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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 was set out to support data and information needs raised by international
environmental Conventions, Carbon cycle science, Conservation of the environment, and Climate
Change – referred to as “the 4 C’s”. The project has been led by JAXA EORC and supported by an
international Science Team consisting of some 34 research groups from 19 countries.
The objective of the ALOS K&C Initiative has been to develop regional-scale applications and
thematic products derived primarily from ALOS-2 PALSA2 data that can be used to meet the
specific information requirements relating to the 4 C’s. Phase 3 of the Initiative has been undertaken
within the context of three themes which relate to three specific global biomes: Forests, Wetlands
and Glaciers. Each theme has identified key products that are generated from the PALSAR-2 data
including land cover (forest mapping), forest change mapping and forest biomass and structure
(Forests), global wetlands inventory and change (Wetlands), and ice sheet dynamics (Glaciers).
Each of these products is generated using a combination of PALSAR-2, in situ and ancillary
datasets.
This report presents results obtained by the K&C Science Team during Phase 4 of the project,
comprising the period 2015 –2019.
Ake Rosenqvist
K&C Initiative Science Coordinator
Takeo Tadono
JAXA Earth Observation Research Center
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Abstract—The Global Mangrove Watch (GMW) has created a
new global baseline of mangrove extent using ALOS PALSAR
and Landsat data for 2010. This is the first study to apply a
globally consistent and automated method for mapping mangroves, identifying a global extent of 137,600 km2 . The overall
accuracy of the mangrove extent map is between 93.6–94.5 %
with a 99 % likelihood using 53,878 accuracy points across 20
sites distributed globally. Using the geographic regions of the
Ramsar Convention on Wetlands, Asia has the highest proportion
of mangroves with 38.7 % of the global total, while Latin America
and the Caribbean have 20.3 %, there are 20.0 % in Africa,
11.9 % in Oceania, 8.4 % in North America and 0.7 % in the
European Overseas Territories. Change from the 2010 baseline
was mapped from 1996 to 2016 with a net loss of 4.28 % through
the period with 5.9 % loss and 1.68 % gain.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, Wetlands Theme, Mangroves, Global Mangrove Watch,
GMW

their role in food provision, coastal protection (e.g. from large
storms), reserves of biodiversity [7] and as a large carbon store
[8]. Hence, there are numerous and increasing efforts to ensure
protection and restoration across their range. A fundamental
requirement for mangrove protection and restoration is information about current and historical mangrove distributions and
conditions. While critical for informing efforts that support
conservation, sustainable management, and restoration of these
ecosystems, data on mangrove status and extent are necessary
to meet reporting requirements for signatories to the Ramsar
Convention on Wetlands and other countries with mangroves
in their territories who are striving to meet the Sustainable
Development Goals [9], [5].

I. I NTRODUCTION

To address the need for timely information on mangroves
at a global level, the Global Mangrove Watch (GMW) was
formulated with support from the Japan Aerospace Exploration
Agency (JAXA) Kyoto & Carbon (K&C) Initiative. The GMW
aimed to produce consistent 25 m spatial resolution maps of
mangrove extent across their range by generating a baseline
map for 2010 and consider change from this baseline. For
mapping, Japanese L-band Synthetic Aperture Radar (SAR)
data were considered most appropriate given their global coverage and sensitivity to the woody components of mangroves
[10]. However, a limitation is that mangroves are often difficult
to distinguish from other land covers (particularly forests and
plantations) on the landward margins. For this reason, Landsat
sensor data were integrated into the analysis to improve the
baseline map. The mapping was also confined to locations
with conditions considered suitable to support mangroves. The
objective of the GMW is to provide the information needed by
a wide range of users, including wetland and forest managers,
civil society organisations, contracting partners of the Ramsar
Convention, and countries with mangroves in their territories.

A. Background to Mangroves
Mangroves are forested wetlands that are uniquely adapted
to