviation from the baseline of Giri et al. (2010).   

 
Movement of mangroves occurred away from this 

baseline, either towards the sea or land. Some changes 
(primarily losses) also occurred within the baseline. To 
quantify movement towards the seaward margin, the 
minimum L-band HV for the years 2007 to 2010 was first 
taken, with this representing the total area that was ever 
occupied by water.  The minimum value of the L-band 
HH over the time series was also used as an HV channel 
was lacking.  A growing rule was then used to map 
remaining areas of open water that were not included in 
the sea mask.  Where the L-band HH or HV was greater 
than a certain threshold, mangroves were assumed to have 
moved into the pre-defined (historical) area of open water.  
Movement towards the landward margins was more 
difficult to detect unless the area contained no vegetation 
or was sparsely vegetated. Losses within the existing 
baseline were typically associated with a reduction in the 
L-band HH and HV backscatter.  

 
The difficulty in classifying mangroves and also 

detecting the extent of their movement can be partly 
overcome by considering the area that mangroves are 
most likely to occupy.   On this basis, for different tiles 
and using the map of mangrove extent generated by Giri 
et al. (2012), zonal statistics of elevation and distance 
from water were calculated.  Areas outside of the defined 
ranges were then assumed not to support mangroves.  The 
elevation referenced Shuttle Radar Topographic Mission 
(SRTM) Digital Surface Model (DSM) data acquired 
during an 11-day mission in February 2000. 

 
These procedures were developed within the 

RSGISLib software (Bunting et al., 2013) allowing them 
to be applied across the range of tiles containing 
mangroves.  The procedures for change detection are also 
being translated to this open source software, which 
facilitates the production of mangrove change maps using, 
for example, high performance computing facilities.  
 

2. RESULTS 
 

A.  Global change in mangroves. 

At a global level, the majority of clearances were 
associated with aquaculture and agriculture, with most 
focused on southeast Asia.  Many of the mangroves had 
been cleared prior to the 1990s (e.g., in Ecuadar, Costa 
Rica and the Phillippines) with noticeable losses occurring 
since then (e.g., in Kalimantan and Burma; Figures 2a-d).  

A total of 201 (20%) of 1011 degree tiles examined 
showed evidence of aquaculture and/or agriculture (Figure 
2a) with 109 (54%) of these occurring in South-East Asia. 
These practices were observed to a lesser extent in other 
regions; in Oceania (17), Asia (4), Africa (7), South 
America (33) and North and Central America (31).  
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Figure 2.  Areas of a) aquaculture and agriculture, b) erosion of mangrove, c) colonization by mangroves and d) hotspots of change 
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A decrease in mangrove extent as a consequence of 
erosion (Figure 2b) was most evident in South-East Asia and 
South Africa (49 and 47, respectively), followed by Africa 
(18), Oceania (14), North and Central America (13) and Asia 
(7). This was offset by colonization of coastal regions and 
regrowth of previously disturbed forests (Figure 2c). A total of 
198 degree tiles exhibited colonisation/regrowth of which the 
majority (99, 50%) occurred in South-East Asia. South 
America displayed the second highest occurrence (36, 18%) 
where large tracts of the coast are influenced by the power and 
sediment delivered at the mouth of the Amazon River (e.g., 
French Guiana). The widespread colonization by mangroves 
on accreted sediments was evident throughout their range 
(Figure 2c), with this attributed in part to an increase in 
sedimentation associated with land use change (e.g., 
deforestation).  Many areas supported intact mangroves, 
particularly where these were protected (e.g., in national parks 
or by national law).  Hotspots of change (loss and/or gain) are 
indicated in Figure 2d. 

 

 
Figure 3. Seaward expansion of mangroves, Sumatra, 

Indonesia 
 

B.  Mangrove change maps 

For selected tiles where hotspots of change were identified, 
maps showing mangrove loss and gain away from the baseline 

of Giri et al. (2010) were generated, initially within 
eCognition (Figure 3). In cases where seaward expansion and 
loss occurred, the areas could be mapped.  Losses from within 
the existing baseline were also detected. However, landward 
expansion was more difficult to detect.   

In some cases, gains and losses in mangroves occurred on 
several occasions during the observation period.  As an 
example, mangroves in Perak Province in Malaysia are 
maintained   as   ‘plantations’  with   different   logging   cycles.      In  
these cases, the ruleset for mapping mangrove change was 
more complex but depicted the different management 
activities that were occurring (Figure 4). 

 
C.  Assessing accuracy 

To validate change, existing maps were obtained from 
K&C members for some countries.  In the case of French 
Guiana and the Philippines, the change detected was in 
agreement with the observations using the Japanese SAR data.  
However, the number of datasets was quite limited and often 
consisted of plot-based measurements rather than area-based 
estimates. The time stamp of several datasets was also 
incompatible with the jERS-1 SAR and/or ALOS PALSAR 
data. 

 

 
Figure 4.  Mangrove forest management in Perak, Malaysia. 
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An alternative for validation was the Landsat time-series 
available through Google Earth Engine, with image dates 
covering the period from the mid 1980s to the present.  In the 
majority of cases, the changes observed using the Landsat 
sensor data corresponded closely to those detected using the 
JERS-1 and ALOS PALSAR data.   Current focus is on 
establishing the optimal approach to using these data for 
validation across large areas.   

 
 

5.  DISCUSSION  
The Global Mangrove Watch has achieved its goal of 
providing an assessment of the changes in mangroves that 
have occurred at a global level. The causes and consequences 
of such changes have also been evidenced and described. The 
assessment was necessarily based on a visual interpretation of 
JERS-1 SAR and ALOS PALSAR data from the mid 1990s, 
2007 and 2010.  Future work needs to focus on providing an 
assessment of the changing extent of mangroves at a global 
level using the digital image data.  Such an approach was 
demonstrated by Nascimento et al. (2013) for the Brazilian 
Bragantina coastline and has been highlighted in the examples 
provided in this paper as well as those of Thomas et al. (2014) 
and Lucas et al. (2014). 
 
For this purpose, a rule-based approach for mapping changes 
in the extent of mangrove has been developed within 
eCognition and for selected sites known to have experienced 
significant change. This rulebase has been translated into 
RSGISLib for use by JAXA across all image tiles.   
 
The dense time-series of Landsat sensor data provides a 
reliable source for validation and should be adopted for global 
level mapping.  In many cases, the dynamics of the mangroves 
captured using these data mirrored the changes that were 
observed using the SAR data.   
 
Additional information on the height and biomass of 
mangroves, and changes in these attributes, can also be 
obtained by referencing Shuttle Radar Topographic Mission 
(SRTM) data (Simard et al., 2008 ; Fatoyinbo and Simard 
(2013) and Fatoyinbo et al., (2008).   Estimates of biomass can 
also be achieved using the ALOS PALSAR data themselves as 
high biomass mangroves with prop root systems often exhibit 
a low L-band HH and HV backscatter that decreases with 
biomass (Lucas et al., 2007).  
 
The results of the change analysis have been passed to the 
UNEP World Conservation Monitoring Centre (WCMC) and 
Wetlands International, both of whom are interested in 
developing a near real-time Global Mangrove Watch.  The 
launch of ALOS-2 PALSAR-2 should provide an incentive for 
such monitoring, which is achievable given the knowledge 
obtained in the previous K&C research phases.  
 
 
 

6. CONCLUSIONS 
Across their range, mangroves are experiencing significant 
change.  By comparing time-series of JERS-1 SAR and 
ALOS PALSAR data, these changes can be detected and 
described.  A particular benefit of using these data is that 
global cloud free coverages are provided for the mid 1990s 
and late 2000s.   Change detection is compromised when 
the area of mangroves and change is small but for 
expansive areas of mangrove experiencing change, SAR 
data are ideally suited.    
 
Based on the observations using the SAR data, the 
majority of clearing of mangroves has occurred in 
southeast Asia but there are a number of hotspots of 
change globally which need to be monitored to ensure no 
further losses.  For this reason, the GMW advocates the 
use of the ALOS-2 PALSAR-2 for ongoing monitoring of 
mangroves away from existing baselines or those 
established from the SAR data themselves (Thomas and 
Lucas, 2014; Lucas et al., 2014).   
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Abstract The unique data sharing framework made available 
through the Kyoto & Carbon Initiative were used to support food 
security and carbon cycle science missions. A suite of ALOS-1 
PALSAR stamps, Mosaics, Strips, and ScanSAR were applied for 
rice mapping and forest assessments. Multitemporal ScanSAR 
combined with dual pol Mosaics were used for operational 
mapping of rice extent, rice habitat, and hydroperiod with high 
accuracy compared to field data (R2: 0.72-0.96) from California 
and crop census statistics (R2: 0.85) in Java and Vietnam. These 
products are supporting global food security and greenhouse gas 
emission modeling. PALSAR stamps helped improve forest 
disturbance monitoring and forest carbon inventory with a focus 
on the use of cross pol terms and metrics of Above Ground 
Biomass (AGB) and Canopy Cover (CC). Mosaics are being used 
to scale these case study pilots to regional maps of ABG and CC. 
Operational algorithms for AGB and CC that fused PALSAR 
and Landsat achieved modest accuracies of ranging from R2: 
0.62-0.83 across case studies in the northeast USA and Cerrado 
savannah of Brazil. The JAXA Forest v Non-Forest mask has 
high accuracy in India (R2: 0.89) and northeast USA (R2: 0.98) 
compared to reference data. Temporal repeat frequency is a key 
limitation for operational rice monitoring and spatial scales and 
saturation thresholds remain an issue of some higher end 
products application challenges These successful results highlight 
the utility of the K&C program as we scale up these results into 
operational products for science missions, Decision Support 
Tools for organizations, and Monitoring, Reporting, and 
Verification platforms.  

Index Terms—ALOS PALSAR, K&C Initiative, rice, 
hydroperiod, forest disturbance, above-ground biomass, canopy 
cover, carbon, Monsoon Asia, Cerrado, northeast USA 

I. INTRODUCTION 

A. Summary Phase 3 AGS efforts 
During Phase 3 AGS continued to work on developing rice 

decision support tools for food security and assessing 
greenhouse gas emissions from rice agriculture. This work 
covers two major geographic regions, namely: Monsoon Asia 
and the USA. The second main focus of AGS during Phase 3 
was mapping forest disturbance and forest carbon inventory. 
Finally, AGS helped support JAXA K&C by sharing 
algorithms, geofield photos, forest mask assessments, and 
promoting the use of PALSAR across science missions. 

B. Mapping rice across Monsoon Asia  
The Japan Aerospace Exploration Agency (JAXA) Kyoto 

& Carbon Initiative (K&CI) is guided by three overarching 
themes: Conventions, Carbon Cycle Science, and 
Conservation (CCC). Under the K&CI, efforts to address 
global change and food security are pursued through 
international science programs and a data sharing plan. The 
data collection was led by the Advanced Land Observing 
Satellite   (ALOS)   platform   (“Daichi”)   carrying   the   Phased  
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Array type L-band Synthetic Aperture Radar (PALSAR) 
instrument. The PALSAR mission is an enhanced successor to 
the Japanese Earth Resources Satellite (JERS-1). PALSAR is 
a fully polarimetric (hh, hv, vh, vv) active microwave sensor 
operating at L-band with 1270 MHz (23.6 cm) center 
frequency with sensitivity to vegetative structure, capacity to 
observe in all weather conditions day or night, and ability to 
penetrate vegetative canopies (Rosenqvist et al., 2007).  
 As part of K&CI, a PALSAR acquisition strategy has 
been developed with a goal of having spatially and temporally 
consistent data at continental scale with adequate revisit 
frequency and timing to enable the development of large-area 
products and systematic monitoring. One of the focus biomes 
of K&CI is wetlands which includes rice agriculture. The 
wetlands Science Advisory Panel contributed to the 
development of the PALSAR acquisition strategy that includes 
data acquisitions of major wetland and rice regions for 
regional mapping and characterization of aquatic ecosystems. 
Adjacent acquisitions overlap nearly 50%, so effectively there 
are up to 2 acquisitions every 46 days continuously starting 
from October 2006 to May 2011. While Daichi is no longer 
collecting satellite observations due to a low load power 
generation failure, a wealth of observational data exist in 
archives for scientific research and contributions to the three 
CCC themes.  

Rice   represents   one   of   the   world’s   most   important  
crops, providing food to more than a billion people and 
occupying 11% of arable land with 700+ million tons milled 
annually. Rice agriculture is under continuous stress from 
climate change and extreme weather, demand for water and 
land resources, and economic instability. Further, when 
aggregated, these stressors are amplified and become a critical 
food security concern as the total undernourished population 
in the world is nearly 1 billion (FAO 2013). For example, 
recent crisis have created price spikes and extreme volatility 
that has led to periodic export bans, stock piling, and panic 
buying on the rice market (McKenzie et al., 2009, McKenzie 
2012). 

Resilient and sustainable agricultural development is 
critically needed to ensure more self-sufficiency in crop 
production and food security and improve the livelihoods of 
millions. To address these needs updated and accurate 
operational information on the spatial distribution of rice 
extent is required. Previous large-area mapping efforts have 
relied on high frequency optical imagery to map rice for 
regional to continental areas (Xiao et al., 2005, Sakamato et 
al., 2008, Gumma et al., 2011, Torbick et al., 2010, Torbick et 
al., 2011); however, these approaches are limited by cloud 
coverage, spatial configuration and juxtaposition of paddies, 
and the relatively coarse spatial resolution of high frequency 
optical sensors at moderate spatial resolutions.  
 A few efforts over the past decade have utilized 
Synthetic Aperture Radar (SAR) instruments for mapping rice 
over large areas. Often highlighted is the all-weather 
capability and active collection system that operates 
independent of sun illumination. For rice applications, 
microwave observations at the appropriate scale and timing 

are sensitive to growth stages, soil moisture, and inundation 
frequency and duration (Chen and McNairn 2006, Inoue et al. 
2002, Le Toan et al 1997, Ribbes and Le Toan 1999, Torbick 
et al 2011). Considering dynamic range and scattering 
mechanisms of the rice life cycle, SAR can be particularly 
useful for mapping rice extent, inundation, and cropping 
intensity. During rice transplanting periods, the surface 
contribution of a rice paddy causes low backscatter. As plant 
tillering, biomass, and haulm develops the backscatter 
response increases with more interaction and volume 
scattering tends to cause a decrease in backscatter as the crop 
peaks and approaches harvest. Overpass dates can thus be 
timed with these growth patterns and inundation periods to 
extract the unique SAR signature of rice. 

Kuenzer and Knauer (2012) provide a thorough 
review of rice mapping and detail the strengths and limitations 
of sensors and platforms. Highlighted is that the utility of SAR 
for rice mapping can vary depending on incident angles, 
wavelength, and overpass timing. Due to the complexities of 
rice stages, plant spacing, roughness, incident angle, and 
hydroperiod there is no one single SAR instrument that 
surpasses all other sensors. When cost and data availability are 
factors the selection of data becomes more complex. While 
many SAR sensors have been utilized for rice mapping (i.e., 
ERS-1, ENVISAT ASAR, TerraSAR-X, Radarsat), only a few 
programs provide continental scale data with consistent 
observation strategies for cost-effective rice monitoring.  

Several countries are now building rice monitoring tools 
which largely rely on SAR and fusion with optical data to 
monitor rice over large regions (GEO GLAM 2012). A 
primary obstacle is data availability and cost. The unique 
acquisition strategy combined with the large area data 
processing through the K&CI have potential to advance rice 
agricultural monitoring tools and provide uniform maps of rice 
across large regions where survey information can be scarce or 
highly variable. High population density and rice production 
make Indochina an important rice centric social-ecological 
system with several of the top rice producing nations located 
on the Indochina peninsula. In this context we have taken 
advantage of PALSAR K&CI observations to map rice paddy 
extent across hot spot regions.   

C. Mapping forest disturbance and building SAR MRV tools  
Forest lands comprise 304million hectares of the total land 

area in the US with 44% controlled by Federal, State, and 
local governments. Characterizing forest structure, quantifying 
forest disturbance, and monitoring forest utilization on these 
lands is a primary and continuous need by multiple end user 
communities and to develop carbon inventories. Both natural 
and anthropogenic stressors are influencing forest disturbance 
processes and patterns. Climate change, extreme weather, and 
invasive species are a few types of disturbance that can range 
in frequency, intensity, and magnitude. Timely and accurate 
assessment of disturbance events is critical to respond 
effectively and appropriately at local to regional scales (see 
letters). In addition, assessing the severity and understanding 
the scales of disturbance is critical for broad-scale 
management, policy, and economic decision-making. While 
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the USDA has remote sensing experts, there is not a large 
SAR presence at USDA USFS and operational SAR metrics 
of forest structure are not available. 

The rapid growth of carbon science, along with 
international monitoring frameworks such as Reducing 
Emissions from Deforestation and Degradation (REDD), have 
created new opportunities to develop Monitoring, Reporting, 
and Verification (MRV) tools for monitoring forests. Maps of 
deforestation and degradation have taken on increased 
importance with the recognition of the value of forests and the 
rates of forest loss and utilization. International agreement 
frameworks, like REDD+ and United Nations Framework 
Convention on Climate Change, are being constructed to help 
preserve   the  world’s   forests  and  with these agreements come 
incentives for Measuring, Reporting, and Verifying forests. 
Under REDD+ framework, emissions and removals of carbon 
due to changes in forests are estimated from two components: 
activity data (e.g. deforestation, degradation) and forest carbon 
stock data (e.g. carbon in biomass, soil c). As countries 
articulate commitment for climate action in the post-2020 
framework (to be agreed in Paris in 2015), accounting services 
of forest structure will be a critical element. As systems are 
built in which some people pay others to slow the rate of 
carbon emissions from forest loss, the need for accurate, 
spatially explicit, and timely information is critical. However, 
many of the MRV / REDD end users do not have the capacity 
to integrate SAR based forest metrics to assess disturbance.  

D. Mapping rice habitat in California, USA  
Nearly one-fifth of rice production in the United States 

occurs in the Sacramento Valley of California according to the 
USDA National Agricultural Statistics Service (NASS), 
making the region an important anthropogenic wetland 
landscape. The landscape necessitates intense water resource 
demands for multiple rice stages and managements such as 
seeding practice, straw decomposition and soil preparation, 
and waterfowl habitat. However, water is not an infinite 
resource in this region as regional rainfall patterns alone are 
not adequate for commercial scale rice production. Periodic 
drought, low seasonal accumulation, and population demands 
have created water restriction policies that include a fee based 
permit system. For example, the year 2008 was classified as a 
water restriction year by the California State Water Board and 
the US Bureau of Reclamation due to low total accumulated 
rainfall and water table targets not being met. This water 
restriction mostly impacted late fall and winter irrigation 
demands for wetland inundation maintenance, rice straw 
decomposition, and winter season crops. In addition, water 
transportation is costly to operate and maintain due the 
extensive, manmade network of canals and pump stations that 
push water hundreds of kilometers to support habitat 
management and rice production. 

 Greenhouse gas (GHG) emissions are becoming a 
driving factor that influence flood management decisions in 
the region. Policies (e.g., California Assembly Bill 32: Global 
Warming Solutions Act) and management practices are being 
investigated to abate emissions. Carbon trading and 
approaches to monetize ecosystem services such as the 

reduction of methane emissions through alternative 
managements are innovative techniques being evaluated. 
Alternative Rice Managements (ARM) - such as bailing rice 
residue, winter flooding practices, dry seeding, and early 
drainage prior to harvest- are all being considered as potential 
adaptation and mitigation strategies. Paddy hydroperiod, or 
flood frequency and duration, is arguably the most significant 
ARM because flood management has the greatest impact on 
methane emissions and carbon cycling in rice paddies (Li et al 
2005, Salas et al 2007). Remote sensing tools are being 
evaluated as components of Monitoring, Reporting, and 
Verification (MRV) protocol and mapping ARMs will be an 
integral part by providing low cost spatiotemporal records for 
accounting platforms (Lloyd et al 2013).     

 Another key driver of flood management is the large 
waterfowl population that utilize flooded paddies and 
inundated habitat as stopover, breeding, and feeding 
destinations. Land owners, conservation organizations, and 
gaming clubs have a long history of cooperating to provide 
habitat for waterfowl and related recreation. Recent outbreaks 
of Highly Pathogenic Avian Influenza (HPAI) in Eurasia and 
concerns of a global pandemic have drawn attention to 
migratory waterfowl as a natural reservoir or, alternatively, a 
disease vector for the virus (Webster et al. 1992; Chen et al. 
2006; Sturm-Ramirez et al. 2005; Takekawa et al. 2009). The 
Valley happens to be a key spatial link in the Pacific Flyway 
with millions of migratory waterfowl using flooded rice 
paddies each year. Recent research has shown that rice paddy 
hydroperiod plays a significant role in the risk of HPAI H5N1 
subtype as these landscapes are where migratory waterfowl, 
humans, and domestic poultry tend to intermix (Fuller and 
Rothery 2013; Gilbert et al. 2010; Loth et al. 2010; Martin et 
al. 2011; Newman et al. 2012). Therefore, monitoring paddy 
hydroperiod is one strategy to manage risk and model 
potential distribution pathways for HPAI outbreaks.  

To complement the optical indices in the previous effort 
we incorporated the use of Synthetic Aperture Radar (SAR). 
SAR backscatter measurements have a well-established 
sensitivity to water, soil moisture, and rice stages dependent 
on incident angle, wavelength, and polarization (Kuenzer and 
Knauer 2012). We previously applied a simple thresholding 
approach to multitemporal SAR observations to extract 
dynamic range and presence of water to delineate rice extent 
and winter flood. The thresholding technique used Phased 
Array L-band Synthetic Aperture Radar (PALSAR) imagery 
and was found to have strong agreement with MODIS 
(MCD43A4) derived flood products based on dynamic 
indices. In this work we sought to evaluate the ability to 
distinguish rice paddy and habitat types to provide information 
for multiple end user communities. The technical objective of 
this work was to compare and fuse fine-beam, dual-pol (HH, 
HV) PALSAR and Landsat indices to map agricultural 
wetlands and their inundation patterns across the Sacramento 
Valley of California. 
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II. OBJECTIVES & APPROACH 

A. Objectives and relevance to the K&C drivers 
Developing applications for regional assessments of forest 
disturbance, agriculture and wetland habitats and methodology 
for combining PALSAR and optical imagery. These themes 
support the original  “thematic  drivers”  of   the  K&C  Initiative:  
Conventions, Carbon and Conservation. Maps of rice 
agriculture, forest disturbance, and carbon inventory were 
generated during Phase 3 along with the organization of 
thousands of geofield photos for calibration and validation of 
products.  

B. Approach for mapping rice 
An operational classification approach was designed and 

built with the objective of characterizing rice paddies across 
Monsoon Asia and California. First, a Classification and 
Regression Tree (CART) framework was designed that used 
finebeam imagery and field photos to create training data for 
classification of the Mosaic images. Secondly, we utilized 
randomforest to classify the 50m Mosaic images into broad 
land types based on the training data derived from finebeam 
and field photos. Thirdly, the classified map from the Mosaic 
images was combined with multitemporal backscatter images 
from the SLT ScanSAR strips that are sensitive to dynamic 
range and inundated patterns of rice paddies. The approach is 
designed in an operational fashion independent of season, rice 
stage, or overpass date.  

The Mosaic classification delineated major land types with 
the intent on isolating crops including rice. The low minimum 
backscatter due to flooding and relatively large dynamic range 
in backscatter as a response to rice biomass development (i.e., 
tillering, flowering, heading) makes the rice paddy signature 
unique (Inoue et al., 2002; Kuenzer & Knauer, 2012; Torbick 
et al., 2011; Zhang et al., 2009). The dry and wet seasonal 
observation strategy of PALSAR mosaics was designed to 
capture this dynamic. Each pixel used multitemporal SLT 
strips to refine potential rice paddies by identifying the pattern 
of rice growth stages based on the biogeophysical response of 
low backscatter during transplanting and inundation, increasing 
backscatter during tillering and biomass development, followed 
by a decrease in backscatter during harvest, and potentially 
repetition for double and triple crop systems. These 
‘phenological   indicators’   were   used   to   map   rice within a 
specified temporal window (i.e., rice life cycle). 

A customized, nonparametric classifier was built into the 
Classification and Regression Tree (CART) methodology. 
Classification and Regression Tree algorithms utilize rule-
based models for prediction of variables based on training data. 
Unlike neural network, the trees developed by CART 
algorithms are interpretable and easy to use. Within the CART 
we used randomForest (Breiman, 2001) to classify the 
PALSAR Mosaics into broad classes including rice at two 
different stages (transplanting and near harvest). Random forest 
has been shown to be a powerful classifier in other studies 

(Lawrence et al., 2004; Lawrence et al., 2006; Watts et al., 
2009; Torbick et al., 2012).  

In this application, training data in the form of polygons 
created from geo-referenced field photos and segmented 
finebeam imagery were randomized in an out-of-bag bootstrap 
fashion using bagging. Many trees were created with the 
number of trees dependent on the ratio of observations between 
classes to normalize any large deviation in sample size. These 
trees were not pruned at this stage. Each tree was made up of a 
series of rules (i.e. nodes) created during training based on the 
inputs (Mosaics). The rules are designed to split the training 
data into sub-groups maximizing differentiation. The splitting 
stops when no further gain in differentiation can be made. In 
the end, every new pixel for prediction was run through all 
trees and each tree casts a single vote. The majority class was 
selected for the class in the output based on multitemporal (dry 
and wet seasons of 2009 and 2008), dual pol (HH:HV) 
PALSAR Mosaics covering Indochina.  

Operational time series analysis was applied to 
preprocessed multitemporal SLT strips to utilize the unique 
backscatter response to rice growth stages to refine the initial 
broad Mosaic classification. Several studies have shown 
similar sensitivity of HH L-band   response   at   34.3˚   incidence  
angle to rice growth stages over a growing season. These 
properties include plant height, leaf mass, leaf-ground double 
bounce, haulm volume, density adjusted biomass, and 
hydroperiod (Inoue et al., 2002; Torbick et al., 2010; Torbick et 
al., 2011; Wang et al., 2009; Zhang et al., 2009). These 
properties and growth stages thus create the unique 
phenological pattern of the rice life cycle that was used to 
guide the time series analysis. Rice paddies are inundated prior 
to planting or during sowing which causes a low backscatter 
response. As crops gain in biomass and stalk haulms develop 
the backscatter response increases proportionally with more 
interaction. The backscatter response of PALSAR captures this 
as  dynamic   range   shown   to  be  on   the  order  of  8   to  10  σ°  dB  
(Inoue et al., 2002; Torbick et al., 2011). Volume scattering 
tends to cause a decrease in backscatter as the crop peaks and 
approaches harvest or can begin to increase with midseason 
drainage and evapotranspiration. Overpass dates can thus be 
timed with these growth patterns and inundation periods to 
extract the unique SAR signature of rice.  

 
Figure: Illustration of rice growth stages for a double crop 
system, PALSAR sigma nought (dB) response at 34.3 
incidence angle, and key paddy attributes used to operationally 
map rice extent.  
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Since the rice life cycle is generally between 110-140 days 
depending on genetic strain, the pattern of backscatter response 
can be used to delineate rice extent independent of cropping 
intensity. Thus it is not possible to have rice with low 
backscatter (flooding and transplanting) and dynamic range 
shorter than 75 days or longer than 140 days. Therefore, the 
phenological pattern of rice growth stages can be used to refine 
rice paddy attribute mapping from the multitemporal SLT 
strips. For example, Torbick et al. (2011) used this approach 
with PALSAR WB1 stamps, Landsat 5 TM, and MODIS 
MOD09A1L2 to show that in some regions of China, sowing 
prior to the first crop was often double the length of time (> 
one month) between first and second crop in double and triple 
crop paddies. 

C. Approach for mapping forest 
We used finebeam single dual and quad pol data to map 

forest attributes. Additional information from full polarimetric 
data has been shown to improve estimates of forest structure 
attributes. The primary advantage of utilizing PLR 
observations is the increase   in   the   number   of   “bands”  which  
permits a more thorough characterization of the scattering 
mechanisms. At case study sites we applied FBS, FBD, and 
PLR images to test the ability of operationalize SAR and SAR-
optical fusion metrics of Above Ground Biomass (ABG) and 
Canopy Cover (CC). We obtained SAR data in Single Look 
Complex (1.1) to multilook observations to optimize the 
complete signal and adjust the effective number of looks 
considering the ground range resolution, the pixel spacing in 
azimuth, and incidence angle. Images were co-registered using 
a cubic convolution cross-correlation approach considering 
shifts in range and azimuth dependency following Torbick et al 
(2012). A multitemporal de Grandi filter, that strives to 
preserve temporal signatures while reducing speckle by 
applying an optimum weighting filter that balances differences 
in signals between different times, was used to remove 
spatially random multiplicative noise (speckle). Terrain 
geocoding used the best available digital elevation model 
(DEM) and followed the range-Doppler approach. Images were 
radiometrically calibrated and normalized by eliminating 
incident angle effects and antenna gain and spread loss 
patterns.  

In   additional   to   sigma   nought   (σ°),   decomposition  
techniques were applied over field sites. Decomposition maps 
focused on three routines to characterize forest properties of the 
disturbance case studies. Faraday rotation was be applied to 
multilooked data to correct for atmospheric conditions or 
depolarization caused by the faraday effect (Meyer and Nicoll 
2008). The Pauli decomposition was be applied to help 
visualize primary scattering mechanisms (i.e., even bounce, 
rotated dihedral, odd bounce). This is a common technique 
used to characterize coherent scatters based on the scattering 
matrix (De Grandi et al 2003, Brisco et al 2011). The Cloude-
Pottier (CP) decomposition was tested to examine sensitivity of 
entropy, anisotropy, and alpha parameters based off the 
coherence matrix (Cloude and Pottier 1996, Touzi et al 2007). 
These CP parameters provide a metric of the scattering 

mechanisms, the significance of non-dominant scatterers, and 
the primary scatterer at a location. The final decomposition 
technique included the Freeman-Durden (FD) which highlights 
double bounce, canopy component, and surface roughness. 

In summary, we applied thorough geostatistical approaches 
to generate operational maps. By comparing to before and after 
a disturbance and/or to reference sites we can then identify 
changes in metric values. This allow us to map the impact of 
disturbance and quantify changes in carbon, ecosystem 
function, and/or forest dollars. We evaluated operational 
models across different case studies to determine operational 
rigor, scalability, and generalizability using RMSE, Q-Q plots, 
residual fitting, local indicators of spatial autocorrelation 
(LISA),   Cook’s   distance,   and   Akaike   information   criterion  
(AIC). Canopy Cover (CC) and Above Ground Biomass 
(AGB) relied on semi-empirical regression using our archive of 
measurements at field sites across the region. We considered 
the explanatory power of the SAR variables, ease of model 
execution, and benefits of more straightforward models vs 
models with higher accuracy but more complexity to pick an 
optimal approach for mapping attributes at the demonstration 
sites. Using the multicriteria approach the optimal models 
underwent n-folds cross validation to provide out of sample 
evaluation statistics (i.e., goodness of fit, RMSE) for 
predictions. 

D. Satellite data 
 
PALSAR Finebeam Stamps: Multitemporal finebeam (FB) 
single (FBS) and dual (FBD) pol observations from five 
different and diverse regions were used to investigate rice 
growth stages and backscatter response. These five, fine-scale 
locations covered diverse land types (i.e., coastal paddies, 
mountainous upland rice, urban, forest) with two unique areas 
(image footprints) in Vietnam, two areas Thailand, one in 
Bangladesh (FB footprints shown in orange in . 1). Each area 
had multitemporal imagery collected during the rice life cycle. 
We also used complimenting FBD scenes from Malaysia and 
Java for comparisons outside of Indochina. The collection 
periods correspond to the dates of other imagery used in this 
study; 2008-2010 with overpass dates during key rice growth 
stages (sowing, tillering, flowering) and management periods 
(flooding). Image repeat cycles occurred approximately once 
every 46 days to study dynamic range, hydroperiod, rice stages, 
and backscatter response. FB imagery were collected in Single 
Look Complex (SLC) to optimize the complete signal and 
adjust the effective number of looks considering the ground 
range resolution, the pixel spacing in azimuth, and incidence 
angle. FB data were co-registered using a cubic convolution 
cross-correlation approach considering shifts and range and 
azimuth dependency. A multitemporal de Grandi filter was 
applied to remove spatially random multiplicative noise 
(speckle) (De Grandi et al., 2003). This filter strives to preserve 
temporal signatures while reducing speckle by applying an 
optimum weighting filter that balances differences in signals 
between different times. Terrain geocoding used digital 
elevation models generated from the Shuttle Radar Topography 
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Mission and followed the range-Doppler approach. FB data 
were radiometrically calibrated and normalized by eliminating 
local incident angle effects and antenna gain and spread loss 
patterns  to  provide  ~12.5m  (spatial  resolution)  backscatter  (σ°)  
covering  approximately  a  70km  by  70km  footprint  (“stamps”).  
Local incidence angle and layover/shadow maps were 
generated for post classification processing to adjust for poor 
data pixels. 

PALSAR 25 & 50m Orthorectified Mosaics: PALSAR 
Orthorectified Mosaic Products (hereinafter referred to as 
Mosaics) are preprocessed products developed by JAXA and 
K&CI partners. The Mosaics were generated using ascending 
orbit observations at an incident angle of 34.4° for dry and wet 
seasons for major wetland and rice regions including Monsoon 
Asia. Multitemporal, 25m and 50m Mosaics covering Monsoon 
Asia were composited from hh:hv observations over cycles 28, 
29, and 30 ranging from  June to October and April to August 
for 2009 and 2008, respectively. Conversion into backscatter 
was completed following standard transformation protocol. 
Day Of Year (DOY), local incidence angle, and related 
ancillary raster data were also created to compliment 
backscatter imagery. Strategic Mosaics, RSP, and cycle maps 
are freely available from the Earth Observation Research 
Center at JAXA. 

ALOS PALSAR Strips: We used observations from the Japan 
Aerospace   Exploration   Agency’s   (JAXA)   Advanced   Land  
Observation Satellite (ALOS-1) that carries the PALSAR 
instrument. Slant (SLT) range fine-beam strips were obtained 
in Single Look Complex (SLC) Level 1.1 format through 
JAXA’s  Kyoto  and  Carbon  Initiative.  We  used  multitemporal,  
dual pol (HH, HV) observations from Referenced Path System 
(RSP) 222 during Day Of Year (DOY) 1, 183, and 276 for 
years 2010, 2009, and 2009 respectively. This provided 
snapshots of paddy and habitat conditions during early and 
midseason rice growth and the winter period. Each PALSAR 
strip is several hundred km in length north-south and span the 
width (east-west) of the Valley making large area mapping 
feasible. Polarization mode of observation on DOY 1, 183, and 
276 was HH, HH:HV, and HH:HV, respectively. SLT strips 
were imported and co-registered using a cubic convolution 
cross-correlation routine considering shifts and range and 
azimuth dependency. A multitemporal de Grandi speckle filter 
was applied to remove multiplicative noise (De Grandi 1997, 
De Grandi 2003). Images were terrain geocoded using a digital 
elevation model (DEM) and followed the range-Doppler 
approach. Images were radiometrically calibrated and 
normalized by eliminating local incident angle effects to 
provide  fully  preprocessed  (sigma  nought  σ°  dB)  images  over  
the study area. 

Landsat: Landsat 5 Thematic Mapper (TM) and Landsat 7 
Enhanced Thematic Mapper Plus (ETM+) observations were 
obtained across the study area (path / row: 42-45/32-34). 
Landsat follows a sun-synchronous orbit at an altitude of 
705km with a 16-day repeat window; each sensor being offset 
to provide 8-day overpass repeats for a given foot print. These 
platforms capture observations in the visible (vis / 0.45-69μm),  

near-infrared (nir / 0.75-0.90μm),  and  shortwave-infrared (swir 
/ 1.55-1.75, 2.08-2.35μm)   at   30m   spatial   resolution   while  
thermal wavelengths (TIR / 10.4-12.5μm)   are   available   at  
120m and 60m from TM and ETM+, respectively. Landsat 
(L1T) data were obtained from Glovis (glovis.usgs.gov) with 
standard radiometric and geometric terrain corrections applied 
using the best available Ground Control Points and DEM 
inputs. Imagery were resampled using cubic convolution and 
an accompanying metadata file with all relevant information 
required for preprocessing. Initially, all cloud free imagery 
from 2009 - 2010 was used in the classification process until 
the most useful imagery was identified for distinguishing the 
wetland and rice classes. Landsat data were preprocessed from 
Digital Number (DN) to atmospherically corrected surface 
reflectance using the Second Simulation of the Satellite Signal 
in the Solar Spectrum (6S) model (Vermote et al. 1997). We 
used daily MODIS Aerosol Optical Depth (Level 3 
MOD08_D3) to determine the aerosol parameterization within 
6S. Thermal bands were preprocessed using MODTRAN 
version 5.3 with atmospheric profiles obtained from MERRA 
to provide corrected surface temperature imagery. 

E. Ground data 
Geofield photos: Training data were collected using a GPS-
enabled camera to help develop training data for classifications 
and guide map products. A stratified random sampling scheme 
considering dominant land covers and logistical routes was 
carried out across several regions. Nearly 2500 photos were 
collected during multiple field campaigns between 2008 and 
2011 mostly in Southeast Asia (shown in figure 14 below). At 
a subset of locations, surveys were carried out recording LULC 
attributes and managements (i.e., flooded). Surveys focused on 
agricultural land use (primarily rice) and included recording the 
numbers of crops, irrigation or rainfed, hydroperiod and water 
depth, sowing date, harvest time, growth stage of rice, plant 
height, fractional cover, average slope, and landscape condition 
(e.g., isolated, patchy, continuous) (see Torbick et al., 2011 for 
more sampling details). The intent of the surveys was to help 
guide the design and application of operational algorithms to 
map rice paddy conditions using multitemporal L-band 
observations. This research scales those algorithms to the entire 
Indochina region. All field photos are linked to shape files or 
keyhole markup language files to store, display, and share 
photos. Photos are available in an open source format at 
http://www.eomf.ou.edu/photos, a citizen science data portal 
for people to share, visualize and archive geo-referenced field 
photos (Xiao et al., 2011). At this website users can search and 
share a library of global georeferenced field photos for product 
validation (e.g., Dong et al 2013). 
 
Field plots: We collected new ground truth to calibrate and 
validate data the satellite models of forest structure. Paired 
disturbance and adjacent reference sites were located across 
northern New England. Sites focused on a range of 
disturbances including defoliation, windthrow, tornado 
damage, and forest harvesting regimes. Additional reference 
sites were included to capture the range of potential variation in 
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canopy structure. At each site georeferenced field photos were 
collected. When at a site a systematic, georeferenced cluster of 
sample points matched to moderate-resolution pixel spacing 
was desired. We collected overstory characteristics (species 
composition, basal area, biomass, height, crown structure), 
understory and downed necromass, quantified recent 
mortality/harvest, and collected photogrammetry and laser 
quadrat sampling for horizontal and vertical canopy structure 
and density. All data are available on an open source web-GIS. 

 

III. RESULTS AND SUMMARY 
 

A. Summary results for mapping rice in Monsoon Asia 
In this research application multiscale PALSAR 

observations were integrated for rice monitoring across 
Indochina at a 50m scale. The operational approach was built 
upon previous research findings to scale up algorithms to large 
areas in a cost efficient framework. The use of large-area, 
repeat PALSAR observations supported the work and 
improvements in resolutions of ALOS-2 (e.g., spatial and 
temporal revisit) should enhance rice paddy monitoring. The 
primary key was the use of multitemporal imagery that 
corresponded to rice growth stages. Figure 1 illustrate rice 
extent mapping for the Mekong Delta. Overall, PALSAR 
tended to slightly underestimate rice extent which was likely 
due to mixed growth stages across such a large region, 
complex landscapes, and varying management (i.e., rainfed vs. 
irrigated, midseason drainage). An advantage of the technique 
is   the   use   of   ‘phenological   indicators’   based   on   rice   growth  
stages as observed from multitemporal ScanSAR that are 
independent of overpass date. This helped address challenges 
relating to Mosaic overpass date and observing paddies in 
adjacent RSP that were at different cultivation cycles. The 
results are a high resolution map product across a large region, 
Indochina. The map products will continue to evolve and help 
support food security and global change research. As new L-
band platforms become operational, regular and consistent 
monitoring is potentially feasible for all rice crops across the 
globe. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Rice maps across Mekong Delta were generated 
using Mosaics and multitemporal ScanSAR. 
 

B. Summary results for mapping rice habitat in CA 
Multitemporal observations from PALSAR and Landsat 

were investigated for determining the optimal remote sensing 
indices and temporal windows for monitoring the 
anthropogenic wetland landscape of the Sacramento Valley, 
USA. The choice of remote sensing index depends on the rice 
habitat type or flood management practice being mapped. Both 
radar and optical sensor types have strengths and limitations 
with temporal overpass being a key factor for distinguishing 
paddy managements and habitat types. Landsat indices NDVI 
and LSWI along with PALSAR HH sigma nought were the 
most useful for mapping hydroperiod across habitats. We 
found the CART approach to be advantageous for ingesting 
multiple remote sensing data types and distinguishing 
managements and habitats. Figures 2 and 3 present our rice 
maps and wetland types, respectively. Table 1 summarizes the 
extent of the wetland types in the region. Nearly 93% (185,494 
hectares) of rice in the Sacramento Valley underwent wet 
seeding practices and nearly half (90,168 hectares) of 
cultivated rice was flooded during the winter. Approximately 
12% of rice paddies (24,603 hectares) were used as rice habitat 
classes with different inundation frequencies and durations.  

The ability of remote sensing tools to support Monitoring, 
Verification, and Reporting platforms for addressing 
greenhouse gas emissions from agricultural wetlands will 
continue to grow as the amount of free, moderate resolution 
imagery continues to increase. The high overall accuracies 
(>95%), systematic overpass repeats, and free distribution of 
Landsat imagery make this approach an effective tool for 
assessing hydroperiod mitigation potential and monitoring 
management practices. More operational SAR observations are 
expected to further improve the precision and accuracy of 
tools. This will be critical for implementing successful MRV 
protocol in a cost effective manner. These results emphasize 
the utility of satellite remote sensing for rice and wetlands 
decision making. Balancing the demands and resources of the 
unique social ecological system of the Sacramento Valley will 
remain a challenge in the years to come as stressors continue to 
increase. 
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Figure 2: Actively farmed rice paddies and winter flood maps 
for rice fields across the Sacramento Valley, CA, USA. 
 

 
Figure 3: Zoomed in area of Sacramento valley USA showing 
classified agricultural wetland classes using multitemporal 
PALSAR strips.  
 
Table 1: Classified rice habitat area and percentage 

Category Hectares % 

Rice Crop 198,432 89 
Dry Seeded 12,937 7 

Winter Flood 90,168 49 
Wet Seeded 185,494 93 

NC1 7,063 3 
NCM 3,341 2 
NCZ 4,674 2 
HW 3,508 2 

HW1 6,016 3 
 

C. Summary results for mapping forest attributes 
Box and whisker plots (Figure 4) highlight the advantages 

of additional quad pol bands for mapping stand age. Thus the 
quad pol terms can be useful for determining impacts of 
disturbance on stand age, and help describe impacts to 

biomass, productivity, and carbon. We fused fien beam dual 
and quad pol with Landsat to develop regional disturbance 
maps and AGB and CC maps in the northeast USA.  
 

 
Figure 4: Box and whisker plot showing stand age and quad 
pol terms.  
 

 
Within the Penobscot Experimental Forest we applied a 

ordinal logistic regression model to map stand age (young, 
mixed, mature) with 88% accuracy. We are now scaling this up 
to the region using Mosaics and Landsat archive to help 
monitoring disturbance and harvests regimes.  

 
In the Cerrado, we examined the full data set (n=65) of 

field biomass measurements in a search for robust relationships 
(Figure 5). Adjusted R2 values topped out around 0.39 for the 
optimal model using three variables, Brightness, Wetness, and 
HH. An n-fold validation resulted in R2 values of 0.31 and a 
RMSE of 10.10 Mg/ha. The artificial neural network non-linear 
modeling produces nearly identical out-of-sample results, R2 
0.31 and RMSE of 10.13. 
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Figure 5: Results from the best fit linear model using all 
observations (n=65). This model uses Brightness, Wetness, and 
HH backscatter to estimate biomass. 
 

Some of the variance in the relationship between the 
ground data and the remote sensing observations is likely due 
to residual asymmetrical processing effects in the PALSAR 
and Landsat data. We sought to improve the model by focusing 
on data from a single Landsat image and a single PALSAR 
image. The largest (n=37) such subdata set is from the 
PALSAR scene S15W048 and Landsat scene p221/r071 
(Figure 6). The optimal model fit to the data is one using 
Brightness, Wetness, and HH minus HV backscatter. The 
adjusted R2 is 0.63 and while the out of sample R2 from an n-
fold cross validation is 0.55 and the RMSE is 9.45 Mg/ha. Out 
of sample n-fold goodness of fit results from a non-linear 
regression using a neural network were very similar: R2 of 0.54 
and RMSE 9.55 (1 hidden node with nstd = 7). The fit shows 
bias at higher biomass values. 
 

 
Figure 6: Results from the best fit linear model using 
observations from a single Landsat and PALSAR scene 
(n=37). This model uses Brightness, Wetness, and HH minus 
HV backscatter to estimate biomass. 
 

Here we summarize our research using Landsat and 
PALSAR observations to estimate above ground biomass in 
the Cerrado region of Brazil. The results show a moderate 
relationship between the remote sensing data and the ground-
observed biomass. Many issues contribute to the noise and 
reduce the quality of the relationship. The ground observations 
and the remote sensing observations are not well co-registered 
beyond the twenty sites that our collaborator had identified in 
the imagery. There are as many as 12 years difference between 
some of the ground observations and the satellite observations 
(Ottmar observations were collected in approximately 1999). 
The vegetation can change significantly in that time. We had 
few observations of biomass levels greater than 30 Mg/ha. 
 
       The unique data sharing framework made available 
through the Kyoto & Carbon Initiative were used to support 
our Phase 3 research related to food security, human health and 
carbon cycle science. We successfully demonstrated the suite 
of ALOS-1 PALSAR products, ranging from individual image 
stamps, Mosaics, Strips, and ScanSAR (strips and mosaics) 
were extremely useful for rice mapping and forest assessments. 
 

IV. DATA PRODUCTS 
 
During Phase 3 AGS continued to work on developing rice 

decision support tools for food security and assessing 
greenhouse gas emissions from rice agriculture. In addition we 
performed research on the application of PALSAR for 
mapping forest disturbance and aboveground carbon in open 
forests (Brazilian Cerrado). Our work covered several major 
geographic regions, namely: Monsoon Asia, Brazil, India and 
the USA. Given the breadth of this work, we present graphical 
results of our efforts in the Appendix figures (7-15). Each 
product is summarized below. Figures 12 and 13 include our 
assessment of the JAXA 2010 Forest-NonForest product for 
India and Northeast United States. These results show strong 
correspondence with the JAXA products and field derived 
census area estimates. Figure 15 shows Maps of Highly 
Pathogenic Avian Influenza (HPAI) risk hot spots. Our remote 
sensing products on rice paddy location and seasonality were 
used to help predict outbreaks. Rice paddies are where people, 
domestic poultry, and migratory waterfowl intermixed making 
rice paddy ecosystems an important link in HPAI outbreaks. 
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Appendix Figures 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

 
Larger figures highlighting outcomes from K&C Phase 3 efforts for mapping rice and forested landscapes. 

 

 
Figure 7: Technical challenge of Mosaics and ScanSAR is the combination of different phenologies and or crop stages within a 
given 1 degree tile. We use Day Of Year infromation and classification routines that conisder DOY to help overcome this barrier. 
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Figure 8: Large area rice extent maps generated from fused Mosaics and ScanSAR capture major rice production regions. 
Multitemporal imagery further characterizes hydroperiod, crop stages, and paddy status.  Temporal repeat frequency limits the 
amount of data that can be operationally extracted for a large region. 
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Figure 9: Rice production in Java mapped using multitemporal strips and Mosaics. 

 
 

 
Figure 10: Scatterplots from algorithms for mapping above ground biomass (left) and canopy cover (middle) using fused Palsar and 

Landsat along with cross validation (right) for the northeast USA forest mapping work.  
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Figure 11: Predicted biomass from the best fit linear model using observations from a single Landsat and PALSAR scene (n=37). 

This model uses (a: R:HH, G:HV, B:HV) HH and HV backscatter from PALSAR and (b R:Br, G:Br, B:We) Brightness and 
Wetness from Landsat Tasseled Cap transformation to estimate (c) biomass for the Cerrado mapping work. 
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Figure 12: JAXA 2010 Forest v Non-Forest Mask compared to India at the state level (n=34) had strong correlation (Multiple R-
squared: 0.8819, Adjusted R-squared: 0.8784, F-statistic: 246.5 on 1 and 33 DF,  p-value: < <0.0001) with Madhya Pradesh and 

Arunachal Pradesh as notable outliers.  
 

  
 

Figure 13: JAXA 2010 Forest v Non-Forest Mask compared to USDA Crop Data Layer at the county level across the northeast 
USA had strong correlation (Multiple R-squared: 0.9821, Adjusted R-squared: 0.989, F-statistic: 1.021 on 1 and 112 DF,  p-value: 

<0.0001) with slight tendency to under estimate forest extent.  
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Figure 14: Snapshot of geofield photos delivered to JAXA for calibration, validation, and data sharing. 

 
 

364 of 436



 

 
Figure 15: Maps of Highly Pathogenic Avian Influenza (HPAI) risk hot spots use rice paddy information to help predict 

outbreaks. Rice paddies are where people, domestic poultry, and migratory waterfowl intermixed making rice paddy ecosystems an 
important link in HPAI outbreaks. 
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Abstract—this project covers two main researches: (a) 
examination of ALOS PALSAR backscatter for tropical forest 
classification and biomass estimation and (b) model 
development for estimating the above-ground biomass 
estimation of dry land tropical forest using ALOS PALSAR.   

In in the first study, it was found that the variation of forest or 
vegetation variables may affect the variation of 
backscatter.   The study also found that backscatter of ALOS 
PALSAR can be used to estimate the 

biomass content of rubber and oil palm.   While in the second 
study, two models identified as the best models for estimating 
the above-ground biomass are AGB= 3880.406139 exp 
(0.25018479 HV) and AGB= 1022.270506 exp (-0.01144646 
HV2). The study concludes that ALOS PALSAR could be used 
to estimate above-ground biomass of tropical dry land forest 
providing quite small mean deviations (MD) of only 2.93% 

and 2.74% for the first and second equations respectively. 
Now we are engaging the on-going research on the use of SAR 
data for monitoring forest depletion in Jambi Province, 
Sumatera.   

Index Terms—ALOS PALSAR, K&C Initiative, secondary 
forest, rubber plantation, oil palm,  above-ground biomass. 

369 of 436

mailto:ins-jaya@cbn.net.id
mailto:ins-jaya@cbn.net.id
mailto:isoguchi.osamu@jaxa.jp


 

 

I. INTRODUCTION 

A. About Phase 3 reporting 
 

It had been known that JAXA successfully launched the 
Advanced Land Observing Satellite (ALOS) in January 2006, 
which carried three onboard sensors including the Phased 
Array type L-band Synthetic Aperture Radar (PALSAR), with 
the aim of day-and-night and all-weather land observation; 
The ALOS data had been examined for global environmental 
monitoring, including forest and wetland, and initiated the 
ALOS  Kyoto  and  Carbon  Initiative  (referred  to  as  “K&C”)  in  
2004.   This is the continuation of the Global Rain Forest and 
Boreal Forest Mapping (GRFM/GBFM) Project, which was 
successfully conducted using data from the Synthetic Aperture 
Radar on the Japanese Earth Resources Satellite-1 (JERS-1), 
and thematic products derived under K&C made available to 
the science community have been beneficial to gaining 
knowledge on environmental issues; The K&C Phase 2 was 
completed on January 23, 2010, and ALOS ceased its 
operation in May 12, 2011.  The JAXA then initiate K&C 
Phase 3 in August 2011 using ALOS archived data.  
For the ALOS K&C Phase 3, the IPB had been join in the 
collaboration for the purpose of applying ALOS PALSAR for 
Above Ground Biomass: Estimation in several types of 
wetland vegetation (peat swamp, swamp and mangrove), dry 
land forest and plantation forest in Indonesia; Research 
collaboration between The Japan Aerospace Exploration 
Agency (JAXA) and Bogor Agricultural University (IPB) on 
The Alos Kyoto and Carbon Initiative phase 3, had been 
started since 2011.   
 

II. DESCRIPTION OF YOUR PROJECT 
 

C. Objectives and relevance to the K&C drivers 
 

The studies were mainly implemented in Sumatera and 
Kalimantan forest area.   The studies performed are focused on 
two themes, i.e., 

a. The examination of ALOS PALSAR backscatter for 
tropical forest classification and biomass estimation 
in North Sumatera, Indonesia.   

b. Above Ground Biomass Estimation of Dry Land 
Tropical Forest Using ALOS PALSAR in Central 
Kalimantan, Indonesia. 

The goal of the project is to identify the role ALOS PALSAR 
data in supporting the K&C initiative: Conventions, Carbon 
and Conservation,  i.e.  the  three  C’s.   

 
The study objectives are: 

a. To identify the characteristic of backscatter of ALOS 
PALSAR in various type of tropical forest classes 

b. To develop a biomass estimation model for dry land 
tropical forest 

 

D. Work approach 
 
The project consisted of data pre-processing (noise 

reduction, backscatter calculation), ground data collection, data 
processing and analysis.   Data from third party such as 
comprehensive forest inventories were collected in 
collaboration with concession holder.  Additional ground 
survey for data validation and correction was also performed.     

 

III. RESULTS AND SUMMARY 
 

a. THE EXAMINATION OF ALOS PALSAR 
BACKSCATTER FOR TROPICAL FOREST 
CLASSIFICATION AND BIOMAS ESTIMATION7) 

Abstract: This study examined the relationship between 
backscatter magnitude of ALOS PALSAR images having 
several spatial resolutions (6.25 m, 12.5 m and 50 m) and 
variation of vegetation and forest variables.  The study was 
performed in secondary natural forest, Eucalyptus plantation 
forest, rubber plantation and oil palm estate crop in North 
Sumatera Province.   In radar image, since the variation of 
backscatter expresses the variation of texture of land cover 
being sensed, the study was focused to examine several stand 
and/or plantation variables that affect the variation of 
backscatter provided. The stand variables examined includes 
crown diameter, crown height, crown density, crown closure, 
stand density, tree diameter, basal area tree height, leaf area 
index, tree biomass for every size of tree (sapling, pole and 
tree levels).   The main purpose of this study 
was to identify the most significant factors that affect the 
magnitude of backscatter within each type of forest cover.  
The additional objective of this study is to develop biomass 
estimator model using backscatter derived from ALOS 
PALSAR.  The study found that the variation of forest or 
vegetation variables may affect the variation of 
backscatter.  For secondary natural forest, the study found that 
the stand variables giving significant influences on backscatter 
variations is the biomass volume and basal areas either for 
resolution 50 m x 50 m or 6.25 m x 6.25 m.  However, for the 
Eucalyptus grandis plantation forest, the magnitudes of 
backscatter is strongly influenced by stand height for 
resolution 50 m x 50 m; and stand density and crown closure 
for resolution 6.25m x 6.25m. For rubber plantation, the 
value of backscatter is strongly influenced by basal area tree 
diameter size (similar to natural forest) for resolution 50 m x 
50 m; and by biomass, crown area, dbh and tree spacing ratio 
for 12.5 m x 12.5 m.  The value of backscatter in oil palm is 
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influenced by crown diameter for resolution 50 m x 50 m and 
by tree height for 12.5 x 12.5 m.      The study also found that 
backscatter of ALOS PALSAR can be used to estimate the 
biomass content of rubber and oil palm.    
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Bogor, Indonesia. E-mail: ins-jaya@cbn.net.id 
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4) Gifu University, Japan  
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Abstract: In line with the framework of the Clean 
Development Mechanism and the REDD+ mechanism, 
estimating above-ground biomass with sufficient accuracy and 
in speedy manner, is increasingly important. This paper 
reports on the establishment of a statistical model to estimate 
above-ground biomass of tropical dry land forest from the 
backscatter of the ALOS PALSAR image. The ALOS 
PALSAR IMAGE recording, having a spatial resolution of 50 
m x 50 m, roughly coincided with the time of IHMB data 
collection performed by the concession company in Central 
Kalimantan. The image pre-processing includes conversion of 
DN to normalized radar cross section (NRCS), data stacking, 
data ratioing and data conversion. The best model was 
selected on the basis of statistical analysis and model 
validation. Two models identified as the best models for 
estimating the above-ground biomass are AGB= 3880.406139 
exp (0.25018479  HV) referred to as Eq-1.2 and AGB= 
1022.270506 exp (-0.01144646  HV2) referred to as Eq-2.2. 
The study concludes that ALOS PALSAR could be used to 
estimate above-ground biomass of tropical dry land forest 
providing quite small mean deviations (MD) of only 2.93% 
and 2.74% (less than 10%) and a good coefficient of 
determination of 56.9% and 59%, for Eq-1.2 and Eq-2.2 
respectively. The study also shows that HV gives better 
estimation than both HH and HH/HV.  For 1 x 1 image 
samples, slight improvements on coefficients of determination 
were obtained when the ALOS PALSAR images are 
preprocessed using 3 x 3 and 5 x 5 Lee Sigma filters.  The best 
AGB estimation would be provided by using 1 x 1 image 
sample size with 5 x 5 kernel size of Lee Sigma filter.   
This paper had been presented at the 3rd International 
workshop   on   “Forests in Climate Change Research and 
Policy: The Role of Forest Management and Conservation in a 
Complex   International   Setting”   in   Dubai   28   Nov   ~   2  
December 2012.  
 
Conclusion: 
 
From this study results, several derived conclusions: 

1) The above-ground biomass of dry land tropical forest 
could be estimated using backscatter of ALOS PALSAR. 
The best estimates are provided by HV backscatter with 
the following equation: 

AGB= 3880.406139 exp (0.25018479 HV), with R2 = 
56% and 

AGB= 1022.270506 exp (-0.01144646  HV2),  with R2 = 
59% 

2) Even though 50 m x 50 m spatial resolution of ALOS 
PASAR images contains noise (speckle), the use of 
images without speckle reduction is still relevant for 
providing accurate biomass estimation. The HV-
polarization would be more preferable for biomass 
monitoring than HH-polarization or HH/HV. 
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3) For ALOS PALSAR with 50 m x 50 m resolution, the 
most accurate estimation is provided by using an image 
sample plot size of 1 x 1 pixel. To reduce the speckle 
effect, it is also recommended to use 5 x 5 size of Lee 
filter. 

4) This findings also imply that the use of HH- and HV-
polarization is not all together recommended for 
estimating AGB with a stand condition similar to the 
study area of this research. 

 
 
 

IV. MISCELLANEOUS 
 
Figures 1a ~ c describe the relationship between biomass 

and ALOS PALSAR backscatter in dry land forest.  The 
estimation models obtained are as follows: 

 
1) Ln (AGB) = 8.2636951 + 0.25018479 HV,     or can 

be written to as  

AGB=   3880.406139   exp   (0.25018479   HV)   ….  
EQ-1  
 

2) Ln (AGB) = 6.9297814 + -0.01144646 HV2        or 
can be written to as 

AGB= 1022.270506 exp (-0.01144646 HV2) 
…….      EQ-2 

 
 

Figure 2 exemplifies the map of biomass created by using  
Eq-2.  

 
 

 
(a)                                                       (b)  

 
                                 ( c ) 
 

Figure 1. Scatter diagram describing the relationship between (a) AGB and HH, (b) AGB and HV and (c) AGB and HH/HV 
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Figure 2  Map of AGB created using Equation:  AGB= 1022.270506 exp (-0.01144646 HV2) 

 
 

V. ON GOING AND FUTURE WORK 
 
a. On-going research 

Currently, deforestation and forest degradation are the 
central issues highlighted by the regional and international 
community.  Deforestation and forest degradation are 
considered as one of the causes of global warming. The 
issue of deforestation and degradation is very strategic, due 
to their capability to absorb the emissions released into the 
atmosphere. 
In Indonesia, the Sumatera region had been suffering from 
serious deforestation and forest degradation.  Currently, we 
are conducting a study on monitoring the change in forest 
cover and land cover in Jambi Province (Sumatera island) 
during the period of 1990 ~ 2013.  During two decades, a lot 
of transition ecosystem was occurred.    The status of forest 
and land cover in 1990s will mainly analyzed using JERS-1 
data, while for forest and land cover in 2010s had been 
analyzed using ALOS PALSAR coupled with optical data 
and land cover maps.    The main objective of this study is 

to study the capability of SAR data for updating forest caver 
map and monitoring forest depletion.  

b. Future works 

Mangrove ecosystem is highly susceptible to change.  The 
pressure from land demand and excessive utilization of 
mangrove ecosystems may cause the increase of mangrove 
degradation.  In Indonesia, the extent of primary or intact 
mangrove is quite few; most of them are in degraded 
condition.  In our previous study, we found that degraded 
mangrove can  be  naturally recovered  if the sustainable 
forest management is applied in proper way.  When the 
growth rate of mangrove forests can be recognized 
correctly, then the restoration of damaged mangrove 
ecosystem would be successfully achieved.   To support the 
sustainable forest management of mangrove, 
comprehensive data either derived from terrestrial and 
remotely sensed data is required.  ALOS data availability 
both the optical and the radar will provide a very 
significant contribution in forest management.   Based on 
these considerations, the research that needs to be studied 
further are: 
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1) Study on identification of mangrove ecosystem using 
radar image 

Study on the use of radar image for estimating the carbon 
stock of mangrove 
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Abstract – In the semi-arid and arid zones of the world, 
water is a scarce commodity and operational monitoring 
with satellite imagery is a high priority for many 
governments. Current image acquisition and analysis 
protocols for mapping water in Australia only exist using 
optical platforms. This has largely been due to the lack of 
alternative satellite data covering the 7,682,300km² of the 
continent 70% of which is arid or semi-arid. ALOS 
PALSAR L-band data is used in the current study to 
detect inundation patterns and delineate six land cover 
types, including four vegetated wetland classes that can be 
derived from the 12.5m resolution data over an area of 
floodplain wetlands in the Murray-Darling Basin, 
Australia called the Paroo River. 

The successful inundation and broad wetland 
classification results using this imagery (>85% accuracy) 
illustrate the usefulness of using ALOS PALSAR data on 
its own. However, the 46 day repeat period was not 
adequate for characterizing all wetlands cover classes 
present in the study area as many are ephemeral in nature. 
The existence of the ALOS archive data as well as ALOS-2 
and TanDEM-L satellite imagery coming online in the 
near future,  presents an ongoing opportunity to use L-
band SAR to better understand flood recession patterns. 
In addition, we intend to further explore the use optical 
data interoperable with radar to obtain a longer time-
series of flood extent and  frequency-magnitude  events in 
order to  better characterize semi-arid wetlands.  

 
Index Terms—ALOS PALSAR, K&C Initiative, Wetlands 

Theme, Floodplains, Semi-Arid-zone, Australia. 

I. INTRODUCTION 
This project aims to develop regional scale SAR remote 

sensing methods for the  detection and mapping of floodplain 
wetland inundation events in the semi-arid zone of Australia. 

 
Freshwater availability is highly variable in semi-arid and 

arid zones of Australia. Rapidly expanding water resource 
development in the Murray Darling Basin (MDB) has 
impacted on natural flow regimes and the ecological integrity 
of many semi-arid or dryland rivers and their large floodplain 
wetlands . 

 
Increasingly Commonwealth Government   policies and 

requirements under the RAMSAR convention highlight the 
importance of identifying the extent and condition of wetlands 
and establishing the ecological character and dynamics of 
these systems for maintenance, management and 
environmental conservation. Time efficient and accurate 
remote sensing methods for detecting riverine flooding and 
floodplain wetland inundation are needed for application at a 
regional scale in Australia to address the following objectives: 

 
x the establishment of baseline data for rivers and wetlands 

in the MDB to identify priorities for conservation action 
and rehabilitation under the International RAMSAR 
Convention  

x to improve estimates of habitat availability for wetland 
dependent species and to identify species or habitats that 
require conservation. 

x to evaluate the carrying capacity of the land for agriculture 
and potential carbon storage 
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x To perform flood risk mapping for flood mitigation and 
Government emergency response  
 
SAR remote sensing is the obvious choice for carrying out 

catchment scale assessments and mapping of flood dynamics 
since it provides opportunities that are not possible using 
optical data, including data acquisition independent of cloud 
cover or daylight and potential for penetration of tree 
canopies, particularly in floodplain wetlands. 

 
The Paroo and Warrego Rivers in north-western New 

South Wales are two lowland river systems with extensive 
floodplain wetlands which are the focus for this research. Any 
attempt at mapping the flood regime and wetlands of these 
systems must account for the irregular cycling of water. Large 
floods flowed through these systems in 2010 and 2011.The 
catchments cover 7,400,224 and 6,290,533 hectares and both 
rivers are approximately 700km long. They are connected 
when in flood, and comprise a vast assemblage of braided 
channels, waterholes, swamps, claypans, mound springs, 
shallow freshwater lakes and salt lakes.  

 
A sub-area known as the Cuttaburra Basin was used in this 

study to investigate flood frequency and vegetation response 
(Figure 1).   

 

 
 
Figure 1. Map of study area showing a single date SAR image 
from May 2010 over the Paroo River (left) and the Cuttaburra 
Creek Basin, a large kidney shaped area of wetlands (far 
right). 

 
There are two internationally recognised RAMSAR sites 

along the Paroo River [1,2,] and numerous sites in the 
catchments designated on the Directory of Important Wetlands 
in Australia (DIWA). Any attempt at mapping the flood 
regime and wetlands of these systems must account for the 

irregular cycling of water. Large floods flowed through the 
Paroo and Warrego systems in 2009-2011. 

II. DESCRIPTION OF THE PROJECT 

A. Objectives and relevance to the K&C drivers 
 
     The objectives of the study are to image internationally 
recognized Ramsar wetland sites and investigate how these 
can be monitored using time-series satellite SAR imagery to 
detect flood events; examine the impacts of infrequent flood 
discharges on vegetation; determine water permanence or 
length of ground persistence after flooding and to investigate 
the impact of the frequency of flood events by obtaining a 
longer time-series of at least 2 or more years of data over a 
flooding period. 
 
     The 'hydroperiod' is a term used to describe the pattern of 
water fluctuations measured by the length of time a wetland 
holds water over a yearly timespan [3,4]. Overbank flooding 
of arid rivers creates inundation frequency gradients across 
floodplains (the hydroperiod) characterized primarily by 
different species of flora [5]. Hydroperiod is a useful concept 
for making regulatory decisions rather than simply mapping 
wetland size by identifying water extent on a single date. This 
will be investigated in a time series analysis in addition to the 
single date analysis of backscatter characteristics to classify 
wetland cover classes. In summary, the primary thematic 
drivers  of  investigation in relation to the K&C Initiative are 
to; 

 
� use ALOS PALSAR L-band for mapping and 

monitoring wetland distribution  in selected 
catchments in the MDB arid zone. 

� analyse the pattern of flood flows, duration and 
recession of surface water in these wetlands. 

� assess vegetation, soil and animal response to periodic 
flooding. 

� investigate the effect of environmental flows in semi-
arid  landscapes. 

B. Satellite data 
ALOS PALSAR Fine Beam dual polarization and single 

polarization modes were obtained through JAXA AUIG.  Level 
1.1 products were used with an Ascending Orbit and 34.3 
degree incidence angle. Landsat TM optical data have also 
been used to compare classification, and provide flood extents 
for dates previous to the ALOS launch.  Resampling and 
segmentation were investigated as ways to increase the data 
interoperability of this SAR and Optical data for analysing 
flooding patterns across the landscape. 

C. Ground data 
Surveys of vegetation classes were carried out across the 

whole study area for randomly selected segments [6]. 
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D. Work approach 
A time-series of 8 dual polarization (HH/HV) L-Band 

SAR images with 42 day intervals was obtained from the 
Japanese Advanced Land Observing Satellite (ALOS) from 
2009 to 2010 during a La Nina Oscillation. It was possible to 
study the hydroperiod for many semi -arid and  arid wetlands  
in Central Australia due to extensive flooding during this time 
period.  

 
(a)  Mapping flood extent 
Previous research has been carried out with success using 

SAR for flood mapping in semi-arid Australian wetlands [7] 
when it was imperative to use an alternative data source to 
optical imagery in the presence of heavy cloud cover. 

 
Mapping the frequency of flooding over time using ALOS 

PALSAR data, particularly over a period encompassing major 
floods , is a useful exercise to determine the ephemeral nature 
of different wetlands, and to assure maximum flood 
boundaries without cloud interference that is a common 
occurrence when using optical data. (See Figure 2). 

 
      (b)  Single image segmentation and classification using 
thresholding and field data 
     A multi-resolution segmentation algorithm was applied to 
the radar data within eCognition Developer and a segment 
merging algorithm joined segments with a standard deviation 
<1.1. Field data during the flood at the time of image 
acquisition were collected to test field characteristics of 
flooded areas in the creation of a backscatter model of flooded 
surface cover types. 
 
    Classification methods for identifying flooded cover types 
were developed using ENVI and eCognition. Field surveys 
provided verification of the land cover and flood status for 140 
sites across the study area. These surveys took place within 5 
to 28 days from the May 2010  image acquisition. Data were 
collected identifying the flooded class and flood depth. The 
mean backscatter and standard deviation statistics were 
extracted from half (70) of the survey site segments, and 
backscatter thresholds for flooded classes were developed. 
The classes most important for flood mapping in this area are 
open water, flooded forest, flooded claypans, and flooded 
swamplands. The remaining 70 survey sites were used to 
assess classification accuracy. (See Figures 3 and 4). 
 

(c) Change detection 
     Change detection was carried out to provide an additional 
layer   to   aid   classification   of   flooded   areas.   A   ‘bust’   (dry) 
image   from  October   2009   and   the   ‘boom’   (wet)   image   from  
May 2010 were used. This method was deemed possible with 
dates from one to six months apart since any vegetative 
growth (leaves, herbs or grass) that could possibly occur 

during this time would not cause significant change in the L-
band images due to the 23cm wavelength. Thus, any change 
was likely due to flooding. Areas that were flooded on both 
dates (e.g. permanent river waterholes or dry sand) would 
show minimal change. The wet threshold image and the 
change image were then combined to try and extend 
classification accuracies. 
 
    Individual pixel change detection is not effective with raw 
SAR imagery due to speckle. Therefore, multi resolution 
segmentation was applied to the wet and dry images 
separately, with a scale factor of 14, a shape parameter of 0.2, 
and a compactness parameter of 0.7 to ensure small segments 
and low within segment variation. Each pixel within a 
segment was then assigned the segment mean. We then 
subtracted (pixel to pixel)   the   raster’s   to   produce   the   change  
image.   The   output   raster   was   a   mean   dB   of   ‘change’  
representing either a decrease or increase of backscatter, with 
no change equal to zero. 
 
    Classification was carried out using the same field validated 
thresholds of the SAR data as in 3.1, with additional 
thresholds of mean positive or negative dB of change, 
extracted from the same sample segments for each cover class. 
(See Figures 5 and 6). 

III. RESULTS AND SUMMARY 
 
    Figure 2 below show the hydroperiod map of flooding in 
the Cuttaburra Basin over the 2009-2010 time period involved. 
The darker  blue shaded areas indicate section of the rivers and 
streams where water stayed in the channels and claypans for 
longer period of time. More work is needed to determine the  
actual  pattern of flood recession. 
 

 
 

Figure 2. Flood extent using the ALOS PALSAR data 
 time- series of 8 images across the study area in  
2009-2010, overlayed on a SAR-HH image from  
May 2010. 
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Figure 3 shows the  SAR HH and HV backscatter spectral 

curves derived  from a dual polarization image from 20 May 
2010 and used in developing the wetland classification shown 
in Figure 4.  
                

 
 
Figure 3. SAR HH and HV backscatter measured (dB) for 
different wetland types using a dual polarization image from 
20 May 2010.      
 

 
Figure 4 Single image classification of the Paroo River (left) 
and the Cuttaburra Creek Basin. 
 

       Based on the 60 sample sites, backscatter thresholds for the 
flooded   classes   were   developed   (Table   1).   The   ‘flooded  
swamp’class was the only class that overlapped the other 
classes with its backscatter range in the HH channel. 
 
 Table 1. Field verified class thresholds from SAR data 
Class Band Min mean db Max mean db 
Flooded 
forest 

HH -15 -3 
HV -20 -15 

Wet  
claypan 

HH -26 -16 
HV -32 -27 

Flooded  
swamp 

HH -22.5 -7.5 
HV -27 -16 

Open  
water 

HH -32 -16 
HV -33 -38 

 
     Spectral separability analysis using the Jeffries-Matusita, 
Transformed Divergence algorithm in ENVI showed that the 
highest pair separation (1.999) was between open water and 
flooded forest (Table 2). The lowest pair separation was 
between flooded forest and flooded swamp as the range of 
backscatter values in these classes overlapped significantly. 
 
Table 2. Separability of classes based on 60 field sites 

 Pair Separation  (least to most) 
flooded forest and flooded 
swamp 

1.10916863 
 

open water and wet claypan 1.25699161 
 

flooded swamp and wet 
claypan 

1.76260024 
 

open water and flooded 
swamp 

1.96732707 
 

flooded forest and wet 
claypan 

1.99994306 
 

flooded forest and open water 1.99999997 
 

    
    Classification of open water, flooded forest, and wet 
claypans was possible with high accuracy (>85%). 
 
   During the development of a classification rule set using 
the backscatter thresholds, flooded swamp was not able to be 
reliably differentiated from some areas of flooded forest as 
well as areas in the surrounding dryland herbaceous and 
woody vegetation due to their similar backscatter 
characteristics. As a result, flooded swamps were not able to 
be classified using  a single SAR image. 
 
     In order to produce a classified flood map, additional data 
were needed to classify the flooded swamps, and the data 
generated in the following section using change detection 
proved to be beneficial.   
 
 
. 
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Figure 5. Change image representing the difference in mean 
segment backscatter between October 2009 and May 2010. 
 
   The range of change in backscatter for flooded swamps 
and forests was obtained from the difference by extracting the 
mean change for each sample segment of that class (Table 3). 
There are two conditions for flooded forest due to the 
semipermanent water in the main Paroo river channel causing 
minimal change in the flooded forest backscatter in those 
areas.  
 
Table 3. Change 
 
Class Min change db Max change 

db 
Water Status 

Flooded forest -1.1 -0.35 Semi 
permanent 

-7.1 -5.23 flooded 
Flooded 
swamp 

-5.23 -1.1 flooded 

 
     This data was used to assign unclassified segments as 
‘flooded   swamp’   if   they   satisfied   the   decision   rules   created 
using the thresholds from table 1 and 3. The output classified 
flood map can be viewed in Figure 6 
 
 
 
 
 
 

           
Figure 6  Classification of sub-area of the Cuttaburra  Basin 
showing delineation of the flooded swamp areas obtained by 
using the change image and the 20 May 2010 dual pol-image.   
                   
 
                    IV. SUMMARY AND DISCUSSION 
 
     This research confirms L-band HH/HV ALOS PALSAR 
radar data can be used operationally to map flooded riverine 
forests  in arid areas as well as shallow flooded claypans and 
open water bodies. 
 
      To identify and delineate flooded swampland, which is a 
significant   proportion   of   this   landscape,   an   additional   ‘dry’  
SAR image is required in order to infuse 'change' into the 
classification process. 
 
     There is high accuracy for open water and wet 
claypans(>85%). Flooded forests have a high (94.48%) 
producer’s   accuracy,   however   the   user’s   accuracy   is   lower  
(81.27%) due to some flooded forest samples being classified 
incorrectly as flooded swamp and dry land. This is likely due 
to individual trees located in swamps producing higher 
backscatter and thus elevating the swamp values to that of 
flooded forest status, which in fact would be true. Swamps in 
arid to semi-arid areas are rarely homogenous in nature and 
they often have lone trees growing amongst woody and 
herbaceous ground cover.  
 
      This demonstrates a limitation of the translation from field 
data samples to corresponding segment means, and then 
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classes. However, it can be argued that the lone trees in 
swamps  are  in  fact  part  of  the  ‘flooded  swamp’  class  as  well  
as the flooded forest class and are mapped satisfactorily for 
flood mapping purposes. The more important incorrect 

classification is of flooded forests to dry land. This could be 
due to the time difference between the image acquisition and 
surveys  as well as rising flood levels and local rainfall events. 

Since the area is very large and difficult to travel around 
during floods (no sealed roads) it was impossible to survey all 
locations in a timely manner. 
 
     Flood inundation was difficult to detect in swamps using 
thresholding alone. This may be due to many different 
variables such as moisture in the soil, water level, micro 
topographic relief, or low woody vegetation. Increased surface 
roughness from herbaceous or woody vegetation or woody 
debris has the potential to reduce the usual enhanced 
backscatter from moisture through increases in diffuse 
scattering at the surface . Also, dryland areas with similar 
backscatter to the flooded swamps may have minimal micro 
relief (such as smooth sandy areas or clay) or woody debris, 
which would reduce diffuse scattering, and at the same time if 
rain has occurred there would be an increase in backscatter 
due to moisture in the soil. To tease out exactly what variables 
are causing changes to the backscatter signal, more in-depth 
research is required. Another approach could be to add smaller 
wavelength data such as X-band to obtain backscatter 
information on the finer herbaceous vegetation within wetland 
environments. 
 
      It is important to note that this was a period  of  ‘wet’  floods 
where high rainfall in the upper catchments  caused flooding 
downstream at the same time as local rainfall events. The 
other possibility is for a  ‘dry’  flood where there is no rainfall  
locally, but the rivers flood from rainfall north. During May 
2010 there was significant rainfall across the catchment, 
though there are only a few government rainfall gauges in the 
700km of river catchment so it is difficult to know what areas 
of dryland in fact were wet.  
 
       The methods used in this investigation proved suitable for 
mapping flooding on arid floodplains in  Central Australia.  
However the incorporation of other datasets may yield 
information for gaining higher classification accuracies for the 
flooded classes.  
 
                        V.   FUTURE RESEARCH 
 
Quad polarized (HH/HV/VH/VV) SAR data as well as 
RapidEye optical data was obtained over the same area. This 
will be incorporated with elevation data and Landsat Foliage 
Projective Cover in an ongoing investigation examining more 
detailed wetland classes within the already mapped flooded 
classes. Minimum Noise Fraction (MNF) analysis of the time  
series is proving to be helpful already and other image 
transforms will be compared. More detail on flooding regime 

can help identify habitat for particular species and high 
conservation value areas . 
 
       A predictive model for flooding in these wetlands is a 
longer term goal after the ALOS-2 satellite mission data 
becomes available. ALOS-2 has a shorter repeat pass orbit of 
14 days and a life of 7 years, with higher resolution and lower 
noise equivalent sigma zero (NESZ) to ALOS. The 
availability of frequent L-band SAR data is essential for the 
successful future of monitoring water movement over the 
Australian semi-arid continent. 
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Abstract—Mangroves are one of the most carbon rich systems in 
the world, but their landscape is rapidly changing. Using ALOS 
PALSAR 25 m mosaics, we aimed to develop methods to monitor 
changes in mangrove cover and biomass in 5 regions in Africa 
and the Americas. Our analysis showed that over the 07-10 
timeframe, there was little change in mangrove area in 
Neotropical mangroves but significant changes in areas adjoining 
the mangroves. In West Africa, we were able to detect changes in 
mangrove areas, particularly in the Niger Delta Region, where 
there was some clearing and degradation. This project was 
carried out in collaboration with the Global Mangrove Watch 
project and more extensive analysis of the change data is 
presented as part of that project and confirming that L-band 
SAR is well suited for change analysis in mangrove forests.  

Index Terms—ALOS PALSAR, K&C Initiative, Mangroves, 
Land Cover Mapping, above-ground biomass,  

I. INTRODUCTION 

A. Importance of Mangrove Ecosystems 
Mangrove forests are among the most rapidly changing 

landscapes in the World. Theses changes have strong impacts 
on regional, continental and global biodiversity and 
biogeochemistry [1]. Despite significant research in these 
ecosystems, much remains unknown about the distribution, 
structure and quality of mangrove forests. Moreover, given the 
increasing anthropogenic pressure to mangrove forests there is 
a need to better understand the changes affecting mangrove 
forest cover, structure and health. Because mangrove 
ecosystems are often located in regions under constant cloud 
cover, polarimetric Synthetic Aperture Radar (SAR) data, such 
as the data acquired by the Advanced Land Observing Satellite 
(ALOS) Phased Array L-band SAR (PALSAR) instrument, is 
the best source for all weather land cover change mapping. 
Furthermore, it has been shown that at L-band (23 cm 
wavelength) SAR data, such as PALSAR is well suited for 

assessing mangrove aboveground biomass and structure 
(Lucas, 2007). In fact, SAR data have been increasingly used 
for local to regional mangrove characterization, mapping and 
monitoring, with L-band SAR being particularly useful [3] and 
[4].  Compared to higher frequency X- and C-band SAR, 
microwaves emitted at L-band have a greater ability to 
penetrate the forest canopy and interact with the larger 
components (branches, trunks and above ground roots) of the 
mangrove forests [2].   

Despite their importance, no systematic maps of mangrove 
change at regional to global scales currently exist. For regional 
assessments, the use of moderate (< 30 m) spatial resolution 
optical (e.g., Landsat) data has been demonstrated and 
generally advocated [5],[6].  However, routine detection of 
change has proven difficult, partly because persistent cloud 
cover in the tropics prevents regular observation. A system 
that combines SAR and optical data for routine mapping of 
mangrove condition, change and carbon storage is needed to 
support current and future conservation, natural resource and 
climate change adaptation and mitigation decision-making 
activities. The aim of this research, was to investigate the 
combination of optical and SAR datasets to produce forest 
structure and change maps in mangrove regions.  

Using the 25 m mosaics generated and distributed by 
JAXA through the Kyoto and Carbon (K&C) initiative [7] in 
conjunction with optical and Interferometric SAR data from 
the NASA Landsat and SRTM missions, the forest structure 
and change in mangrove forests in Africa and the Americas 
was investigated within the 2006-2010 time period.  More 
specifically, the goal of this investigation was: 

1) Detect annual mangrove cover and change maps for 
regional sites in the Americas and Africa for the PALSAR era 

2) Produce mangrove tree height maps in the regional 
field sites 
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3) Asses mangrove biomass and changes in biomass 
from the fusion of the K&C mosaic data, field measurements 
and height maps.  

 

II. DESCRIPTION OF YOUR PROJECT 

A. Objectives and relevance to the K&C drivers 
This project relates to the original “thematic drivers” of the 

K&C Initiative:  
• International Conventions: the data products of land cover 

and change, forest height and biomass are  crucial for the 
UN Reduced Emissions from Deforestation and 
Degradation (REDD) initiative, the UN Blue Carbon 
Initiative and the Ramsar Convention as they provide 
background and repeat data needed for the MRV 
(Measuring, Reporting and Verification) process.  

• Carbon cycle science: The proposed data products will 
greatly improve current estimates of carbon storage in 
forest and coastal ecosystems.  

• Environmental Conservation: the proposed products will 
also help in determining high conservation priority areas 
based on threats to and the health of the forest. 

This project is also directly related to the JAXA Global 
Mangrove Watch, which aims to produce global maps of 
mangrove cover change between from the mid-90’s to late 
2000’s by analysing L-band SAR Data from JERS-1 SAR and 
PALSAR mosaic datasets.  

B. Work approach 
As part of the K&C phase 3 project, we selected 5 main 

sites for remotely sensed and field data analysis. The sites 
were: 

• Gulf of Mexico (Yucatan Peninsula, Mexico; Florida, 
USA)  

• Central American Pacific Coast (Gulf of Fonseca, 
Honduras; Sierpe, Costa Rica)  

• Caribbean Coast of South America (Cienaga Grande de 
Santa Marta, Colombia; San Juan estuary,  Venezuela)  

• Gulf of Guinea (Togo-Benin-Nigeria Lagoons)  
• Mozambique (Maputo Bay, Zambezi Delta)  
These sites were selected based on previous experience and 

field data collection in the region, relative importance of the 
mangrove ecosystem and remotely sensed datasets available 
and are shown in figure 1. These mangrove systems were also 
chosen for the importance in terms of biodiversity, ecosystem 
function, local-regional livelihoods and landscape change, as 
well for their locations across distinct yet representative 
regional and bio-geographic contexts. 

 
Figure 1 location of the 5 main sites selected for the mangrove 
land cover and structure analysis. Site 1: North America and 
Gulf of Mexico; 2: Pacific Coast of Central America; 3: 
Carribean Coast of South America; 4: Gulf of guinea, West 
Africa and 5: Western Indian Ocean  

Field data were collected in Mozambique, Costa Rica, 
Republic of Benin and Mexico. The field datasets ranged from 
geo-tagged photographs to forest inventory plot measurements 
of biomass. The new field measurements in Mexico and Costa 
Rica were collected as part of the NASA Land Cover Land Use 
Change Program funded project entitled “Mangrove 
Vulnerability Mapping of the Americas” (PI M. Simard) in 
collaboration with CONABIO (National Commission for 
Knowledge and Use of Biodiversity) in Mexico. In Costa Rica, 
the field data collection sites coincided with high resolution L-
band data collection from the UAVSAR (Uninhabited Aerial 
Vehicle Synthetic Aperture Radar) in 2013 and P-band 
EcoSAR instruments in 2014.   

In addition to field measurements of forest structure and 
biomass, we also used mangrove height data products derived 
from Shuttle Radar Topography Mission (SRTM) datasets [8], 
[9], [10]. Land cover maps provided by CONABIO and 
produced as part of the LCLUC project were also used as 
ancillary datasets for validation of the ALOS/PALSAR change 
detection methods.  

 

C. Satellite data 
For all 5 sites, ALOS PALSAR 25 m mosaic data were 

provided by JAXA through the K&C Initiative. The data was 
previously calibrated and orthorectified and did not require any 
pre-processing. We used ENVI software to open and analyse 
the datasets. Both HH and HV bands were used and stacked for 
further analysis. The K&C product is created from the 
ascending path globally [11].  In addition to the PALSAR 
mosaics, we also used SRTM, GLAS and Landsat data for 
validation, calibration and data fusion. 

In forests, including mangroves, there is a positive 
relationship between measured backscattering coefficients σ0 

and aboveground biomass. However this relationship only 
exists up to a threshold biomass value after which the 
backscattering coefficient saturates. The threshold is 
dependent on the polarization and wavelength of the radar 
signal. In mangroves, P-band frequency and HV polarization 
has been found to have the highest sensitivity to biomass, with 
a saturation level of 160 Mg ha-1, followed by L – HV (140 
Mg ha-1) and C-HV (70 Mg ha-1) [12], [2]. Because mangrove 
aboveground biomass often exceeds the threshold of 140 
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Mg/ha that is measurable using backscatter alone, other 
techniques, combining datasets from multiple sensors, as we 
did with PALSAR, SRTM and Landsat, provide more accurate 
biomass results.  
 
D. Change detection and biomass estimation 

For change detection, we used the PALSAR data for years 
07, 08, 09 and 10. Both HH and HV bands for all 4 years 
were stacked into a single image, to generate a multiyear 
image illustrating change in mangroves.  

E. Ground data 
The ground data for Mozambique was previously published 

and made available as part of Fatoyinbo et al, 2008.  

III. RESULTS AND SUMMARY 
Analysis of the 2007-2010 PALSAR data was able to detect 

some changes in mangrove areas and their surroundings. From 
the 5 main sites evaluated, mangroves significant decreases in 
area and biomass in West and Eastern Africa. In the Americas 
sites, we did not find large decreases in mangrove areas, which 
is surely due to the fact that the sites we selected (Gulf of 
Fonseca, Terraba Sierpe, Yucatan, etc.) are actively protecting 
mangrove areas. In West Africa, particularly in the Niger Delta 
region, we were able to detect what appears to be degradation 
of the mangroves, particularly around urban areas and oil 
pipelines (figure 2). 
 

 
 

Figure 2. Mosaic of KC PALSAR scenes covering the Gulf of Guinea, West 
Africa (R: HV 2007; G: HV 2009; B: HV 2010). The zoomed region shows 
urban areas with mangrove degradation and clearing between 2007 and 2010 

in red and some areas of regrowth in blue. 

 
Figures 3 and 4 show mangrove areas in the Yucatan 

Peninsula and Gulf of Fonseca regions in North and Central 
America. Both of these regions previously experienced very 
intense conversion of mangrove forest for urbanization and 
agricultural development and the remaining mangroves are 
now protected. 
 

 
Figure 3. Showcase of the PALSAR 25m mosaic for the Yucatan Peninsula. 

The central image shows an RGB stack of 2007-2009-2010 with a zoom insert 
on the southern peninsula. On the left, non-mangrove areas were masked 

using a 2000 baseline mangrove map (Giri et al, 2011) in order to check for 
changes in mangrove areas alone. We distinguished changes in agricultural 

areas but not within mangroves. 

Although large areas of mangrove change were not 
detected, annual changes in the adjoining agricultural areas are 
clearly shown in red and blue colouring. More extensive 
mapping and analysis of change on a global scale were carried 
out as part of the Global Mangrove Watch (GMW), another 
K&C Initiative project lead by R. Lucas [14]. In Summary, our 
analysis showed that the ALOS PALSAR mosaics are well 
suited for change detection in mangroves and surrounding 
vegetated areas. 

 
Figure 4 Showcase of the PALSAR 25m mosaic for the Gulf of Fonseca. The 
central image shows an RGB stack of 2007-2009-2010. Mangrove forests are 
outlined in Green. As with other regions in the Neotropics, we distinguished 
large changes in agricultural areas but not within mangroves 
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New Tree height maps for the 2000 era were produced for 
the Terraba Sierpe in Costa Rica, Gulf of Fonseca, Honduras 
/Nicaragua/El Salvador and Yucatan Peninsula, Mexico using 
SRTM data (fig 5). The comparison of PALSAR Radar 
Backscatter with forest height and biomass is still being 
analysed and different techniques, such as averaging of 
multiyear data to remove noise levels and increase the 
maximum biomass that can be measured are being 
investigated.  

 
 

Figure 5. Forest height map developed from SRTM data in the Terraba 
Sierpe mangrove forests, Costa Rica. Combining the InSAR tree height maps 
with PALSAR data will permit better estimation of medium to low biomass 

areas with higher resolution. 
 
In conclusion, the Kyoto and Carbon Mosaic Datasets are 

well suited for change analysis in vegetated areas, especially 
tropical regions where cloud cover significantly hinders the use 
of optical data for landcover mapping. Future activities would 
include more detailed analysis of the biomass measurements 
and expansion of the change detection to take into account not 
only past datasets available from JERS and ALOS, but also the 
upcoming ALOS-2 sensor, slated for a May 2014 launch.  
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Abstract — The Brazilian Pantanal, the largest pristine 
tropical wetland in the world, is an ecosystem of high 
biodiversity. This biodiversity is largely supported by the 
dynamic hydrology and landscape of the region. As part of the 
mosaic of this unique landscape, there are a variety of 
geochemically diverse lakes in the Lower Nhecolândia (LN) 
sub-region. The goal of this study was to provide an inventory, 
spatial distribution, surrounding landcover characteristics, and 
altitude of the saline lakes of the LN region, and to use that 
information to further add to the hypotheses on lake 
formation. To accomplish this, we made use of: (i) the spatial 
lakes distribution and surrounding landcover from a 
classification product generated from a combination of fine 
spatial resolution L-band ALOS/PALSAR, C-band Radarsat-
2, and Envisat/ASAR; (ii) in situ measured lake water 
geochemical properties to ascertain the lake’s type; and (iii) a 
pre-processed regional Shuttle Radar Topography Mission 
(SRTM) digital elevation surface to estimate elevation of the 
lakes and surrounding landscape. With an accuracy of 98%, 
we found that the LN sub-region has 702 salinas and 8,217 
baias. The landscape has a low slope gradient (0.33 m/km +/-
0.06) and is gently undulating with the surface of the salinas 
at a lower elevation (1.3 m +/- 0.3m) than the baias, the 
salinas are typically surrounded by a mound of higher 
elevation (cordilheiras 3.3 m +/-1.5), and the salinas are 
clustered and rarely occur in highly flood-prone regions of the 
LN whereas the baias are broadly distributed and have a 
higher occurrence on grassy land and flood prone areas.  The 
combination of the regional scale spatial data and associated 
geochemistry of lakes suggests that the geomorphological 
characteristics of the region, and consequent undulating 
terrains, create groundwater divides and groundwater-sheds 
that can develop local and regional flow systems and lead to 
closed (salina), semi closed (salitrada), or open basins (baia), 
and therefore lakes with different geochemistry. The 

mechanisms responsible for the formation of the diversity of 
lakes in the region is likely due to combination of a isolation 
from ground water/surface water recharge, evaporation, 
episodic flushing, and biogeochemical processes in the lake’s 
watersheds 

Index Terms—ALOS PALSAR, K&C Initiative, Wetlands 
Theme, Pantanal, wildlife and lakes habitats. 

 

I.  INTRODUCTION 
The Pantanal wetland in South America is one of the 

world’s   largest   wetlands (Nunes da Cunha & Junk, 2011), 
covering about 160,000 km2 in Brazil, Bolivia, and Paraguay 
(Junk et al., 2011). This wetland occupies a Late Tertiary 
sedimentary basin filled by several alluvial fans and the 
sediments are dominated by quartzose sands (Almeida et al., 
2011). It is also a relatively pristine area (large-scale 
development plans are still rare) and sustains a high degree of 
biodiversity (Junk et al., 2006). This biodiversity is largely 
supported by the dynamic hydrology and the diversity of 
landscape   (Junk   et   al.,   2006).   Hydrologically,   the   Pantanal’s  
flood regime is mostly influenced by river discharge, 
specifically by the upper Paraguay River and its tributaries, 
and consists of a unimodal flood pulse that varies spatially 
(extent of the flood) and temporally – the annual flood pulse 
can come early or late, and either strongly or weakly 
(Hamilton et al., 1996; Golcalves et al., 2011). The landscape 
is generally characterized by unique plant diversity (Pott & 
Ratter, 2011), and supports vast areas of both terrestrial and 
aquatic plants (Junk et al., 2006). There is also a significant 
spatial diversity at regional scales (Pott & Ratter, 2011).  

 
Within the Pantanal, the Lower Nhecolândia (LN) sub-

region has the greatest wildlife species abundance and richness 
because of its landscape heterogeneity (e.g., Medri & Mourão, 

389 of 436

mailto:maycira@uvic.ca
javascript:GlobalCompose(%22tomasw@cpap.embrapa.br%22)


 

 
 

2005; Tomas et al., 2001). In this region, one distinctive 
feature is the thousands of geochemically diverse lakes, 
generally called salinas and baías (Barbiéro et al., 2002; Costa 
& Telmer, 2006; Almeida et al., 2009; Evans and Costa, 
2013). Saline lakes (salinas) are used by animals as a plentiful 
source of dietary minerals (Nunes da Cunha & Junk, 2001). 
Freshwater lakes generally have higher flora and fauna 
diversity than salinas, since the chemical composition of the 
latter essentially limits its ecology to extremophiles that thrive 
in highly saline and varying conditions (Almeida et al., 2011; 
Nogueira et al., 2011). Freshwater lakes can also support 
floating mats of vegetation, which are important as habitats for 
many species (Pott & Pott, 2011). In the Nhecolandia, 
degradation is mostly related to cattle ranching, and 
encompasses conversion of natural habitats to cattle pasture 
through deforestation, fire management practices, and human-
induced changes of the hydrology/hydrogeology (Alho, 2008; 
Almeida, 2011; Seidl et al., 2000). As is becoming more 
evident, hydrogeology plays a strong role in the geochemistry 
of the lakes. When in the field, the authors witnessed the 
results of conversion of lake habitats (both baías and salinas) 
into pasture land to increase cattle ranching area. This may be 
a more common practice than documented; it has also been 
observed by Almeida (2011), but has otherwise not been 
extensively studied.  

 
The origin of these lakes, especially the salinas, has been 

hypothesized by various authors. Initially, a common 
hypothesis was that salinas were deflation surfaces between 
sand dunes during the arid Pleistocene. The current hypotheses 
state the cause of their formation to be an increase in salt 
concentration through continuous evaporation and 
hydrological isolation from surface flow, since the salinas 
waters are from the same chemical (Barbiéro et al., 2002; 
Furquim et al., 2010) and isotopic families of the rain waters 
(Almeida et al., 2010). Further isolation from sub-surface flow 
has been hypothesized by a combination of biogeochemical 
processes and the presence of a low-permeability layer, 
increasing the isolation from sub-surface flow (Barbiéro et al., 
2002; Almeida et al., 2011; Furian et al., 2013).  It is known 
that salinas are generally surrounded by slightly higher 
elevation (1.0-5.0 m) populated with dense vegetation, mostly 
forest and shrub, called cordilheiras, and are thus protected 
from surface water flow most years, but not all. In contrast, 
baías show various degrees of connectivity with the 
surrounding landscape, and are much less isolated from 
surface water flow by higher elevation (Sakamoto, 1996; 
Almeida et al, 2009; Fernandes, 2007). The scale of the 
majority of these lake studies in the LN of the Pantanal have 
generally been more limited to specific local regions, often on 
or adjacent to a farm. This specificity does not reveal the 
distribution and the diversity of lakes across the LN at a 
regional scale.  Accurate, ground-proofed spatial distribution 
of the diversity of lakes of the LN was only reported recently 

(Evans & Costa, 2013), and is key information for the 
understanding of lake formation, temporal changes, 
anthropogenic changes, and for understanding and therefore 
protecting important wildlife habitats.    

 
The goal of this study was to provide an inventory, spatial 

distribution, surrounding landcover characteristics, and 
altitude of the saline lakes of the LN region in the Pantanal, 
and to use that information to further add to the hypotheses on 
lake formation. To accomplish this, we made use of: (1) the 
spatial lakes distribution and surrounding landcover from a 
classification product generated from a combination of fine 
spatial resolution L-band ALOS/PALSAR, C-band Radarsat-
2, and Envisat/ASAR imagery (Evans & Costa, 2013); (2) in 
situ measured lake water geochemical properties to ascertain 
the  lake’s  type;;  and  (3)  a  pre-processed regional Shuttle Radar 
Topography Mission (SRTM) digital elevation surface 
(Valeriano and Rossetti, 2012) to estimate elevation of the 
lakes and surrounding landscape. With this set of data, we 
provide unique information and discussion on the formation 
and the spatial distribution of the salinas, the elevation of the 
salinas in relation to the baías, and the elevation of their 
surrounding landscape units (cordilheiras). 

II. DESCRIPTION OF YOUR PROJECT 

A.Relevance to the K&C drivers 
The primary goal of this research is to define on a regional 

scale the distribution of the variety of lakes in the Nhecolândia 
sub-region and their relationship with the surrounding 
landscape and wildlife habitats. We used the radar-based 
derived information to further add to the understanding of lake 
formation, a unique and important habitat for wildlife in the 
Pantanal. The following are the specific objectives: 

1. Define lake geochemistry based on in situ data 
2. Apply an object based image analysis (OBIA) 

classification to map lake geochemistry; 
3. Apply spatial analysis techniques to define spatial 

distribution of geochemically different lakes and 
surrounding landscape;  

4. Areas preferentially used by the marsh deer, 
importance of lakes for marsh deer, and to define 
corridors and connectivity for conservation areas; (on-
going) 

 
Objectives 1, 2, and 3 have been accomplished, and we are 

presently merging wildlife data with the map of lakes and 
surrounding landscape. Objective 4 is delay due to issues with 
data about wildlife distribution. We are working on this part of 
the project. 

The stated objectives are focused on providing quantifiable, 
accurate data for the purposes of improving management 
strategies of wildlife habitat, and threats to which these habitats 
are exposed to, in the Pantanal. The outcomes are directly 
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related to at least two  “thematic  drivers”  of  the  K&C  Initiative  
to support Conventions and Conservation. 

 

B.Work approach 
 
  Study area 
The Lower Nhecolândia subregion (8,220 km2 in area) is 
bordered by the Taquari River to the north and the Negro 
River to the south (Figure 1). The LN is on the southern part 
of the Taquari River alluvial fan, the largest fan in the 
Pantanal sedimentary basin (Zani et al., 2012), and is 
characterized by a sandy quartz  soil cover (Sakamoto, 1997). 
Topographically, this region is characterized by a low slope 
(less than 1%), with a gradient larger in the east-west (altitude 
from 140 - 80 m) direction than the north-south (altitude from 
100 - 80 m) gradient (Fernandes, 2007; Goncalvez et al., 
2011), and a slightly higher altitude than other parts of the 
Taquari fan due to sediment accumulation (Zani et al., 2012).  
Hydrologically, the region presents a monomodal flooding 
cycle, with high waters occurring from February to April, and 
low waters from August to November, following the 
precipitation regime of the Taquari River (Hamilton et al., 
1996; Goncalves et al., 2001; Fernandes, 2007). The Taquari 
River is approximately 310 km long with an east-west 
orientation from its headwater to the Paraguay River. The 
flooding in LN follows a northeast-southwest temporal pattern 
(similar to the topography), beginning as precipitation starts in 
the Taquari River’s headwater (Fernandes, 2007). The Negro 
River, bordering the south of Lower Nhecolândia, also has 
generally east-west orientation from its headwaters to its 
confluence with the Paraguay River, where it forms a large 
swampy  area  locally  called  the  “Pantanal  do  Negro.”  Figure  1  
(inserts) shows that the discharge of these three rivers, 
Taquari, Negro, and Paraguay, are moderately out of 
synchrony, with the Paraguay being the most asynchronous 
due to upstream influences. The Taquari River exhibits 
maximum discharge in January to March, causing flooding in 
the LN region at that time.  The flooding in this region is 
generally classified as low to medium height (about 0.5 m and 
not uniformly spatially distributed) and short to medium 
duration (about 19-30 days) (Golcalves et al., 2011). The 
driest season is from August to September, when the lack of 
rainfall and infiltration cause the discharge of the Taquari 
River to follow a classical exponential curve for a 
hydrographic baseflow recession, as illustrated in Fetter 
(2001).  Precipitation in this region is on average 1,100 mm 
yearly, and evapo-transpiration is about 1,400 mm, thus 
resulting in a negative hydric balance (Alho, 2008). 
 
In the Pantanal, Desbiez et al. (2009) identify several key 
landscape units, such as forest, savanna, wild grasslands, 
introduced pastures, seasonal waterways, herbaceous 
vegetation, aquatic macrophytes, and numerous lakes, all 
occurring in close proximity to each other. For the purposes of 

this research in the LN, these units were grouped in the 
following classes: forest savanna, open grassy cover, vazantes, 
fresh water lakes (baias), and brackish lakes (salinas) (Figure 
2 and also described in Table 1). The forest savanna unit 
consists of a mix of dry, dense canopy cerrado vegetation, 
including cordilleras and capãos (elongated corridors and 
islands of forested cover ~1.0-5.0 m elevation higher than 
surrounding terrain). The open grassy cover unit consists of a 
mix of agricultural lands, introduced pasture, native grassy 
savanna, and native open wood savanna (small shrubs, brush, 
sparse, low density small trees). Vazantes are seasonal 
drainage channels in which shrubs, herbaceous vegetation, and 
aquatic plant species grow to varying degrees depending 
largely on the hydrological characteristics. The vegetative 
characteristics of the different lake classes are also diverse. 
Fresh water lakes (locally called baias) typically expand and 
connect to the flooded zone through water channels in the high 
water season, and may shrink in the dry season, and tend to be 
temporary (Almeida et al., 2009). These baias typically have a 
circumneutral pH little higher than 7 and always lower than 
9.0, and TDS lower than 1,000 mg/L (Costa & Telmer, 2006; 
Almeida et al., 2009). These lakes have floating or emergent 
vegetation, broad-leafed species as low as 2 cm in height, 
together with taller erectophile grassy vegetation. The 
erectophile plants have blade-like leaves that are rooted, and 
have a grass-like structure. They range in height from 30-300 
cm tall and are populated by Cyperaceae (including 
Eleocharis sp., Scirpus sp. and Cyperus sp.).  The broad-
leaved plants are floating emergent species that can occur in 
dense or relatively sparse stands, range in height from 2-30 cm 
tall, and are dominated by Pontederiaceae (Pontedera sp., 
Eicchornia sp.), Araceae (Pistia stratiotes), Salviniaceae 
(Salvinia auriculata), and Nymphaeaceae (Nymphaea sp.) 
(Por, 1995; Pott & Pott, 2000; Costa & Telmer, 2006). This 
class of broad-leaved vegetation can be either rooted floating 
plants or free-floating plants. Occurrence of dense, tall (2-3 m) 
stands of Typha can also be common in some of these lakes 
(Costa & Telmer, 2006). 
 
Salinas tend to be permanent, that is, low water level 
variability between seasons (Almeida et al., 2009), 
rounded/elongated shallow depressions, ~500-1000 m in 
diameter, that are 0.5-3.0 m lower in elevation than baías, and 
are largely cut off from the flood by elevated levees 
(cordilheiras), which have an elevation of approximately 1.0-
5.0 m higher than the salinas (Barbiéro et al., 2002; Almeida 
et al., 2003; Sakamoto, 2007). According to Sakamoto (2007), 
the salinas represent the lowest altitude in the landscape, 
followed by baias (0.5-1.0 m higher), vazantes (1.0 m higher), 
and cordilheiras (2.0-5.0 m higher). These estimates are based 
on detailed topographic study in a specific set of lakes in the 
south-southwest of the LN. Salinas are devoid of any 
emergent aquatic vegetation and typically present a pH higher 
than 9.0 and TDS 1,000-10,000 mg/L (Almeida et al., 2003; 
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Costa and Telmer, 2006). According to Almeida et al., (2011) 
these lakes are inhabited largely by cyanobacteria that can 
tolerate the geochemistry and its variability. The authors have 
reported intense blooms (10,443,842 organisms.mL-1) of 
cyanobacteria salinas and 284 organisms.mL-1 in nearby baia. 
 

Field data 

Ground-truth data were acquired during two field 
campaigns in the LN sub-region, primarily from a July 2008 
expedition, with supplementary data from a previous field visit 
in July/August 2001. The data set included oriented 
photographs and diagrams of landcover and vegetation 
characteristics at each lake (northern, southern, eastern, and 
western directions), pinpointed to GPS coordinates, and so 
represent very high quality field data for a radius of about 100 
m around the given coordinates, and also excellent quality of 
field data for longer distances for certain features, such as if a 
lake had a continuous beach, or it was entirely surrounded by 
forest, or otherwise.  Figure 2 illustrates these lakes in the LN 
of the Pantanal. 

Lake geochemistry was measured in 75 lakes in July 2008 
and 35 lakes in July/August 2001. The water pH, conductivity, 
and temperature were determined in situ by a Hydrolab Quanta 
G multimeter. The alkalinity of samples was measured in the 
field by titration with 0.1600 to 1.600 N sulphuric acid, 
depending on its range, by using a field operated HACH digital 
titrator and a colorimetric endpoint indicator to determine total 
alkalinity. Samples from 11 of the 35 lakes (2001) and all of 
the lakes in 2008 were collected for the determination of 
cations and anions by ion chromatography and ICP-MS. The 
precision and accuracy of these methods was determined by 
replicate analyses, the analysis of field blanks, and the analysis 
of standard reference material. Results are better than ± 5%. A 
calculation of charge balance was also performed to test for 
data quality. Charge deviated from neutral by always less than 
5%, indicating that all the major ions were accounted for and 
measured accurately. The water samples were collected at a 
depth of approximately 20 cm, and were immediately filtered 
on site through Millipore 0.45   μm   HVLP   polyvinyl  
membranes. Cation and anion samples were stored in pre-
rinsed 125 mL HDPE bottles. Cation samples were injected 
with concentrated (16 N) ultrapure nitric acid to a final strength 
of 0.08N. No preservative was added to the anion samples, but 
all samples were stored at below 4ºC in the dark from the time 
of collection to the time of analysis by using coolers and ice in 
the field and refrigerators in the lab. Field blanks were 
collected using 18 Mohm de-ionized water transported into the 
field. The blanks were processed and stored in the same 
manner as the samples. None of the ions considered in this 
paper were detected in the field blanks. Major dissolved cations 
(Na+, K+, Mg2+, Ca2+) and anions (F-, Br-, Cl-, SO4

2-, NO3
-) 

were analyzed using a Dionex DX-600 ion chromatograph, and 
trace elements were determined by VG PQII ICP-MS at the 

School of Earth and Ocean Sciences, University of Victoria, 
Canada.  Accuracy for the cations was determined by analyzing 
SLRS-4 river water standard reference material (National 
Research Council of Canada). Results agreed with the certified 
values within 5% for all ions except Mg, which agreed within 
10%. HCO3

 was determined in situ via titration, and together 
with the anion and cation concentrations was used to calculate 
the total dissolved solids (TDS) concentration for each lake. 

 

Satellite data and Spatial analysis 
The landcover classification from Evans & Costa (2013) 

made use of SAR (Synthetic Aperture Radar) imagery from the 
Advanced Land Observing Satellite Phased Array L-band SAR 
(ALOS/PALSAR), RADARSAT-2, and ENVISAT/ASAR 
systems. ALOS/PALSAR images (12.5 m spatial resolution) 
from both January-February and August-September in 2008 
were acquired, to represent both high water and low water time 
periods. These L-band images were used in conjunction with 
C-band data from RADARSAT-2 (August 2008, 25 m spatial 
resolution) and ENVISAT/ASAR (February-March 2010, 12.5 
m spatial resolution). The SAR systems allowed for (i) the 
acquisition of cloud-free imagery during both wet and dry 
seasons, (ii) the fine spatial resolution imagery permitted the 
separation of the highly heterogeneous habitats, and (iii) the 
dual-polarization (HH and HV) and dual-band (C and L) SAR 
imagery provided additional information regarding the 
vegetation cover not possible with a single polarization and/or 
band. The classification was multi-tiered based on an object-
oriented, hierarchical image-analysis technique. For the 
purposes of this research, the Level 1 classification defined 
four landscape units, forest savanna, grassy cover, vazantes, 
and lakes (Figure 2) with an overall accuracy of 90%. A Level 
2   classification   used   only   the   “lakes”   class   from  Level   1   and  
divided them into fresh lakes (baías) and saline lakes (salinas) 
with an accuracy of 98% (Figure 3). 

Subsequently, the Level 2 map (baias and salinas) was 
exported to ArcGIS, converted to vector files, and subjected to 
a kernel density analysis. Kernel Density Estimation (KDE) is 
based on a quadratic kernel function, which defines the density 
of a specific class of lake at any location in the study area by 
counting the number of occurrences of the specific polygon 
type in a region centred at the location where the estimate is 
made  (O’Sullivan  and  Unwin,  2003).  A  smooth,  curved  surface 
is fitted over each point, and the surface value is greatest at this 
point, diminishing with distance, reaching zero at the boundary 
of the search radius. The result is a continuous raster surface 
based on the weighted interpolation of the data. KDE were run 
separately for the two classes of lakes, baias and salinas, using 
search radii 5000 m and 100 m grid cell size, as previously 
defined as the most useful distances for identifying spatial 
patterns in the region (this test is not shown). 
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 SRTM Data analysis 
 

 The Topodata product derived from the pre-processed 
SRTM data (Valeriano & de Albuquerque, 2010) was chosen 
as the starting point for an improved DEM. It has an improved 
spatial   resolution   of   1”   (obtained   through   kriging),   compared  
with the 3”  resolution  of  the  original  SRTM  data  (Valeriano  &  
Rossetti, 2012). Additionally, as previously mentioned, the 
Topodata product was found to be more accurate than the 
SRTM Version 1 product from which it stemmed. This was 
true in all 40 test areas in Brazil, including the Pantanal, and by 
all who evaluated the data (Valeriano & Rossetti, 2012). Three 
Topodata tiles were downloaded from the Topodata website 
(http://www.webmapit.com.br/inpe/topodata/) to represent the 
surface of the Nhecolândia region. The three tiles were made 
into a single mosaic and overlaid on a pre-processed 
ALOS/PALSAR mosaic. A small geometric adjustment was 
required to match the geometry of both mosaics. The SRTM 
mosaic was further clipped with a LN region vector boundary 
file defined by Hamilton et al. (1996). This file was 
subsequently layered with vector files from the landcover 
classification of the LN derived from Evans & Costa (2013), 
namely the two types of lakes: salinas and baías.   

After overlaying the lake vector on the SRTM layer, two 
independent steps were performed: 

Step 1: Three northeast-southwest transects (approximately 
150 km in length) were defined to determine Topodata 
elevation values associated with baías and  salinas in close 
proximity to each other to determine if salinas are lower 
altitude compared with baias. Previous evidence suggests that 
salinas have slightly lower elevations than baias (Almeida et 
al., 2009; Sakamoto et al., 1996). Hydrologically, this suggests 
that the salinas are fed by groundwater in-flow, and water is 
only discharged by evaporation. In the Pantanal, approximately 
60% of the water originated from the high lands is lost through 
evaporation (Goncalves et al., 2011). Based on neighbouring 
lakes in the northwest of the Nhecolandia, salinas are between 
0.5 to 1.0 m lower than baias (Sakamoto et al., 1996). 
However, the elevation of these lakes is based on data collected 
in localized regions, such as farms in the southeast and 
southwest of the LN.   

The northeast-southwest direction was chosen due to the 
known steeper east-west altitude gradient when compared with 
the north-south in the LN (de Ruyver, 2004; Fernandes, 2007), 
and the length of the transect was chosen to minimize local 
anomalies and to provide a regional estimate of the relative 
elevations of lake types. The selected lakes for each transect 
were defined based on close proximity, field observation, and 
the lakes classification from Evans & Costa (2013). Altitude 
was defined for a total of 24 baias and 20 salinas. Within each 
lake, three measurement tracks were defined, and each track 
was   located   within   the   lake’s   vector-defined boundaries, as 
delineated by the vector file. For each lake, the mean and 

standard deviation of each individual track was calculated 
using approximately five altitude values around the minimum 
elevation value within the lake. This minimizes the possibility 
that the boundaries surrounding the lake or vegetation on the 
lake’s   surface   (baias) become erroneously included in 
calculating lake elevation. For each lake, the overall mean 
elevation value was calculated by taking the mean of the three 
tracks. The altitude of salinas and baias were then plotted 
versus distance for each of the northeast-southwest transects, 
and altitude differences between the two different lake types 
were calculated considering pairs with close proximity. 

Step 2: The SRTM-based altitude of cordilheiras and 
associated salinas was estimated for a sub-set of ten locations 
visited in the 2008 field campaign to determine the elevation 
difference between the two. According to Sakamoto (2007) and 
Almeida et al. (2009), a salina is typically surrounded by a 
vegetated, sandy barrier called cordilheira that is 1.0-5.0 m 
higher in elevation than the salina, and may explain why most 
salinas have been found to be isolated from surface water flow. 
To further explore this hypothesis, three tracks were taken per 
salina, and each measurement track corresponds to elevation 
within the salina and crossing the salina’s   boundaries,   to  
estimate salina’s   and   cordilheira’s   elevations,   respectively.  
Similarly to step 1, for each salina and surroundings, the mean 
and standard deviation of each individual track was calculated 
using approximately five to seven altitude values around the 
minimum value within the salina, and alike, to the track section 
outside of the salina. The SRTM signal of the landscape 
surrounding the salinas was associated to a specific landscape 
(cordilheira) based on the classification map (Evans & Costa, 
2013) and field notes. This SRTM signal represents the 
elevation of the terrain combined with a fraction of the actual 
vegetation height. Vegetation height representing the 
cordilheira was derived from the literature that considered in 
situ tree height measurements (Abdon et al., 1998; Costa et al, 
2010; Silva et al., 2011), and the SRTM corresponding fraction 
of the tree height was assumed as 70%, an approximation of 
the values suggested in Baugh et al., (2013) for forest in the 
Amazon floodplain. 

III. RESULTS 
 
Geochemistry 
 
Results for dissolved solids and other field measurements for 
all lakes are presented in Table 2. The data show that there is a 
broad range of TDS values in the LN, from low (~ 11.0 mg/L) 
to high (~2,500.0 mg/L) concentrations (see Table 2 for 
averages). The TDS concentration of the salinas was on 
average 1,140.5 mg/L for 2008 and 2,006.3 mg/L for 2001. 
These waters are geochemically classified as brackish 
according to Frappe and Fritz (1987), and have a composition 
for what is expected for waters formed dominantly through 
evaporation. Salinas also have high pH (above 9.0) and high 
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conductivity (above 1,300.0 µS/cm). Three of the sampled 
lakes in 2008 however, have a different geochemical 
character. They have pH above 9.0, comparable to the salinas, 
but relatively lower TDS values (398.4 +/- 47.1 mg/L) and 
conductivity (490.0 +/- 54.4 µS/cm) and significant lower 
chloride (Cl-). This is perhaps their most defining and 
intriguing feature – high TDS but low chloride. The 
geochemical differences of these lakes in relationship to the 
salinas and baias have not been discussed much in the 
literature.  Silva  et  al.,  (2013)  and  Santos  and  Sant’anna  (2010)  
named lakes of the LN with similar characteristics as 
salitradas. The low chloride of these lakes in particular has 
not been explained previously. WE provide a preliminary 
explanation below. Baias exhibited lower TDS (94.5 and 61.7 
mg/L in 2008 and 2001, respectively), lower pH (lower than 
7.0), and lower conductivity (average 128.3 and 61.4 µS/cm in 
2008 and 2001, respectively).  
 
 As expected, the concentration of most of the solutes 
increased with increasing total dissolved solids (Figure 4). 
Carbonate (R2 = 0.93 and 0.98 for salinas and baias, 
respectively), sodium (R2 = 0.98 and 0.78), chloride (R2 = 0.71 
and 0.48), and potassium (R2 = 0.61 and 0.61) concentrations 
are typically well correlated with TDS, whereas calcium (R2 = 
0.03 and 0.36) and magnesium (R2 = 0.00 and 0.54) 
concentrations showed less relationship with TDS, especially 
for salinas. Calcium and Magnesium have a poor relationship 
with TDS because carbonate mineral saturation is reached in 
the salinas as demonstrated in Barbiéro et al., (2002; Fig 7) 
causing those ions to be removed from the solution phase into 
a solid mineral phase. Of the ions typically associated with 
closed basin evaporative formation, chloride which is typically 
one of the most conservative ions, intriguingly has a much 
lower correlations than Na+ with a R2 of only 0.71.  
 
Besides the difference in TDS concentrations between the two 
types of lakes, the TDS composition also differed. For: 
salinas, HCO3

- (64%), Na+ (21%), K+ (10%), and Cl- (6%) 
contributed the most to the TDS, whereas for the baias, there 
is an inversion of the importance of K+ and Na+, and Ca2+ 
remains a significant contributor with HCO3

- (65%), K+ 
(15%), Na+ (11%), Ca2+ (5%), and Cl- (2%) comprising the 
dominant load to the TDS (Table 2). HCO3

-, Na+, K+, Cl-, and 
SO4

2- were at least one order of magnitude higher for salinas 
than baias with the exception of the three lakes sampled in 
2008, the so called salitradas.  These lakes have lower TDS 
concentrations and have a significantly different TDS 
composition with HCO3

- (67%), Na+ (15%), and K+ (17%), 
and highly chloride depleted (about 0.2% vs. 6% for salinas) 
making these lakes essentially tri-ionic (HCO3

-, Na+ and K+). 
To re-emphasize their uniqueness, chloride is at least two 
orders of magnitude lower than the salinas sampled (Table 2).  
 
 

Landcover units – spatial distribution 
 
The forest savanna landscape unit is dominant in the 
southeast, northeast, and northwest of the LN (Figure 3); it has 
lower occurrence in the central, north, and southwest regions, 
and generally corresponds to approximately 37% of the 
Nhecolandia area (Figure 5). This corresponds to similar 
findings as in Silva et al., (2013), who based on optical 
imagery from 2009 defined that 35.6% of the Nhecolandia 
corresponded to forest savanna (cordilheiras).   
 
Although both baias and salinas can be surrounded by forest 
savanna, the forest savanna unit is clearly associated with 
salinas. The greatest degree of salinas clustering is located in 
the SE portion of the study area as shown in the Kernel 
Density Estimation (KDE) map (Figure 6a), along with the 
forest savanna unit. Salinas are also strongly clustered in the 
central and towards the NW of the LN. Salinas have a low 
occurrence on both the N/NE and S/SW regions. While 
salinas are mostly surrounded by forest savanna, they also 
occur in areas of open grassy cover related to farm 
settlements, such as Fazenda Firme, Fazenda Boa Sorte, 
Fazenda Baranco Alto, and Fazenda Nhumerim.  
 
A total of 702 salinas were classified in the LN region (98% 
accuracy), with an average area of 0.14 km2 (+/-0.10 km2), 
comprising 1.2% of the total LN area (Figure 5). These lakes 
have a circular to elongated shape, following an approximately 
45o NE-SW orientation.  Vazantes form quasi-continuous 
linear units with a generally 45o NE-SW orientation, from the 
Taquari River/fan towards the Negro River (Figure 3). 
Baias include about 8,217 lakes; and, similar to the salinas, 
these lakes also have a circular to elongated shape, but a more 
irregular border compared to the salinas; however, spatially 
they are more commonly distributed in the region and 
comprise about 13% of the area. Nonetheless, the highest 
degree of clustering is observed in the SE, and a relatively 
high density is also observed in the SW/W and central of the 
LN (Figure 6b). The high distribution in the SW/W and central 
regions is clearly associated with the occurrence of open 
grassy cover units. Large grassy cover areas occur in regions 
under the influence of the Paraguay River and vazante Corixão 
(SW region) and bordering the south of the Taquari fan (north 
region), and represents about 42% (similar to Silva et al., 
2013) of the LN area (Figure 5); however, the central region 
and farm settlements also show relatively high occurrences of 
this landscape unit.  
 
NE-SW elevation of salinas and baias 
 
Figure 7 exhibits the mean elevation values for each type of 
lake according to NE-SW transects in the LN.  The figures 
clearly demonstrate the overall elevation gradient of the 
region, decreasing from northeast to southwest, with a 
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gradient of 0.33 m/km (+/-0.06) and 0.32 m/km (=/-0.05) for 
salinas and baias, respectively. The low slope gradient is in 
agreement with Zani et al., (2012) who describes this region as 
a sedimentary landform originated from fluvial processes 
occurring along a very low slope. 
 
Elevation trends between different lake types are also evident. 
Generally, for salinas and baias in close proximity, the data 
shows that baías exhibit slightly higher elevations (average 
1.3 m) than the salinas. The effect of floating and emergent 
vegetation on the surface of baias on the SRTM signal is 
expected to be minimal as the minimum altitude values were 
considered and lakes that have Typha were not considered in 
this analysis. Lakes colonized by dense, tall stands of Typha 
are expected to have a large influence on the SRTM-derived 
altitude due to their relatively high backscattering at C band 
(Costa & Telmer, 2006; Evans & Costa, 2013).  
 
Comparison of Elevations of Salinas with Surroundings 
 
 Transects of ten salinas were taken in total, with 
three transects for each salina covering areas within the lake 
and outside its boundaries, so that the surroundings of the lake 
were included in the assessment. Photos and field notes from 
the July 2008 campaign were used to determine which type of 
land cover was present in the north, south, west and east 
directions of each lake. Once the SRTM elevation values in a 
given transect were assigned to a land cover unit (lake or 
forest), the SRTM mean elevation value of each unit within a 
transect was calculated. For forest, we consider that the SRTM 
elevation corresponded to a fraction of 70% the tree height, an 
approximation of the fraction suggested in Baugh et al., (2013) 
for forest in the Amazon floodplain. Based on field data and 
from the literature that considered local in situ tree height 
measurements (Abdon et al., 1998; Costa et al, 2010; Silva et 
al., 2011), vegetation height representing the cordilheira was 
defined as 12.0 m. As such, the correction factor for the 
SRTM signal to represent the ground surface elevation of 
cordilheiras is approximately 8.0 m. 
 
Next, the resulting elevation values were then compared with 
the average elevation value for the corresponding salina itself, 
to determine whether the lake was set lower than its 
surroundings. The results showed that surrounding 
cordilheiras are on average 3.3 m (+/- 1.5) higher than the 
salinas. Figure 8 shows a schematic representation of the 
SRTM-derived elevation profile and a corrected profile after 
considering the height of surrounding vegetation (with 
correction factor).  
 
 
 

IV.SUMMARY 
 
The results presented here revealed the relationship between 
the distribution of lakes and surrounding landscape 
characteristics, and how it influences the diversity of lakes on 
a regional scale in the Lower Nhecolandia of the Pantanal. 
Results are consistent with other research conducted in the 
region on a local scale, and revealed a landscape with large 
spatial variability, in part a result of the 
geological/geomorphological dynamic of the Taquari fan and 
the regional hydrology. The Lower Nhecolandia is a unique 
landscape characterized by 8,919 lakes. The majority of these 
lakes (8,217) have lower TDS, conductivity, and pH, are 
mainly colonized with floating broad-leaf vegetation species 
and taller grass-like emergent aquatic vegetation species, and 
are locally known as baias; 702 lakes have higher TDS, 
conductivity, and pH, are devoid of floating or emergent 
vegetation, and are locally know as salinas. The inventory of 
salinas differs considerably from the numbers presented by 
Fernandes (2007), which are at least double the numbers 
presented here, but the number of baias are similar. The 
discrepancy in results could be for a variety of reasons but 
because of the lack of an accuracy assessment using in situ 
data in the aforementioned study explanations are speculative 
at best. Other studies in the Necholandia also provide an 
inventory of lakes, however comparison with our results is 
limited by similar reasons ‒   lack   of   accuracy   assessment   or  
because it was done in different locations and smaller scales 
(Almeida et al., 2003; Costa and Telmer, 2006; Novack et al., 
2006; Oliveira et al., 2011). Based on in situ data, our 
classification provides a 98% accuracy separation between 
baias and salinas. These are the two broadest geochemical 
classes, and the high accuracy was only possible due to a radar 
imagery-based classification approach, which capitalizes on 
the different mechanisms controlling the backscattering from 
baias and salinas as a result of the presence or absence of 
vegetation on the water surface (Costa and Telmer, 2006; 
Evans and Costa, 2013). The same methodology could 
possibly be applied to further divide these lakes into 
geochemically different entities that represent distinct stages 
of lake formation in the LN, for instance, high pH, chloride 
depleted, moderated TDS brackish lakes with grass-like 
vegetation, locally called salitradas. However, other spectral 
features would likely have to be considered, such as a 
presence/absence of surrounded beaches, to successfully map 
this lake class. 
 
The mapped distribution of lakes (Figure 3) shows that both 
salinas and baias are generally prevalent in the low-relief 
oldest depositional lobe of the Taquari fan, where the lowest 
density of paleochannels has been observed and sedimentation 
processes are minimal (Zani et al., 2011). The orientation of 
the current drainage pattern and lakes is therefore likely 
related to the paleo-drainage system of this now inactive lobe 
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of the Taquari fan.  The lake density distribution maps (Figure 
6) show differences between salinas and baias, where the 
former are mostly clustered in the southeast and central 
regions, while the latter is more evenly distributed in the LN.  
Salinas are rarely present in highly flood-prone regions of the 
LN, such as close to the Paraguay River and the vazante 
Corixão (partially shown as vazante in Figure 3), and the 
northern border under the influence of the Taquari River. 
Overflow of the Paraguay River banks floods large areas for 
up to 6 months, reaching depths of 1.0 to 1.5 m, whereas 
flooding from the Taquari River can last about 30 days, 
reaching depths of about 0.5 m (Goncalvez et al., 2011). The 
combination of these flooding characteristics, the low 
topographic gradient, and the dominant open grassy vegetation 
coverage (Figure 3) in these regions suggests a low degree of 
isolation from surface flow, which corroborates with the 
defined low density of salinas in these flood prone regions.  
 
The analysis of the SRTM data shows that salinas are 
surrounded by an average 3.3 m (+/-1.5 m) higher elevation 
(Figure 8) called cordilheiras, which are populated either by 
dense vegetation, mostly forest and shrub, or sometimes by 
tall grasses. The cordilheiras to varying degrees restrict 
surface water flow into the salinas. The approach used to 
determine this this topographical feature, which considers that 
the SRTM corresponding fraction of the tree height is 70% (an 
approximation from Baugh et al., 2013) makes the assumption 
that the C band microwave radiation partially penetrate 
through the vegetation canopy. The signal is scattered from the 
first layers of the dense tree canopy (about 1,000 trees/ha, 
Abdon et al., 1998) as a result of the similar size of the tree 
structures, such as leaves and branches, and the size of the 
wavelength of the radiation – volume scattering (Hess et al., 
2003; Costa, 2004; Kellndorfer et al., 2004). Evans and Costa 
(2013) reported that for the forest savanna of the LN 
(encompassing the cordilheiras), the C band signal does not 
significantly vary, showing that the SRTM signal represents 
most of the tree height combined with the elevation of the 
terrain. Bough et al. (2013) adopted a similar method for the 
Amazon floodplain forest, however, the authors defined a 
subtraction factor that corresponds to 50-80% of the tree 
height (derived from global databases – not based on field 
data). Although it is difficult to evaluate the accuracy of the 
SRTM-derived elevation of the cordilheiras due to the 
inherent effects of vegetation on the SRTM signal 
(Kellndorfer et al., 2004; Bough et al., 2013), the derived 
higher elevation of the cordilheiras around the salinas is 
consistent with topographic measurements conducted on a 
local scale in the LN (Sakamoto et al., 1996; Almeida et al., 
2009). Sakamoto et al., (1996) and Almeida et al., (2009) also 
report salinas in a lower elevation than baias in the southeast 
and southwest of the LN. Specifically, Almeida et al., (2009) 
conducted several DGPS measurements on the SE region on 
the LN and showed that salinas are about 1.5 m lower 

elevation that baias in close proximity. Our analysis 
considering lakes in close proximity along a 150 km NE-SW 
transect (regional scale) resulted in a similar range; salinas are 
on average 1.3 m (+/- 0.3 m) lower in elevation than baias. 
 
The characterization of the topography of the LN at a regional 
scale allows us to describe the geomorphological 
characteristics that surrounded salinas and baias, and consider 
the significance of these characteristics on lake type and 
formation. We find the landscape be gently undulating with 
the surface of the salinas to be a lower elevation that the baias 
and the salinas to be generally surrounded by a ring or mound 
of higher elevation forested terrain (cordilheiras) and the 
baias to have higher occurrence on grassy land and flood 
prone areas. This leads us to consider the classical 
hydrogeological processes first described by Hubbert (1940) 
and Toth (1963) that occur in undulating terrains that create 
groundwater divides and groundwater-sheds that can develop 
local and regional flow systems and lead to closed, semi 
closed, or open basins. Figure 7.1 and 7.6 in Fetter (2001) (not 
shown) illustrate the work of Hubbert and Toth and how 
closed basins can develop in landscapes simply through the 
effect of topographic undulations. Figure 9 (A) was created 
based on our map of lakes in the Pantanal and the work of 
Hubbert, Toth and also Meyboom (1967) to illustrate how 
simple topographical undulations may play a significant role 
in the development of salinas in the Pantanal. It shows that a 
ground-water divide will develop under topographic highs and 
lead to basin isolation without any other physical requirement. 
The impermeable layer discussed by Furian et al. (2013) may 
in fact be a result of long term hydrogeological processes 
rather than an original control on developing closed basins. 
Figure 9 (B) also illustrates a possible interlake interaction 
during the dry season where the interlake groundwater-divide 
disappears and the baias act as a source of water for salinas. 
These two scenarios may help explain how salinas form 
through   hydrological   and   hydrogeological   isolation   but   don’t  
typically dry up (Almeida et al., 2011) as one would expect for 
fully closed basins. This is in agreement with other research 
conducted in the region (Sakamoto et al., 1996; Barbiéro et el., 
2002; Almeida et al., 2009, 2011; Furian et al. 2013).  
 
However, this still leaves some characteristics of salinas 
unresolved. For some reason they are rarely if ever closed 
enough to lead to levels of evaporation high enough to become 
hyper saline and form evaporate minerals. To explain this we 
focus on the concentrations of chloride in the lakes.  
 
A type of brackish lakes was identified and described in the 
results (Table 2 and description therein) that may help further 
understand the origin of the chemistry of Pantanal Lakes. 
These lakes are (i) highly chloride depleted, (ii) high pH (9-
10), (iii) moderately high TDS with a tri-ionic composition of 
Na+, K+, and HCO3

2-, and (iv) devoid of the typical vegetation 

Dry season 
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observed in baias but have sparse beach grassy-like vegetation 
that is not observed in salinas - a short grassy vegetation is 
observed around the margins of the lakes. The depleted Cl- 
character of these lakes is unusual but offers clues to origin, 
dynamics, and persistence of salinas. Cl- is typically a highly 
conservative ion in natural waters with a concentration that is 
either diluted by rainfall or concentrated by evaporation in the 
absence of evaporite minerals (Drever, 1997). There is no 
recorded occurrence of evaporite minerals in the Pantanal and 
Barbiéro et el. (2002, Fig 7) shows that not even Gypsum 
(Calcium Sulphate) forms in the Pantanal – the first evaporite 
mineral to form in the evaporation sequence. The authors also 
show that all lakes sampled are under-saturated in Halite 
(NaCl) indicating that the extent of evaporation in the salinas 
is not sufficient to cause any evaporite minerals to form that 
could later act as a source of Cl-. Even if there were evaporites 
present, that would not explain the Cl- depletion because 
waters in equilibrium with Halite would have very high 
concentrations of Cl- and these lakes are Cl- depleted. Further, 
of the major ions associated with evaporation processes, Cl- is 
one of the most variable in the Pantanal with a relatively low 
correlation coefficient with TDS compared to Na+. This is also 
unusual compared to other evaporative closed basin systems. 
Its variability compared to other ions is obvious from Figure 4 
where it shows much more scatter than Na+. This behavior is 
inconsistent with a simple closed basin evaporation process as 
suggested by various other authors.  
 
We suggest that the behavior of chloride is a key to 
understanding the hydrological and chemical dynamics of the 
lakes. As per classical evaporation-solution experiments 
(Drever and Smith, 1978), Na+ and K+ are adsorbed onto 
sediments much more strongly than Cl- and so through 
decades or centuries the matrix of the Pantanal’s   sediments  
has developed a large exchange pool of adsorbed K+ and Na+, 
but the reservoir of Cl- is restricted to the dissolved phase only 
and so is much smaller. This allows the concentrations of Na+ 
and K+ to return to high levels rapidly after a flood by re-
equilibration with the large exchange pool of adsorbed ions 
whereas Cl- is flushed out and can only increases again 
through evaporation. Such a model easily explains the larger 
variability of Cl- and also explains how highly Cl- depleted tri-
ionic  “salitradas”  can  form.  In  this  sense  the  concentration  of  
Cl- is to some degree a measure of time since last flushing 
with the salitradas having been very recently flushed reducing 
their Cl- levels to near that of the other surface waters – rivers 
and baias – while Na+ and K+ and HCO3

- quickly rebound to 
develop a high pH lake with moderately high TDS by re-
equilibrating with the reservoir of adsorbed ions. This is also 
likely a temporally dynamic event with salitratas changing 
into salinas and vice-versa depending on the dynamic of 
flushing events and the extent of evaporation that occurs 
during the time between flushing. In a pragmatic sense, low 
Cl- with high Na+ and K+ concentrations would be an indicator 

of a recently washed out salina, and high Cl-, Na+ and K+ 
would indicate a significant evaporation and time of lake 
isolation. A similar landscape configuration has been reported 
in Silva et al., (2013), who characterized a typical salitrata 
located in the southwest on the LN. They also made some 
suggestions that human impacts may be creating salitradas.  
 
When and to what degree salinas are flushed likely depends 
on the extent and location of flooding and the landscape and 
its condition that surrounds salinas. While we believe that 
salitradas are likely a natural occurrence in the Pantanal, in 
terms of human impact, visual analysis of the radar imagery 
revealed that lakes located north of the Nhumerin farm are 
surrounded by cordilheiras, which provides isolation from 
surface and groundwater flow, however, the imagery also 
revealed the presence of man-made pathways, locally called 
picadas, which are used by cattle to cross the cordilheiras. To 
some degree, these can form new connections among lakes 
and to the vazantes. These lakes are bordered to the north and 
south by vazantes, which are seasonal drainage channels of 
upstream rainwater runoff.  The presence of pathways directly 
connected with the vazantes and other lakes may increase the 
frequency of flushing of the lakes. Further, the natural inter-
annual dynamic of the flooded regions of the Pantanal may 
also contribute this phenomenon.  In the Pantanal, the flooding 
coverage is largely influenced by the regional (plateau) and 
local precipitation regimes, and can have large inter-annual 
variability (Moraes et al., 2013).  
 
The combination of the regional scale spatial data presented 
here and associated geochemistry of lakes suggests that the 
geomorphological characteristics of the region can provide a 
simple explanation for the diversity of lake types in the 
Pantanal. Our data shows that (i) the landscape has a low slope 
gradient (0.33 m/km +/-0.06) and is gently undulating with the 
surface of the salinas at a lower elevation (1.3 m +/- 0.3m) 
than the baias, (ii) the salinas are typically surrounded by a 
mound of higher elevation (cordilheiras 3.3 m +/-1.5), (iii) the 
salinas are clustered and rarely occur in highly flood-prone 
regions of the LN whereas the baias are broadly distributed 
and have a higher occurrence on grassy land and flood prone 
areas. These characteristics along with new insights into lake 
geochemistry and consideration of classical hydrogeological 
theory, allow us to reconcile many lines of evidence to provide 
new ideas about lake formation in the LN of the Pantanal. The 
mechanisms responsible for the formation of the diversity of 
lakes in the region is likely due to combination of a isolation 
from ground water/surface water recharge, evaporation, 
episodic  flushing,  and  biogeochemical  processes  in  the  lake’s  
watersheds (Sakamoto et al., 1996; Barbiéro et al., 2002; 
Almeida et al., 2011; Furian et al., 2013).  
 
Future research efforts should use the understanding of these 
unique lakes and ecosystems to further understand their spatial 
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temporal dynamics and determine strategies for protecting 
them so that they can continue to provide vital habitat to the 
diverse flora and fauna. This is an urgent matter. Currently 
deforestation on the Taquari River watershed has resulted in 
significant erosion of the river banks prolonging flooding in 
several regions (Golcalvez et al., 2011) and Silva et al., (2013) 
have reported a reduction of about 10% of the cordilheira 
areas in the LN in the last 20 years. Losses of cordilheira 
areas and the potentially related decrease in isolation from 
surface water flow to the salinas is likely driving the observed 
conversion of lake habitats (both baías and salinas) into 
pasture land to increase space for cattle ranching. This 
represents a serious threat for the maintenance of the natural 
conditions in the Pantanal, particularly if land use planning 
does not begin to incorporate the growing body of knowledge 
about what is required for the Pantanal ecosystem to function.      
 

This project will provide vital information about one of the 
most important wildlife habiats in the Pantanal: the diverse 
lakes. Thus, by delineating habitat characteristics and 
dynamics, this study will help to define conservation strategies 
for the region. 
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Figure 1. Study area and major rivers hydrography. 
 

 
 

Figure 2. SAR imagery combination and pictures showing the landscape units in the LN region. 
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Figure 3. Landcover classification of the LN sub-region of the Pantanal based on fine resolution radar imagery modified from 

Evans and Costa (201 
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Figure 4. Relationship between TDS (mg/L) and solutes (mg/L). Filled and open symbols represent data from salinas and baias, 
respectively. Note that magnitudes are different for each solute. 

 
 

 
 

Figure 5. Percentage cover for each landcover unit in relation to the total area of the Nhecolandia. 

 
 

Figure 6: Kernal Density Estimation created with 100m grid cell, 500m search radius, 10 classes (natural breaks). a) salinas; b) 
baias. Numbers mean the calculated density of lakes per km2. 
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Figure 7. NE-SW transect (~150 km) of elevation for salinas (filled symbol) and baias (not-filled symbol). 
 

 
 

 
Figure 8. (a) ALOS/PALSAR imagery showing transect A-B used to extract elevation profile from SRTM data. (b) Schematic 

representation of altitude transect of 1,400 m distance (A-B) based on SRTM signal (dashed line – the SRTM signal is 
representing the top of the canopy) and underlying topography corrected for vegetation height (continues line). 
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Figure 9A. Schematic representation of lakes from Figure 8. (a) Wet season (b) Dry season. Ground-watershed divides – driven 
solely by landscape undulation and the shape of head gradients are a stronger control on lake type formation. Continues black 

arrows and dashed black arrow represent direction of groundwater flow and surface flow, respectively. 
 

 
Figure 9B. Interlake interaction during the (a) wet and (b) dry seasons. In the dry season the interlake groundwater-divide 

disappears and the baias act as a source of water for salinas.  Continues black arrows and dashed black arrow represent direction 
of groundwater flow and surface flow, respectively. 
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Table 1. Description of the landscape units. 

 

Class Name Description 
Fresh Water 
Lakes (baías) 

Floating and emergent aquatic vegetation, sometimes with the presence of 
Typha. (low TDS and pH) 

Saline Lakes 
(salinas) 

No above surface vegetation (relatively higher TDS and pH than fresh) 

Open Grassy 
Cover 

Open herbaceous cover, including: 
- Agriculture (introduced pastures, crops) 

- Swampy Grassland (herbaceous grass landscape, often flooded, fresh lake 
expansion and connectivity, sometimes large areas of standing water 

during flood conditions) 
- Open Grass Savanna (native grasslands, various heights, sometimes 

inhabited with sparse shrub/trees). 
Forest Savanna Dense canopy woody vegetation – terrestrial, some may be shortly inundated 

during extreme flood events; includes: 
- Deciduous and semi-deciduous forest; 

- Dry woody savanna vegetation presenting xeromorphic features; 
- Intermediate canopy closure mixed vegetation with shrubs and scattered 

trees up to 10m tall on a grassy/herbaceous stratum. 
 

Vazantes Temporary seasonal drainage channels of upstream rainwater runoff from 
inhabiting shallow canals where herbaceous/shrubby vegetation grows, but 

can also include amphibious and emergent aquatic species and floating 
macrophytes during flood. 

 
Table 2. Average geochemistry of all sampled lakes in mg/L. Values between brackets correspond to one standard deviation from 

the mean 
Lake 
Class pH Cond TDS HCO3

- F- Cl- Br- NO3
- SO4

2- Na+ K+ Mg2+ Ca2+ 

Baias  
2008 

(n=65) 
6.5 

(0.9) 
128.3 

(114.4) 
94.5 

(105.8) 
62.1 

(70.9) 
0.1 

(0.1) 
1.8 

(3.5) 
0.2 

(0.05) 
0.03 

(0.05) 
0.13 
(0.2) 

10.1 
(17.5) 

14.6 
(13.1) 

2.6 
(2.8) 

4.9 
(5.2) 

2001 

(n=7) 6.9 
(0.4) 

61.4 
(93.4) 

61.7 
(76.0) 

25.2 
(29.1) 

0.1 
(0.1) 

1.7 
(2.4) n.d. 

0.1 
(0.0) 

0.3 
(0.3) 

20.7 
(31.5) 

12.0 
(15.0) 

0.8 
(0.6) 

0.9 
(0.6) 

Salinas  

2008 

(n=10) 
9.6 

(0.4) 
1576.1 
(767.6) 

1140.6 
(667.7) 

714.1 
(376.9) 

0.6 
(0.5) 

77.1 
(171.0) 

0.5 
(0.6) 

n.d. 
 

7.8 
(10.9) 

247.0 
(185.1) 

105.3 
(33.3) 

0.8 
(0.9) 

3.3 
(2.6) 

2001 

(n=3) 
9.6 

(0.3) 
1750.0 
(663.0) 

2006.3 
(785.9) 

1286.8 
(502.9) 

0.7 
(0.3) 

50.0 
(40.0) 

0.9 
(0.7) n.d. 9.7 

 
460.6 

(187.8) 
193.3 
(81.6) 

3.3 
(1.6) 

5.0 
(2.3) 

Salitradas  
2008 

(n=3) 
9.9 

(0.06) 
494.0 
(54.4) 

398.4 
(47.1) 

0.2 
(0.1) 

0.79 
(0.49) 

0.8 
(0.5) n.d. n.d. n.d. 62.0 

(15.4) 
67.1 
(7.2) 

0.5 
(0.3) 

1.4 
(0.3) 
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Abstract—L-band radar imagery has been used to characterize 
the flooding dynamics and distributions of alluvial wetlands and 
is expected to provide considerable insight into the variation in 
carbon stocks and fluxes associated with these patterns. The 
objectives of the present K&C project included: 1) using multi-
temporal ALOS scanSAR imagery to investigate the distribution 
and flooding dynamics of wetland habitats in the Curuaí Lake 
region of the lower Amazon floodplain, 2) using multi-temporal 
ALOS PALSAR fine beam imagery to investigate the distribution 
and flooding dynamics of wetland habitats in the Mamirauá 
region of the upper Amazon floodplain, and 3) using classified 
basin scale JERS-1 imagery and existing  soil and river chemistry 
data to investigate the influence of alluvial wetlands and 
hydromorphic soils on the levels of DOC in the Amazon river and 

its principal Brazilian tributaries. Multi-temporal ScanSAR 
imagery accurately described the seasonal flooding patterns in 
the Curuai Lake region but was less useful for discriminating 
between habitat types. Fine beam PALSAR accurately described 
wetland flooding dynamics and habitat distributions in the 
Mamirauá region.  A functional relationship was found between 
flood period and habitat type in this region.  The proportion of 
wetlands and hydromorphic soils in the upstream drainage basin 
explained 86% of the variability in average DOC concentrations 
in the Amazon River and its principal Brazilian tributaries.             

Index Terms—ALOS PALSAR, K&C Initiative, Wetlands 
Theme, flooding, habitats, carbon dynamics 
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INTRODUCTION 
Once considered mere conduits, carrying terrestrial 

carbon conservatively to the oceans, river systems are now 
thought to be globally important sources of CO2 and CH4 to 
the atmosphere and major sinks of particulate carbon[1,2]. The 
Amazon river system alone has been estimated to release 0.5 
Gt of C as CO2 and 0.5 Mt of C as CO2-equivalent methane to 
the atmosphere and to sequester more than 3 Mt of particulate 
C in alluvial floodplains, annually [3,4,5]. The net effect of 
these fluxes on regional and global carbon balances, though, is 
still unclear, due to uncertainties regarding these and other 
fluxes that contribute to these balances. Dissolved organic 
carbon (DOC) accounts for approximately half of the carbon 
flowing through the Amazon river system[1]. Riverine DOC is 
thought to be derived predominantly from hydromorphic soils 
and alluvial wetlands [1], however the spatial and temporal 
variability of  DOC export and its link to wetland flooding 
patterns has yet to be investigated. Accurate information on the 
habitat quality and flooding dynamics of Amazonian wetlands 
is needed to investigate this relationship. This information is 
also of strategic importance to the countries occupying the 
Amazon basin that are currently developing regional plans for 
wetland management and conservation.  

Multi-temporal L-band SAR imagery has proven 
especially useful for the classification of wetland habitats and 
the characterization of their flooding patterns. The successful 
launch and operation of ALOS-1has resulted in the acquisition 
of L-band imagery for the entire Amazon basin on multiple 
occasions, providing the potential for investigating wetland 
distribution and flooding patterns at the whole basin scale.        

In this K&C Project, we initially proposed to use a 
combination of field measurements and classified ALOS 
imagery to: 1) investigate the role of seasonal flooding in inter-
fluvial and alluvial wetlands in the export and dynamics of 
DOC in the Amazon river system, 2) estimate the carbon 
balance along a 100k reach of the central Amazon floodplain 
and 3) use the latter results and regional ALOS mosaics to 
estimate the carbon balance of alluvial wetlands across the 
entire Amazon basin.  Objectives 1 and 2 depended on the 
availability of multi-temporal whole basin ALOS scanSAR 
mosaics. However, due to near/far range artifacts, along track 
banding and strip-to-strip brightness anomalies, the 
development of these basin scale mosaics was unsuccessful. In 
view of these limitations, it was necessary to modify our 
original objectives,  restricting the use of multi-temporal ALOS 
imagery to smaller reaches along the central Amazon 
floodplain and using existing classified JERS-1 mosaics to 
investigate regional carbon dynamics.  Our final modified 
objectives included: 1) using multi-temporal ALOS scanSAR 
imagery to investigate the distribution and flooding dynamics 
of wetland habitats in the Curuaí Lake region of the lower 
Amazon floodplain, 2) using multi-temporal PALSAR fine 
beam imagery to investigate the distribution and flooding 
dynamics of wetland habitats in the Mamirauá region of the 

upper Amazon floodplain, and 3) using classified basin scale 
JERS-1 imagery and existing  soil and river chemistry data to 
investigate the influence of alluvial wetlands and 
hydromorphic soils on the levels of DOC in the Amazon river 
and its principal Brazilian tributaries. 

The characterization of wetlands habitats and their 
flooding dynamics, proposed in objectives 1 and 2, will 
contribute to the development of regional wetland 
classifications, consistent with the RAMSAR Convention, 
providing a strategic framework for the management and 
conservation of these ecosystems.  Investigating the relation 
between wetlands and DOC at the whole basin scale (objective 
3) will contribute to our understanding of the role of wetlands 
in the regional and global carbon cycle. 

METHODOLOGY/SATELLITE DATA/RESULTS 
The specific methods, satellite data and results associated with 
each objective are presented in separate sections below.  

 
Section 1  - ScanSAR mapping of wetland flooding and 
habitat quality in the Curuaí Lake area 
 

Our initial analysis considered the use of ScanSAR 
strip data to identify habitats and associated flooding patterns 
in the Amazon floodplain, to provide a replicable method to 
quantify habitat distribution and flooding dynamics for the 
whole mainstem floodplain. The main results of this 
component can be found in [6], and are summarized here. 

The selected study area for this component of the 
research comprised the Curuai Lake region, between the towns 
of Óbidos and Santarém (Pará state), in the Lower Amazon 
mainstem. This area was chosen as it comprises a complex 
mosaic of lake and land cover types, representing the expected 
variability of the floodplain landscape along the Amazon 
River. The lake's hydrograph varies seasonally between 5 and 
7 m, and annually by up to 2 m, resulting in significant 
variations in flooded area throughout the year. 

The study was based on a series of seven ScanSAR 
images (@JAXA/METI) acquired along the annual flood 
pulse, over the years 2006 and 2007 (Figure 1). Slant-range  
 

 
Figure 1. Optical and SAR image acquisitions for the Curuai Lake floodplain 
region (Lower Amazon River, Brazil) during the 2007 flood pulse. 
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*Landsat/TM (orbit 228); ** MODIS Daily surface reflectance data; 
***MODIS 8 Day surface reflectance data. The Y-axis shows daily water 
stage height for 2007, as registered at the Curuai gauging station. Source: [6]. 
 
scanSAR strips were processed using a protocol developed for 
the NASA- MEASUREs Inundated Wetlands Earth System 
Data Record, consisting of co-registration of all dates with the 
SRTM (Shuttle Radar Topographic Mission) digital elevation 
model [7], correction for topographic effects, removal of 
processing artifacts, antenna pattern correction, removal of 
cross-track banding, and absolute calibration. We developed a 
multi-level classification scheme consisting of four 
hierarchical levels, based on observed field characteristics and 
SAR backscattering temporal patterns (Figure 2). Class-
specific temporal variations in backscattering were the main 
criteria for land cover classification, following the method 
proposed by [8]. The hierarchical structure comprised three 
classes at the first classification level (Level 1), defined by 
their annual flooding pattern: Upland (non-floodable areas), 
Floodplain (variable flooding) and Permanent Open Water 
(open water surface during the lowestwater level in 2007). The 
second classification level (Level 2) divided the Floodplain 
class into two main classes, assumed as spatially constant 
throughout the year: Forest and Non-forest.  

At Level 3, Forest areas were split into Flooded 
Forest   (‘FF’)   and   Non-Flooded   Forest   (‘NFF’),   while   Non-
Forest areas were divided in two intermediary groups 
according   to   radiometric   similarity:   ‘Bright’   (including  Wet/  
Rough soil —‘WS’,  Emergent  macrophyte —‘EM’  and  Rough  
open water —‘ROW’),  and   ‘Dark’   (with  Dry/Smooth  soil  —
‘DS’,  Floating  macrophyte  —‘FM’  and  Smooth  open  water  —
‘SOW’).  Discrimination  of  each   individual  class  within   these  
groups was based on optical data, given their very similar 
backscattering. Finally, Level 4 classes were obtained by 
merging Level 3 classes according to their flooded condition. 
The   “flooded”   class   was   represented   by   open   water,  
macrophytes  and  flooded  forest  classes,  and  the  “non-flooded”  
class was represented by soil, non-flooded forest and upland 
classes.  

The classification was done using the J4.8 decision 
tree algorithm, implemented in the Weka data mining software 
suite (http://www.cs.waikato.ac.nz/ml/weka/) . The following 
backscattering attributes were used as inputs to the J4.8 
algorithm: Temporal Average Backscattering (TAB): the per-
pixel average backscattering of the entire image series; 
Temporal Standard Deviation backscattering (TSD): the per-
pixel standard deviation of backscattering across the entire 
image series; Highest Water Level back- scattering (HWL); 
Lowest Water Level backscattering (LWL); High/ Low water 
level per-object backscattering Ratio (HLR); and Single Date 
Back- scattering (SDB). All attributes were scaled in radar 
amplitude, to preserve linear relationships. Image 
segmentation was performed using the multi-resolution 
algorithm implemented in eCognition 8. 

Classification accuracy was assessed for all 
classification levels, using different approaches. For Levels 1 
and 2, a set of 200 points (50 points per Level 2 class) was 
randomly generated, constrained to the Curuai Lake area 
where field data was available. These samples were visually 
interpreted based on field observations, high resolution optical 
data   (Google   Earth™),   and   the   TM/Landsat-5 image of the 
low water stage. Sample size was increased to 500 points for 
the third classification level, interpreted independently for the 
low (2006-11-30, 452 cm) and high (2007-07-18, 959 cm) 
water level images. Level 4 validation was based on the same 
samples used for Level 3 classes, aggregated according to 
flooding status.  

Given the absence of concurrent field data to validate 
the actual flooding status of forested areas (which cannot be 
determined by visual interpretation), an independent 
inundation simulation was performed by intersecting 
approximate water surfaces estimated using a combined digital 
elevation/bathymetry model, from which daily conditions of 
floodplain water surface were approximated by linear 
interpolation of water surface elevations gauged at four 
encircling stations.  

 
Figure 2. Hierarchical classification scheme used to classify land cover types 
and flooding status at the Curuai Lake floodplain, Lower Amazon River, 
Brazil. WS = wet soil, EM = emergent macrophytes, ROW = rough open 
water, DS = dry soil, FM = floating macrophytes, SOW = smooth open water. 
Source: [6]. 
 

One of the first observed limiting factors to the use of 
ScanSAR imagery was the extreme variation of backscattering 
coefficients along the swath, for some of the habitat classes 
(Figure 3). For the forest classes, a convergence between FF 
and NFF backscattering could be verified towards the near 
range (Fig. 3a), further evidenced by the FF/NFF 
backscattering ratio, which increased from 0.46 to 0.62 
between the 19° to 42° incidence angle interval (Fig. 3c). FF 
showed a small but significant decreasing trend along the 
range   (β   <   0,   p   <   0.05),   but   this   variation   was   considered  
negligible for the incidence angle interval corresponding to the 
Curuai Lake floodplain area (29°–35°). For soil and open 
water targets, backscattering responses were markedly 
different (Fig. 3b), despite both being characterized as smooth 
targets. No significant trends were observed for soil areas (p > 
0.05), but Open Water areas had a very noticeable and 
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significant trend of decreasing backscattering along the 
ScanSAR range (p < 0.05).  

This difference was also evidenced by changes in 
Open Water/Soil backscattering ratios along the ScanSAR 
swath, varying from 0.49 to 1.44 (Fig. 3c). This variation was 
still largely noticeable within the Curuai Lake floodplain 
range (5.95 dB), and was consequently incorporated in the 
classification rules: forest cover types (flooded and non-
flooded   )with   backscattering   values   higher   than   −8   dB  were  
separated,   and   the   remaining   areas   were   split   into   ‘Bright’  
(−10  dB   to−17.5  dB,  EM,WS  and  ROW)  and   “Dark”   (−19.5  
to−24  dB  DS,  FM  and  SOW)  groups. 

The final decision tree implemented in eCognition 
8.1 produced a Level 1 classification with high overall 
accuracy (91%) and kappa index value (0.86). The highest 
commission and omission errors were observed for the 
permanent open water and floodplain classes, respectively. At 
Level 2, the overall accuracy and kappa index were 83% and 
0.77, respectively, and the highest classification errors were 

 
 

 
Figure 3. Mean backscattering variation as a function of ScanSAR incidence 
angle for the Curuai Lake floodplain, Lower Amazon River, Brazil: a) non-
flooded forest (NFF) and flooded forest (FF) backscattering, b) soil (S) and 
open water (OW) backscattering, and c) FF/NFF and OW/S backscattering 
ratios. Dashed lines indicate the range of incidence angles within the Curuai 
Lake floodplain portion of the ScanSAR swath. Source: [6].  
 
observed for Forest and Non-Forest classes. Level 3 had an 
overall accuracy of 76% to 78%, with the highest commission 
errors observed for the NFF and S classes, and highest 
omission errors for FF and M classes. The merging of classes 
into the Level 4 binary flood map increased accuracy relative 
to Level 3, as a large portion of the classification errors 
occurred between classes with the same flooding status. The 
overall accuracies of the flood maps for low and high water 
stages were, respectively, 84% and 94%.  

Seasonal variation of flood extent was directly and 
inversely related to water stage. A logistic model fitted using 
data from the 2007 hydrological year resulted in a prediction 
RMSE of 127.2 km2 for the 2009 and 2010 dates, or about 6% 
of the average flooded area (Figure 4). Validation also 
suggested a slight overestimation trend for most dates, but a 
larger overestimation for the rising water season of 2010.  

The results emphasized previous observations that 
potential confusion among land cover classes can be overcome 
by use of temporal data to characterize seasonal variation 
patterns, as shown by [8]–[10]. Prior characterization of 
general land cover classes was an essential step to allow the 

discrimination of flooding effects on ALOS ScanSAR images. 
Flood occurrence had varying and sometimes opposite effects 
on the backscattering response of particular classes, 
significantly limiting the development of global classification 
rules.  

Land cover dependency was also observed for the 
effects of incidence angle variation, characteristic of the 
ScanSAR mode, which had a noticeable effect on the 
backscattering response of water and soil classes, and had to 
be considered during algorithm development. On the other  
hand, it is possible that, given the availability of overlapping 
ScanSAR data from adjacent orbits, this same specific 
response could be further explored as a source of information 
for discriminating such classes. However, once class-specific 
rules were developed, ALOS ScanSAR L-band data proved to 
be very effective for determining flood extent for multiple 
periods of the hydrological cycle.  

Changes in land cover throughout the flood pulse 
followed the expected behavior, with the exception of flooded 
forest and macrophytes. Flooded forest areas reached 
maximum values in early September, several weeks after the 
peak water level was measured at the Curuai gauging station,  

 
Figure 4. Logistic model relating water level at the Curuai gauging station 
with total flood extent mapped for the 2007 hydrological year and for all 
available dates, at the Curuai Lake floodplain (Lower Amazon River, Brazil). 
Circles correspond to dates from 2007, triangles to 2009, and squares to 2010. 
The dashed line represents the model fitted using only 2007 data, and the solid 
line shows the model fitted using all observations. 
 
in June. Although part of this offset can be attributed to 
classification errors and error propagation, the close 
agreement between flood extent estimates obtained from 
mapping and DEM simulation suggests that different 
hydrological processes might act during flooding and draining 
periods, such as local variation in water level height and 
relative contributions of channel drainage versus diffusive 
flow. Moreover, a reduction in SAR backscattering might be 
possible at highest water stages, where flooding will cover a 
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large portion of tree trunks and forest understory and shrub 
vegetation, lowering the volumetric and double-bounce 
components of the backscattered signal and inducing 
misclassification. 
 
Section 2 – Using Fine Beam data to characterize wetland 
hydrology and habitat distribution in the Mamirauá 
region 
 

Besides the incidence angle effects, the previous 
research also revealed the inability of ScanSAR data to 
discriminate habitats at a finer scale, an important requirement 
given the local heterogeneity of várzea environments. Most 
flooded forests, for example, will occur on levees 50-100m 
wide, challenging the resolution of the ScanSAR mode. 
Furthermore, consultation with several biodiversity and 
biogeochemistry experts revealed the need for a more 
“ecologically-sound”   mapping   of   the   várzea   habitats,  
recognizing not only broad vegetation classes, but also actual 
assemblages with known differing responses to environmental 
processes.  

With these objectives in mind, the second component 
of the analysis focused on an adaptation of the previously 
developed method to discriminate vegetation physiognomies 
and inundation patterns at the Mamirauá Sustainable 
Development Reserve (MSDR), in the Central Amazon 
region, using a longer series of Fine Beam PALSAR data 
(@JAXA/METI). The MSDR is located on a floodplain region 
at the confluence of the Solimões (Amazon) and Japurá 
Rivers, near the town of Tefé and approximately 600 km 
upstream from the city of Manaus, in the Central Amazon 
floodplain It is the largest Brazilian protected area dedicated to 
wetland environmental conservation, and one of the few 
functional protected areas in the Brazilian várzea forests. The 
MSDR is recognized as a World Heritage site by UNESCO, 
and is the only RAMSAR site representing Amazon wetlands. 
The results of this research are now awaiting final acceptance 
after minor reviews, for publication on the journal Wetlands 
Ecology and Management. 

The main vegetation types observed in the reserve are 
the chavascal, low várzea, and high várzea, in addition to 
herbaceous vegetation stands. The chavascal name is given to 
poorly-drained alluvial relicts, filled with large proportions of 
clay deposited during the aquatic phase and covered by a 
dense and species-poor shrub/tree community [11]. The flood 
duration in these habitats is reported as lasting about 180–240 
days per year, with water heights varying between 5 and 7 m. 
Low and high várzea habitats are differentiated by floristic and 
structural features induced by the hydroperiod, sharing 
between them only ~12% of the tree species [12].   
Low várzeas tolerate flood durations of 120-180 days, with 
water levels of 2.5 to 5 m. Due to the stronger flooding 
pressure, these areas have the fewest and smallest species, and 
higher individual density. High várzea communities have 

more complex canopy architectures and higher biomass, 
species richness and diversity. Flood duration varies between 
60 and 120 days per year, with maximum depths of 1 to 2.5 m. 
Depending on their position along the flooding gradient, some 
of these forests may experience less than 50 flooding days per 
year, and not experience any flooding during exceptionally dry 
years [8].  

For this study, we acquired images in two 
polarization modes: Fine Beam Single (FBS), with HH 
polarization, and Fine Beam Dual (FBD), with HH and HV 
polarizations. To better capture the flood pulse dynamics, a set 
of 26 scenes (Path 85, Frames 7120 and 7130) were acquired 
for several dates, chosen to provide the largest and most 
uniform range of water level conditions within the available 
imagery for the area. Water stage data was recorded at the 
Mamirauá Lake gauging station, located in the southern part 
of the study region. For each date, the corresponding adjacent 
scene pairs were mosaicked to provide complete coverage of 
the study area, resulting in a final set of 13 images (Table 1). 
The total area mapped comprises approximately 4680 km². 
All images were acquired at the 1.5 processing level, and 
converted   to   linear   backscattering   coefficients   (σ0) for 
statistical summarization. Final results were expressed in dB 
units, to allow comparisons with the previous literature. In 
addition to PALSAR images, georeferenced multispectral 
sensor mosaics with 5m spatial resolution of RapidEye 
(multiple dates between 2009 and 2011) and 2.5m spatial 
resolution of SPOT-5 (acquisition on 2012-11-08) images 
were utilized as aid for visual interpretation of the land cover 
classes in the study area. These images were acquired and 
provided by the Mamirauá Sustainable Development Institute, 
who manages the MSDR (www.mamiraua.org.br). 
 
 
 
 
 
 
 
 
 
 
 
Table 1. ALOS/PALSAR synthetic aperture radar images acquired at different 
dates and water stage levels, for mapping vegetation types and inundation 
extent within the Mamirauá Sustainable Development Reserve (Central 
Amazon, Brazil).Stage heights were obtained from the Mamirauá Lake 
gauging station (Ramalho et al. 2009; IDSM 2013). (@JAXA/METI) 

PALSAR Fine Beam 
image date 

Polarization 
mode 

Water stage  
(m) 

2007-06-14 FBD 36.06 

2007-07-30 FBD 33.37 

411 of 436



 

 
 

2007-10-30 FBS 27.00 

2007-12-15 FBS 31.07 

2008-05-01 FBD 35.12 

2008-08-01 FBD 32.85 

2008-12-17 FBS 30.02 

2009-06-19 FBD 38.32 

2010-03-22 FBS 32.72 

2010-05-07 FBD 35.65 

2010-06-22 FBD 36.28 

2010-09-22 FBD 24.71 

2010-12-23 FBS 27.38 

 
The classification method followed a similar approach to Silva 
et al. (2010) and Arnesen et al. (2013). Prior to image 
segmentation, temporal composite images were produced: 
Temporal Average Backscattering (TAB), comprising the 
average backscattering of the entire image series; Temporal 
Standard Deviation (TSD), comprising the per-pixel standard 
deviation for all observed values in the series, and Lowest 
Water Level Backscattering (LWB), simply defined as the 
scene with the lowest observed water stage level (2010-09-
22). These seasonal descriptors allowed the segmentation and 
classification to identify groups of pixels with similar time 
series of PALSAR backscattering coefficients.  

After segmentation, the mean and standard deviation 
of  σ0 were computed for each image object, separately for all 
15 available layers (single date images plus TAB and TSD), 
resulting in 50 object attributes across all dates and 
polarizations available. Using vegetation type information 
from 86 survey plots provided by the Mamirauá Institute for 
Sustainable Development, and supported by Rapid Eye, 
SPOT-5   and   Google   Earth™   high   resolution   imagery,   360  
objects were selected as training samples (72 objects per class) 
for subsequent radiometric analysis and classification.  
Five land cover classes recognized in the literature [12], [14], 
[15]:  three  main  arboreal  vegetation  types  (“Chavascal”,  “Low  
Várzea”  and  “High  Várzea”),  permanently  free  water  surfaces  
(“Water  Bodies”),  and  transient areas that alternate seasonally 
between water, substratum and herbaceous vegetation 
(“Herbaceous/Soil”).   Upland   areas   were   excluded   using   the  
wetland mask from Hess et al. (2003), and not further 
evaluated. Classification was based on the Random Forests 
(RF) algorithm, proposed by [16], as implemented in the 

“randomForest”   package   of   the   R   open   source   statistical  
programming environment [17].  

The accuracy of the vegetation map was assessed 
using 142 validation points, randomly distributed within the 
study area, to derive overall accuracy, class accuracy, kappa 
statistics [18] and quantity and allocation disagreement 
measures [19]. Quantity disagreement refers to the difference 
in area proportions between the reference data (training 
samples derived from field plots) and the classification. 
Allocation disagreement, on the other hand, is the proportion 
of misplaced objects from the classified map in comparison 
with positions in the reference data. Although Pontius and 
Millones (2011) condemn the use of the kappa index of 
agreement, we include it here to allow comparisons with 
previous literature. 
Flood extent maps were generated for all single date images. 
Flooded area for woody vegetation was determined based on 
simple thresholds, determined by the graphical analysis of 
backscattering values in each PALSAR scene, since the class-
specific backscattering response observed in the previous 
ScanSAR study was not observed in the predominantly 
flooded landscape of Mamirauá (Figure 5). 

Once flooded area was determined for each image in 
the time series, each flood map was associated to a 
corresponding water level, according to Table 1. Water levels 
considered too similar in terms of flood extent were grouped 
into a single class, and the image acquired on 2010-09-22 was 
excluded from the analysis, since it had a very low water level 
and negligible flood extent outside of permanent water bodies. 
This resulted in nine different inundation extent maps, 
corresponding to each water level (27.0, 30.72, 31.07, 32.72, 
33.73, 35.12, 35.65, 36.06 and 38.32 m).  

Average flood duration was estimated by taking the 
average stage height for all available data from the Mamirauá 
gauge (1991-2011; meters above sea level), and determining 
the number of days per year where this average was equal or 
above the observed stage height at the moment of image 
acquisition. Flood duration categories were established by 
taking this duration and extending it backwards until the 
previously observed duration category (see example on Figure 
6). Stage heights with very similar flood durations were again 
grouped into the same category, resulting in six flood duration 
classes. The single final map was derived by successively 
overlaying inundation maps of consecutive stage heights, and 
labelling all pairwise non-overlapping mapped areas as 
flooded between the levels observed for the first and second 
maps. Finally, all mapped Herbaceous/Soil areas were added 
to  the  map  as  belonging  to  the  “>295  flooding  days”  class,  and  
the mapped Water Bodies class was appended   as   a   “365  
flooding  days”  class. 
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Figure 5. Temporal variation of ALOS/PALSAR backscattering coefficients 
for the three main woody vegetation classes occurring on the Mamirauá 
Sustainable Development Reserve (Central Amazon, Brazil). The arrows 
indicate the period where flooding begins. The different flooding onset and 
flooding patterns for each class are visible. 
 

 
Figure 6. Mean water stage and shaded 95% confidence interval for the 1991-
2011 period, measured at the Mamirauá Lake gauge, Mamirauá Sustainable 
Development Reserve (Central Amazon, Brazil). (Ramalho et al. 2009; IDSM 
2013). The ordering of the Julian dates is offset, starting at the lowest mean 
water level to indicate the average onset date for the rising water period. The 
dashed line indicates the abnormally high water levels for the 2008-2009 
hydrological year, when iButton inundation data was recorded (Affonso et al. 
2011; Hess et al. 2011). Horizontal lines show the stage levels for two 
hydrologically consecutive image acquisition dates. According to our criteria, 
flood duration for the 2010-03-22 image is assumed to be between 175 and 
125 days. 
 
Flood mapping validation was performed using temperature-
based inundation data from [20] and [21], based on 
Thermocron® iButtons®. These authors have recovered 
inundation data from 18 sites within the MSDR, for the 2008-
2009 hydrological year. The location of each site was 
identified on the flood duration map, and the in situ duration 
of inundation was then compared to the estimated duration 
derived from the PALSAR time series.  

The best parameterization of the random forests 
algorithm resulted in an overall estimated OOB error of 
10.6%. The highest prediction errors were observed for 
Chavascal, with a 20% prediction error composed mainly of 
misclassification with Low Várzea (12.5%) and High Várzea 

(5.5%), and for Low Várzea with 13% prediction error, 
equally distributed between Chavascal and High Várzea. The 
remaining classes had prediction errors of 8% 
(Herbaceous/Soil), 6% (High Várzea) and 2% (Water Bodies).  

The resulting classification revealed a dominance of 
low várzea environments, and an overall complex mosaic of 
habitats resulting from the dynamic hydrogeomorphological 
characteristics of the area (Figure 7). Vegetative cover was  
  

 
 
Figure 7. Major vegetation types and habitats of the focal research area of the 
Mamirauá Sustainable Development Reserve (Central Amazon, Brazil) and its 
surroundings, mapped using ALOS/PALSAR image time series 
(@JAXA/METI), and the Random Forests classification algorithm. 
 
distributed as 1753 km² (37.7%) of Low Várzea, 873 km² 
(18.7%) of High Várzea, 832 km² (18%) of Chavascal, 711 
km² (15.3%) of Water Bodies, and 480 km² (10.3%) of 
Herbaceous/Soil. Independent validation yielded an overall 
accuracy of 83%, with a kappa index of agreement of 0.8. The 
worst results were again observed for the Chavascal and Low 
Várzea classes, while the Herbaceous/Soil class had the largest 
spread of misclassification. Overall disagreement rates were of 
5% for quantity and 10% for allocation. The highest allocation 
disagreement was observed for the Low Várzea class, with 9% 
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of misplaced objects, followed by Chavascal, with 8% and 
High Várzea with 4%. Both Herbaceous/Soil and Water 
Bodies did not have a significant amount of misplaced objects. 
Quantity disagreement indicated underestimation of 
Herbaceous/Soil (~4%), resulting from confusion with Water 
Bodies, with negligible errors for the remaining classes (~1-
2%).  

The final image-specific thresholds selected for 
inundation mapping varied between -6.57 and -5.85 dB, 
resulting in estimated flooding durations between less than 40 
days and more than 295 days, in addition to the permanently 
flooded areas (Figure 8). Overall, most areas were inundated  
 

 
Figure 8 - Estimated duration of inundation, based on a time series of 
ALOS/PALSAR image data (@JAXA/METI), for the focal research area of 
the Mamirauá Sustainable Development Reserve and surroundings, Central 
Amazon floodplain, Brazil. 
 
for less than 40 days or for 125 to 175 days. The agreement 
between estimated flood durations and ground data from [20] 
was variable; from the 18 records, eight corresponded to the 
actual range of estimated flood duration, nine were off by one 
estimated class, and one was off by two classes.  

We believe that the maps obtained do represent the 
overall spatial distribution and variability of flooding in the  

studied system, as three main sources of error can account for 
the observed disagreements: positional errors between in situ 
stations and image data; inherent variability of flood duration, 
as shown by the confidence intervals on Fig. 3; and the fact 
that iButton data was acquired during the 2008-2009 
hydrological year, the second largest flood of the last 50 years 
(Fig. 3), whereas our imagery spans a broader time period.The 
intersection of vegetation types and flood duration classes 
showed that chavascal areas had the most varied inundation 
pattern, covering the entire range of estimated flood duration 
classes, with a higher frequency (49%) in the range of 105 to 
125 days of flooding per year (Figure 10). Low várzea areas, 
on the other hand, occurred predominantly on the class labeled 
as 175 to 295 days of flooding, followed by the 125 to 175 
days of flooding class. High várzea agreed more closely with 
the expected distribution across the flood duration classes, 
with the highest frequency observed at less than 40 days of 
flooding per year. Moreover, about 181 km² of this class 
occurred in areas that were never mapped as flooded, 
considering the existing range of images (and which were 
added  to  the  “<  40  days  of  flooding  class”).   

 
Figure 10. Relative area for each combination of land cover and flood 
duration classes derived from ALOS/PALSAR image time series for the 
Mamirauá Sustainable Development Reserve (Central Amazon, Brazil). 
 
Once again, the availability of multitemporal information was 
paramount to obtain accurate class discrimination. Due to their 
higher structural similarity, woody vegetation classes tended 
to share most of the misclassification errors, which may have 
led to the overestimation and erroneous allocation of Low 
Várzea objects, compared to Chavascal and High Várzea. 
While chavascal areas tend to form more homogenous and 
densely packed stands and high várzea forests will often 
correspond to complex, relatively stable vegetation 
assemblies, low várzea regions can display a wide range of 
community composition and structural characteristics, 
depending on relative age and position along the flooding 
gradient.  
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The intersection between vegetation and flood 
duration classes showed a wider range of combinations than 
expected based on the literature. Chavascal areas had shorter 
inundation periods than the usually recognized [12], [14], 
while low várzea was distributed between flood duration 
ranges that were higher than reported by the literature (120 to 
180 days). It is apparent from the results that forests with a 
highly variable range of structural and taxonomic 
characteristics are distributed within the range of 
approximately 50 to 200 days of flooding. 

While some of the unusual combinations of 
vegetation and flooding observed likely occurred due to 
classification errors, these results suggest that such 
information can be a good indicator of the complex gradient of 
habitats along the floodplain, including the identification of 
rare habitats. For example, shrub-like vegetation occurring in 
areas flooded for short periods (mislabeled as chavascal) could 
indicate prevailing soil properties, such as high clay content 
and/or high phreatic levels, while forest communities growing 
at sites that were never mapped as flooded could indicate areas 
that only flood during extreme hydrological events, for short 
periods. As only 31% of várzea tree species are shared with 
upland forests, of which 67.5% are restricted to high várzea 
[22], these areas could house species or assemblages that are 
currently rare in the landscape, but have the potential to 
become more prevalent under current scenarios of longer dry 
periods and more frequent extreme climatic events predicted 
for Amazonian environments [23], [24].  
 
Section 3 -  Using classified JERS-1 imagery to investigate 
the influence of wetlands and hydromorphic soils on 
riverine DOC  
 The concentration of dissolved organic carbon 
(DOC) varies considerably among major tributaries of the 
Amazon River system with the highest levels occurring in the 
Negro River. The DOC present in the river system is thought 
to be derived, in part, from hydromorphic podsols, where 
anoxic conditions during seasonal flooding promote the export 
of terrestrial organic matter. Extensive alluvial wetlands 
provide a similar anoxic environment with the potential for 
exporting large amounts of both terrestrial and aquatic organic 
matter to the associated river system. To investigate the 
influence of these two potential sources of organic matter on 
the DOC levels in the Amazon river system, we used a 
multiple linear regression approach, where the average 
concentration of DOC (mgC/L) encountered in the river was 
regressed against the percent of the upstream drainage basin 
occupied by alluvial wetlands (%W) and hydromorphic 
podsols (%HP):  
 

DOC = B0 + B1(%W) + B2(%HP)  (1) 
 
The DOC concentrations were average values for 21 sampling 
points along the Amazon main stem and near the mouths of its 

principal Brazilian tributaries (Fig. 11) determined during 13 
cruises of the CAMREX Project between 1982 and 1991 [1]. 
 

 
Figure 11. Points along the Amazon main channel (yellow squares) and it 
major Brazilian tributaries (blue points) where average DOC concentrations 
were determined. Data derived from 13 cruises of the CAMREX Project, 
1982-91. 
 
The percent of hydromorphic podsols present in the basin 
upstream from each sampling point was estimated from soil 
maps derived from the Project RADAM Brasil  (Fig. 12).  
 

    
 
Figure 12. The distribution of hydromorphic podsols in the Amazon Basin, in 
red. Data from Project RADAM Brasil (1972). 
 
The percent of wetland in the basins upstream from the 
sampling points was estimated from the wetland mask (Fig 
13) developed by Hess et al [9] from the analysis of the JERS-
1 high water mosaic developed and distributed by JPL/NASA 
(@NASDA/MITI).  
 Both %wetland and %podsols contributed 
significantly to the regression equation (Fig. 13), indicating 
that riverine DOC was derived from both sources. Together 
these two factors explained 86% of the observed variation in 
average DOC (r2 = 0.86, Fig 13).  Most of the observed 
variation was due to the Negro River. However, when this 
point was removed, the regression remained significant and 
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the resulting regression equation did not differ significantly 
from the original. Since most of the hydromorphic podsols are 
located in the Negro Basin, we presume that most of the 
remaining variation is due to alluvial wetlands.  Hydromorphic 
soils are also essentially seasonal wetlands. Thus we conclude 
that the dissolved organic carbon in the Amazon river system 
is derived predominantly from wetlands. Since DOC 
represents approximately 50% of the all carbon transported in 
the river system [1], wetlands clearly play a major role in the 
carbon dynamics of the system.  
 

 
 
Figure 13. Wetland mask developed by Hess et al (2002), from the analysis of 
the JERS-1 high water mosaic. Potentially flooded area shown in blue. 
 

 
Figure 14. Regression results of average DOC concentration against   
%wetlands (%W) and % hydromorphic podsols (%HP) upstream of sampling 
sites along the Amazon main channel and its principal Brazilian tributaries. 
Regression equation and plot of predicted vs observed DOC shown. 
 

SUMMARY 
Our results demonstrate the potential contribution of 

SAR remote sensing to the monitoring and management of 

Amazon wetland environments, providing not only accurate 
information on spatial landscape configuration and vegetation 
distribution, but also important insights on the ecohydrological 
processes that ultimately determine this distribution. SAR 
systems are unique in their ability to map both vegetation  
distribution and flooding extent, and the combination of the 
two, together with a multitemporal approach, offers unique 
insight into the functioning of wetland ecosystems. 
Information derived from these studies also provides a solid 
basis for the study of plant and animal species distribution and 
habitat use, as well as an understanding of spatial variability of 
biogeochemical processes, and may ultimately support 
ecosystem modeling efforts and the forecasting of different 
ecological scenarios. It also provides an ideal database for 
testing the spatial implications of the "flood pulse concept" 
[25], [26], a general theory of floodplain ecosystems which 
relates flood durations and other hydrological characteristics 
to the distribution and dynamics of aquatic flora and fauna. 
Based on our results, we are confident our method could be 
successfully replicated in larger scale, to map flooding 
dynamics and habitat distribution over larger areas of the 
Amazon basin, as well as other seasonal wetland 
environments, and thus providing critical information for the 
management and conservation of these threatened 
environments.  

Based on our initial results using the JERS-1 imagery 
(Fig 14), regional variation of DOC in the Amazon river 
system appears to be closely linked to wetland distribution. 
When multitemporal basin wide mosaics become available, it 
should be possible to investigate the influence of seasonal 
inundation on DOC export from these environments and 
further our understanding of their role in the regional carbon 
cycle.      

REGARDING GROUND DATA 
Based on our original proposal, INPA agreed to 

provide JAXA with geocoding points, wetland vegetation 
biomass estimates and field validation of wetland habitat 
classifications along 2000 km of the central Amazon 
floodplain and along the Madeira and Negro rivers derived 
from local field collections. Due to changes in the geographic 
scope and objectives of our project, justified above, the 
extensive field measurements necessary to provide these data 
were not performed.  
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I. INTRODUCTION 

A. About Phase 3 reporting 
The Kyoto & Carbon (K&C) initiative as an international 

collaboration that continuous the work of previous initiatives 
as the Global Rain Forest Mapping (GRFM) [7] and Global 
Boreal Forest Mapping (GBFM) [8], launched the Advanced 
land Observing Satellite (ALOS) in January 2006 [2]. On 
board the Panchromatic Remote-Sensing Instrument for Stereo 
Mapping (PRISM), Advanced Visible and Near-Infrared 
Radiometer 2 (AVNIR-2) and Phased Arrayed L-Band SAR 
(PALSAR). ALOS is considered a pathfinder mission with 
great advances in terms of a global monitoring system, due to 
the advances instruments, i. e. PALSAR as well as the 
systematic data acquisition strategy (BOS), designed to 
generate consistent, wall-to-wall, systematic land observations 
at fine and medium resolution [6]. 

 
Previous significant analysis in Colombia using remote 

sensing techniques for monitoring purposes was performed by 
the Hydrology, Meteorology and Environmental Studies 
Institute (IDEAM) of Colombia to evaluate the status and 
trends of forest cover, carbon stocks and deforestation [9] and 
the Alexander von Humboldt Institute to assess the status and 
determine trends of Andean Ecosystem in Colombia [10], both 
approaches was performed mainly using imagery sensible to 
cloud cover interference (i.e. LANDSAT ETM+ and TM, 
MODIS, ) and in the case of the IDEAM project ALOS-1 
PALSAR where applied for certain areas where the cloud 
cover was almost permanent trough the year. Due the 
limitation of these sensors to cloud cover the analysis from 
IDEAM [9] 2.2%, 1.9%, 2.6% and 3.3% (of 1 140 620 Km2 
analysed) where classified as no information due to cloud 
cover for the 1990, 2000, 2005 and 2010 respectively [9]. 

 
ALOS PALSAR data products are suitable for the 

implementation of a remote sensing monitoring program for 
Colombia, due to the advances of the Phased Arrayed L-Band 

SAR to acquire information of land night and day and in any 
weather conditions. Highly deforestation rates (3365 Km2/Yr) 
[9] and recent maximum historical flooding event from 2010 
and 2011 reassert the need of a monitoring system for 
wetlands and forest at national level, where ALOS PALSAR 
can contribute significantly due the characteristic of the 
imagery products and systematic data acquisition strategy. 

 
For the K&C Phase 3, The Nature Conservancy (TNC) has 

join the initiative to incorporate ALOS PALSAR data on the 
scientific production of outputs for conservation porpoises; by 
a research collaboration lead by The Japan Aerospace 
Exploration Agency (JAXA) and the Northern Andes and 
South Central America (NASCA) program from TNC.
  

II. DESCRIPTION OF YOUR PROJECT 

A. Objectives and relevance to the K&C drivers 
 
The Nature Conservancy (TNC) works in the Magdalena-

Cauca Basin promoting a vision and integrated management 
for conservation and ecosystem services that benefit about 80% 
of Colombians. As part of this strategy, TNC is developing 
scientific outputs and methodologies to include those in a water 
management tool for managing information and generate 
knowledge and supplies to make more informed decisions.  

 
This work is useful for generating management scenarios 

(to represent decisions on water management), development of 
productive sectors (such as plans hydroelectric expansion) and 
change under uncertainty (to simulate management under 
climate change scenarios or changes in cover and land use). 
Contributing at national level to strategies for wetland 
protection understanding the temporal and spatial variability of 
fresh water ecosystems; and at the same time contribute to 
international conventions as terrestrial carbon cycle science 
community, environmental conservation, Great Rivers 
Partnership (GRP), the RAMSAR convention on Wetlands, the 
UNFCCC Kyoto Protocol, the World Summit on Sustainable 
Development and the UN Convention to combat 
Desertification. 
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This study was implemented on the Magdalena Basin 
region of Colombia, to contribute on two aspects: 

 
1. Apply ALOS PALSAR imagery to identify 

wetlands and produce a flood frequency analysis 
for the Magdalena Basin. 

2. Map vegetation types for the Magdalena Basin 
using ALOS PALSAR products.  

 
Applying radar technology and showing their applications 

scope for baseline studies, this work will contribute to the 
implementation of methodologies generated on the K&C 
initiative in complex regions as Magdalena Basin (i. e. highly 
cloud coverage and from complex topographies to flood plains 
and deltas) and at the same time contribute to the initiative with 
ground truth data from different ecosystem types present on the 
Magdalena Basin. 

 

B. Work approach 
The products presented in this paper were created by SarVision  
in the frame of a conjunct collaborative project with TNC and 
SEI (Stockholm  Environmental Institute) The following  
sections and figures are contained in  the report presented by 
SarVision to TNC and SEI in 2013, [14], [15], [16].  
   
All the pre-processing and classification approaches were 
performed by SarVision using Gamma software and in-house 
made algorithms. Alos PalSAR Data was provided by JAXA in 
the frame of K&C - Wageningen University agreement and 
some additional radar strips to complete the time series were 
kindly shared by INPE.  
 

The pre-processing procedures for flood frequency and 
vegetation types analysis includes the absolute radiometric 
calibration to convert raw values to Gamma nought (γ0) 
backscatter intensity, georeferencing using the SRTM DEM at 
90 meter resolution, geometric terrain correction, radiometric 
terrain correction, masking the background of the imagery, 
convert the Gamma nought values to decibels scale (dB) and 
compile the corrected and co-registered imagery (Figure 1). All 
this pre-processing procedures where performed to ensure the 
quality of the products avoiding misclassification and 
distortion on backscatter values. 

 

 
Figure 1. Processing performed in each of the acquired images ALOS 

PALSAR for this project. SARVISION 2012. 
 
 
 

1. Flood Frequency Mapping 
 

The Wide Beam (WB) polarization HH ALOS PALSAR 
product was selected for the flood frequency analysis, in this 
case the spatial resolution (100 meters) was not the criteria for 
the selection of the product to do the analysis. The systematic 
acquisition design of the WB offers a suitable product to detect 
wetlands and produce flood frequency map where the objective 
is provide information to understand the spatiotemporal 
dynamics of highly variable ecosystems as wetlands. To 
increment the temporal resolution of the analysis a 
collaboration from NASA (NASA) and Instituto de Pesquisas 
Espaciáis (INPE, Brasil) where some additional pre-processed 
imagery was included (WB 1-2). Two classes of flooded areas 
was classified open water and flooded area under the canopy 
(integrates the vegetation type classification where all the 
classes was analysed for the backscatter values on the WB 
HH). 

 
2. Vegetation Types Mapping 

 
For the vegetation mapping the selected ALOS PALSAR 

products from Fine Beam Dual-Polarization (FBD) at HH+HV 
or VV+VH and Fine Beam Single-Polarization (FBS) at HH 
with 50 meter resolution. The imagery was selected based on 
the acquisition dates to combine imagery from dry and wet 
season to include the dynamic of change on soil moisture and 
floods on the classification of vegetation types.  

 
The process of classification of radar images was a 

combination of processes supervised and unsupervised 
classification, including the selection of homogeneous areas 
and statistically comparable serving to identify radar signals for 
each of the possible, segmentation procedure. These statistical 
values are the basis for grouping of pixels within a routine 
previously defined filter, resulting in an image classified into 
different clusters. The methods applied where development by 
SARVISION for the classification of land use / land cover and 
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fully described on [11] and [12]. The vegetation type 
classification where defined by the Land Cover Classification 
System (LCCS) [13], different classes represent a position on 
the landscape (i. e. highlands or lowlands), vegetation structure 
attributes and soil moisture levels. 

 
 
 
 
 
 
 
 

 
Figure 2. Detail in a scene from one of the images of the Magdalena area 
to illustrate the effect of radiometric terrain correction applied to each of 
the images used in this project. The images on the right and the left 
correspond to the same area and have the same scale. Images before (left) 
and after (right) the geometric and radiometric correction. 2013 © 
JAXA/METI, Analysed by SARVISION. 

C. Satellite data 
All the imagery, Wide Beam and Fine Beam, used in this 

project was provided by JAXA trough the EORC and the 
AUIG (ALOS User Interface Gateway) at a SLC 1.1 level. The 
1.1 level permits to correct distortions of the radar imagery.  

 

 

 
Figure 3. Color composite images from June 2008 FBD HH-HV-HV/HH. 
To the left a mosaic of lines processed without radiometric corrections 
shown. On the right the same compound with color corrected images for 
the effect of angle of incidence and calibration errors. 2013 © 
JAXA/METI, Analysed by SARVISION. 
 

D. Ground data 
The calibration data for vegetation type and flood 

frequency analysis was obtained from project areas from TNC 
on the Magdalena Basin, georeferenced photographs of 
vegetation types, and from the inspection high resolution 
imagery available on Google Earth. Al the georeferenced 
photographs are delivered to JAXA and are available for all the 
K&C Initiative researchers. 

 

III. RESULTS AND SUMMARY 
 
The pre-processing analysis permitted to generate imagery 

controlling the noise generated by the complexity of the 
roughness of the land surface (Figure 2) and generates 
consistent and comparable mosaics to perform the vegetation 
type classification (Figure 3) and flooded areas in each period 
of time (Figure 4) without differences on calibration and free 
from the effects of angle of incidence. 

 

 
Figure 4. WB images covering the study area for two different dates. Note 
that despite the radiometric corrections, although the connection between 
lines is observed, but this difference is not greater than 0.5 dB in the 
calibration and the effect on the analysis of floods is not significant. 2013 
© JAXA/METI, Analysed by SARVISION. 
 

A. Flood Frequency Mapping 
 
In total 25 mosaics where processed covering the study 

area, completing a dense time series for analysis of flood 
pulses. The mosaics were made using nearly as lines. Some 
mosaics were covered by three lines while others required 3 
lines. A total of 25 tiles which 4 are incomplete and 21 
covering the study area were completed in full.  
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Table 1 shows the dates of acquisition for each of the 65 
lines ALOS PALSAR radar WB-HH covering the study area in 
the period between the years 2007-2010, for different mosaics 
(F01-F31). 

 

 

 

 

 

 

Table 1. Acquisition dates for each of the lines WB that make each tile (F0 
...). The lines that make each tile is the same color. 

 
All lines were inter-calibrated with a calculated <0.5 dB 

margin. This ensures that the processing is comparable 
between the different dates. Figure 4 shows three of the 25 
mosaics of ALOS PALSAR HH WB-100 available for analysis 
of flood pulses, images at 100 meter resolution. 

The flood frequency map integrates the 25 different 
mosaics generated for the period between the years 2007-2010 
differentiating between open water and flooded areas under the 
canopy. The open water areas are dominant on the Basin due to 
the highly transformation rates (Figure 5). 

 
Figure 5. Flood frequency map for the entire study area (left) and a 
selection of windows (right). Frequency of flooded areas (darker more 
frequently flooded areas in blue tones). Frequency of flooded areas under 
canopy (most frequently flooded areas in darker greens). 2013 © 
JAXA/METI, Analysed by SARVISION. 

 

B. Vegetation Types Mapping 

In assessing the availability and quality of the images, it 
was found that not all lines were available for all years (2007-
2008-2009-2010) and some lines are incomplete or do not exist 
or are not processed by JAXA, making it impossible to 
complete the mosaic area covering the entire area of study for 
all dates. 

The mosaics of FBD (HH-HV) 2008 and 2010 FBS (HH) 
are complete and no apparent problems of calibration. The 
mosaics FBSHH 2008 and 2009 and FBD FBDHV 2010, are 
incomplete and calibration problems which required additional 
processing and find the possible way to complete the missing 
information. In this way it was possible to complete mosaics 
for the same year using the closest in time and with the greatest 
possible coverage lines (Table 2). 

Table 2. Acquisition dates for each of the lines that make up the mosaic of 
the study area for different dates and polarizations (orange). Acquisition dates 
for each band of radar for each tile are shown in green. Acquisition dates in 

blue and purple lines pointing radar that showed irregularities in the calibration 
and in the coverage of the study area, 

respectively

 
The legend of this map follows the parameters of structural 

description of vegetation that could be identified by the radar. 
A total of 21 classes, including 16 classes of vegetation types, 
3 classes where there is a drastic change in vegetation from 
2008 to 2009, water and cities were defined (Figure 6). An 
additional class corresponds to areas where no rating 
information radar due to the steep slope. All the classes 
obtained from the classification were statistically 
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distinguishable based on differences on the backscatter 
(maximize the variability between classes and reduce the 
variability within every class). 

 

 

 
Figure 6. Final map of vegetation types (right) classification result of the 

combination of images Alos PALSAR HH and HV composite color (left): 
R:FBDHV (2008), G: FBDHV (2009), B: FBD-FBSHH (mean 2008-2010 ). 
2013 © JAXA/METI, Analysed by SARVISION. 

 
Conclusions and future perspectives: 

 
x Based on the characteristics of Wide Beam and Fine 

Beam products the application of these to generate 
baseline and monitoring for forest and wetlands is 
plausible for the Magdalena Basin eliminating the 
interference of cloud cover but with limitations on the 
mountain region especially on steep slopes. 

x The strategy of acquisition and the HH polarization for 
the WB imagery demonstrated the utility of this 
product to complete  dense time series for analysis of 
flood pulses and understand the dynamic of freshwater 
ecosystems on the Magdalena Basin 

x Consistent vegetation types where generated using 
Fine Beam (FBD and FBS) products reflecting 
vegetation structure and soil moisture. 

x The products accessible via K&C Initiative have 
provided a successful application for wetland and 
vegetation types mapping, and definitely is potentially 
a starting point for an early warning system. The 
methods used in this project where defined as the 
official methodology for the wetland mapping in 
Colombia and official institutions started working with 
K&C members; including JAXA, SARVISION, 
GAMMA and TNC; for training porpoises and apply 
the present methodology at national level. These 
products will be integrated for decision support tools of 
in Colombia due to the ongoing projects between TNC 
and Ministries and other official agencies. 
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Abstract— We utilize L-band Synthetic Aperture Radar (SAR) 
datasets from ALOS PALSAR to map and monitor open water 
and wetlands in boreal North America and Boreal Eurasia.  
ALOS PALSAR data include data supplied by the K&C datasets 
and the AUIG. We utilize multi-temporal SAR data to map 
variability in open water and land surface freeze-thaw state. We 
apply a statistically-based decision tree classification approach to 
the PALSAR data to derived maps of wetlands vegetation for 
regions within Alaska and western Canada. We compare these 
maps to a synoptic wetlands map encompassing all of Alaska that 
was derived from summertime and wintertime JERS-1 SAR 
mosaics as part of our Phase I&II K&C efforts. We show 
associated wetlands change maps for these regions. We apply 
data from ASCAT, ERS Scatterometer and SSM/I to derive 
global maps if fractional inundation land at a 25km posting 
(1992-2013). We compare PALSAR-based products with these 
coarse-resolution products to examine sensitivity of the course 
resolution data sets to open water and inundated vegetation. This 
work has formed the basis for assembly of extensive global-scale 
Earth system data record (ESDR) to include ALOS PALSAR 
mappings of critical wetlands regions with both fine beam and 
ScanSAR data sets. All datasets are avaible through our NASA 
Project web site (http://wetlands.jpl.nasa.gov) and through the 
designated long-term archive at the Alaska Satellite Facility 
(http://www.asf.alaska.edu/wetlands/). 

Index Terms—ALOS PALSAR, K&C Initiative, Wetlands Theme, 
Wetlands, Innundation 

I. INTRODUCTION 
Wetlands act as major sinks and sources of atmospheric 

greenhouse gases and can switch between atmospheric sink 
and source in response to climatic and anthropogenic forces. 
Despite their importance in the carbon cycle, the locations, 
types, and extents of wetlands are not accurately known, in part 
because suitable remote sensing data with large-area coverage, 
and their respective classification algorithms, have not been 
available. The timing of spring thaw can influence boreal 
carbon uptake dramatically through temperature and moisture 
controls to net photosynthesis and respiration processes. With 
boreal evergreen forests accumulating approximately 1% of 
annual net primary productivity (NPP) each day immediately 
following seasonal thawing, variability in the timing of spring 
thaw can trigger total interannual variability in carbon uptake 
on the order of 30%. Satellite remote sensing is particularly 
advantageous for complete synoptic study of the behavior of 
wetlands ecosystems, surface water dynamics, and large-scale 
seasonal dynamics across the high latitudes, allowing useful 
inference of recent greenhouse gas emissions as well as 
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supporting prediction of processes governing future land-
atmosphere carbon exchange. 

 Phases I & II of our research under the Kyoto and Carbon 
(K&C) Initiative focused on development and demonstration of 
capabilities for mapping and monitoring of northern wetlands 
ecosystems and on characterization of seasonal freeze/thaw 
cycles in northern high latitude ecosystems. As part of our 
Phase II effort, we mapped wetlands ecosystems in Alaska and 
Northern Eurasia with L-band Synthetic Aperture Radar (SAR) 
utilizing both JERS SAR and ALOS PALSAR data. Our Phase 
III effort builds upon these effects. We now provide the final 
PALSAR-based mappings of Alaska, and development of 
products from Western Canada. We also examine time series 
inundation and freeze-thaw mappings of Alaska using multi-
temporal PALSAR imagery. 

II. DESCRIPTION OF PROJECT 

A. Objectives and relevance to the K&C drivers 
Our primary objective is to employ ALOS PALSAR data 

sets to map inundated wetlands in various regions across the 
globe. We support several regional efforts through our 
collaborations under the K&C Initiative in this endeavour. This 
report emphasizes regions in boreal North America. We also 
enlist PALSAR to monitor landscape freeze-thaw state for 
Alaska.  

Our project is undertaken with support from NASA for 
constructing a global-scale Earth System Data Record (ESDR) 
of Inundated Wetlands to facilitate investigations on the role of 
inundated wetlands in climate, biogeochemistry, hydrology, 
and biodiversity. The ESDR will enable advances in 
understanding the role of wetlands in 1) global cycling of 
methane, carbon dioxide and water, 2) interactions among 
climate, greenhouse-gas emissions, and water exchange, 3) 
climate change effects and feedbacks, 4) maintaining 
ecological health and biodiversity of critical habitats, and 5) 
management of water resources for long-term sustainability.  

The ESDR will provide the first accurate, consistent and 
comprehensive global-scale data set of wetland inundation and 
vegetation, including continental-scale multitemporal and 
multi-year inundation dynamics at multiple scales. Each 
component of the ESDR has been designed to facilitate a range 
of studies by addressing critical gaps in data and understanding 
of the role of inundated wetlands in important cycles and 
processes. The regional high-resolution component derived 
from the SAR observations provide key information needed for 
regional- to continental-scale studies focusing on 
biogeochemistry, hydrology, plant and animal biodiversity, 
water resource management, and long-term sustainability of 
wetland ecosystems. The global, monthly ~25 km inundation 
data set, spanning almost two decades, represents a unique, 
comprehensive source of quantitative information to support 
analyses and modeling of wetlands in global cycling of 
methane, carbon dioxide and water, and in simulating 
interactions among climate, greenhouse-gas emissions, and 
water exchange for past, current and future time periods. 

Comparison and validation of these data sets will ensure self-
consistency within the ESDR. Description of the project 

Relevance to the K&C drivers: 

The overarching objective of our project is to develop 
products that demonstrate, support, and provide a capability for 
characterization of carbon cycling processes in boreal/Arctic 
wetlands ecosystems and as related to seasonal freeze/thaw 
cycles in ecosystems in boreal/Arctic regions. We capitalize on 
the systematic acquisition strategies implemented for the 
ALOS PALSAR specifically focusing on high-latitude wetland 
regions to prototype capabilities over North American and 
Eurasian sites. We use multi-temporal datasets to address 
issues of seasonal change. These prototype land cover 
classification products are developed to enable unique and key 
information for use with ecosystem process models for 
assessing land-atmosphere carbon exchange. 

Wetlands exert major impacts on biogeochemistry, 
hydrology, and biological diversity. The extent and seasonal, 
interannual, and decadal variation of inundated wetland area 
play key roles in ecosystem dynamics. Wetlands contribute 
approximately one fourth of the total methane annually emitted 
to the atmosphere and are identified as the primary contributor 
to interannual variations in the growth rate of atmospheric 
methane concentrations. Climate change is projected to have a 
pronounced effect on global wetlands through alterations in 
hydrologic regimes, with some changes already evident. In 
turn, climate-driven and anthropogenic changes to tropical and 
boreal peat lands have the potential to create significant 
feedbacks through release of large pools of soil carbon and 
effects on methanogenesis. Despite the importance of these 
environments in the global cycling of carbon and water and to 
current and future climate, the extent and dynamics of global 
wetlands remain poorly characterized and modeled, primarily 
because of the scarcity of suitable regional-to-global remote-
sensing data for characterizing their distribution and dynamics.   

In the northern high latitudes open water bodies are 
common landscape features, having a large influence on 
hydrologic processes as well as surface-atmosphere carbon 
exchange and associated impacts on global climate. It is 
therefore important to assess their spatial extent and temporal 
character in order to improve hydrologic and ecosystem 
process modeling. Spaceborne SAR is an effective tool for this 
purpose since it is particularly sensitive to surface water and it 
can monitor large inaccessible areas on a temporal basis 
regardless of atmospheric conditions or solar illumination.  

B. Work approach 

We employ a supervised decision tree approach to 
PALSAR data to classify wetlands vegetation and open water 
for regions of Alaska. This is the same powerful statistically-
based decision tree classification scheme developed previously 
under our Phase I & II efforts. Along with the PALSAR data, 
the technique employs topography, ground-based 
measurements of land cover, a SAR-based open water map, 
and other ancillary data layers derived from the SAR and DEM 
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datasets to classify wetlands regionally. We also used 
multitemporal PALSAR data to examine change in open water. 
Wetlands mapping activities include the mapping and 
monitoring of water bodies for characterization of the change 
in surface water seasonally. Comparison of these new 
PALSAR data set with those derived from JERS SAR allows a 
decadal change assessment in wetlands vegetation. Assessment 
of these products continues under our NASA science 
investigations. 

We developed a framework for monitoring temporal and 
spatial dynamics in surface water with ~25-km resolution data 
sets from SeaWinds-on-QuikSCAT and AMSR-E 
active/passive microwave data. Comparing our PALSAR 
products with these over areas where PALSAR data have been 
collected and analyzed validates the capability of the coarse 
resolution products to monitor surface water dynamics 
globally.  

Our project focused on a combination of local-scale 
hydrological basin study sites and regional-scale study areas. 
Dataset assembly, algorithm development, and algorithm 
prototyping were initially conducted in boreal North America, 
primarily in Alaska. As the scope of our work is global, we 
support assembly of large-scale PALSAR data sets are 
continental scales world-wide. This work is integrated within 
the K&C Phase II efforts of Bruce Chapman and Lisa Rebello. 

 We employed multi-temporal ALOS PALSAR to map 
open water bodies in Alaska. A supervised decision tree-based 
approach was used to generate open water maps. We expand 
on previous work conducted with ALOS PALSAR and the 
JERS SAR. Multi-temporal SAR imagery is applied to 
prototype the capability for monitoring seasonal hydrologic 
dynamics. Digital Elevation Models (DEMs) and derived slope 
were also employed in the decision tree classifier. These 
supplementary data aided significantly in improving the 
classification performance in topographically complex regions 
where radar shadowing was prevalent. 

We integrate the open water maps with the SAR imagery 
into a decision tree-based classification construct to derive 
maps of wetlands vegetation for the study regions.  The 
resulting products are compared to our Alaska  wetlands map 
previously derived with JERS data under our prior K&C 
Initiative efforts. Maps of decadal change in wetlands 
vegetation are derived.  

B. Satellite data 
We utilize PALSAR data available to us through the 

systematic acquisitions detailed in the Kyoto and Carbon 
(K&C) Science Plan. For our Alaska effort, PALSAR fine-
beam single pol (HH) and dual-pol (HH+HV) data available 
through the K&C datasets and Alaska Satellite Facility (ASF) 
(Figure 1). Landscape classification approaches and associated 
algorithm implementation were carried out with the PALSAR 
data over our study regions. This approach was developed 
based on prior work with JERS-1 data. Figure 2 shows the flow 

process associated with JERS-1 SAR product development. 
Our approach with PALSAR is similar. 

C. Ground data 
Derivation of the remote sensing-based mappings makes 

use of important ancillary data sets incorporated within the 
classification construct. These include DEMs, Landsat 
imagery, and ground measurements acquired from external 
project sources and applied here for training and validation. 
DEMs from the Shuttle Radar Topography Mission (SRTM) 
were employed for the Eurasian basin regions where the basins 
fall within the domain of the SRTM datasets (i.e. south of 60 
deg. N latitude; http://srtm.csi.cgiar.org/). For Alaska, we 
employ the GTOPO30 Global 30 Arc Second Elevation Data 
Set available from the U.S. Geological Survey 
(http://eros.usgs.gov/#/Find_Data/Products_and_Data_Availab
le/gtopo30_info). Figure 3 shows the spatial extent of the 
National Wetlands Inventory (NWI) data and the National 
Land Cover Database (NLCD) in Alaska. These data are 
available only over Alaska and other US regions. Canada is not 
covered by any of the ground survey data employed in 
development of our ground products. 

 

III. RESULTS AND SUMMARY 
Our work during Phases I & II of our K&C activities 

included  derivation of the first synoptic wetlands map of 
Alaska (Whitcomb et al 2009). This product was generated 
using dual season winter and summer JERS SAR mosaics of 
Alaska. Derivation of this product utilized a statistically-
based decision tree classification approach based on the 
random forest software (Breiman, 2001). Under K&C Phase 
III, we built upon these efforts, reassembling the JERS SAR 
data and associated ancillary files, and we extended the 
regon of classification to western Canada (Figure 4). We 
then extended this effort to assemble and utilize a PALSAR 
mosaic (Figure 1) and completed a PALSAR-based 
classification of Alaska and western Canada (Figure 5) 
Having generated data sets from JERS and PALSAR, we 
then derived change maps  depicting change on wetlands 
vegetation across a decade (Fig. 6). 

 The classifications depict open water and principal 
vegetation classes (e.g. non-vegetated, herbaceous, shrub, 
woodland, forest) and their associated inundation state. The 
examples from PALSAR shown here were generated from 
fine-beam PALSAR data provided through the K&C project 
the JAXA AUIG and the Alaska Satellite Facility. These 
maps are supporting efforts to develop a hydro-methane 
modeling construct for assessing land-atmosphere carbon 
exchange in northern wetlands ecosystems. 

Dynamic inundation and seasonal freeze/thaw state has been 
characterized with time series PALSAT coverage over 
Alaska. A temporal monitoring scheme was developed 
(Figure 7) and applied to multi temporal SAR acquisitions. 
Results are shown in Figure 8. 
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Future activities tht would be conducted under a potential 
Phase 4 activity would include extension of this work to 
supporting carbon, water and energy cycle science. The 
efforts supported under Phase 3 have related primarily to 
product and algorithm development. Future efforts would 
more fully integrate these products within modelling and 

analysis schemes to quantify carbon, energy and water cycle 
components. This would also capitalize on global-scale 
work conducted under our NASA-supported efforts by our 
collaborators. We also anticipate conducting biodiversity 
research and food and water security issues.

 
 
 

 
Figure 1. Mosaic of JERS-1 (summer) and PALSAR (HH-polarization) data for Alaska. Both data are scaled to the same minimum and maximum backscatter. 
JERS-1 Mosaic Courtesy of GRFM, © NASDA/MITI. PALSAR Mosaic © JAXA 
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Figure 2. The pre-processing and classification process used for producing a thematic map from JERS-1 data. The process for PALSAR is similar, although date and 
texture images were generated as part of the process and individual strips were mosaicked together. Georeferencing of PALSAR data is good, therefore no co-
registration was required for PALSAR. 
 
 
 

 
 
 
Figure 3. Complete ground reference data used for the classification, comprising mainly National Wetlands Inventory (NWI) data with the National Land Cover 
Database (NLCD) used to fill in non-wetland data. Polygons show map quadrangles for the NWI data. Subsets show sections near Fairbanks (upper) and Anchorage 
(lower). 
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Figure 4. Map of wetlands in Alaska (boundary shown by polygon), and extending into Canada, for 1998. Generated from JERS-1 data. Subsets show sections near 
Fairbanks (upper) and Anchorage (lower). The classification is displayed over a hillshade image, derived from the NED DEM, showing the topography of non-
wetland areas. 
 

 
Figure 5. Map of wetlands in Alaska (boundary shown by polygon), and extending into Canada, for 2007. Generated from PALSAR data. Subsets show sections 
near Fairbanks (upper) and Anchorage (lower). The classification is displayed over a hillshade image, derived from the NED DEM, showing the topography of non-
wetland areas. 
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Figure 6. Comparison of a) JERS-1 and b) PALSAR data with derived c) JERS-1 and d) PALSAR classifications for 1998 and 2007 showing changes to the extent, 
and in some case the disappearance, of lakes between the two datasets and derived classification. 
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Figure 7. Flow diagram of processing steps of dynamic classification of open water/ice and vegetated wetlands regions. 
 
 
 
 

 
Figure 8. Timing of springtime thaw and autumn frezze, nd of seasonal time series inundation dymnacs in Alaksa, as deived from ALOS PALSAR time series 
imagry. At left, the timing of spring thaw is shown. At right, the timing of autumn freeze is illustrated. The center panels show inunstion state through summertime 
for two sub-regions. Collors assigned correspond to inundation observed in the respective months, with white regions corresponding to permenantly inundated 
regions and lakes. 
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please visit the K&C homepage at JAXA EORC: 

 
http://www.eorc.jaxa.jp/ALOS/en/kyoto/kyoto_index.htm 
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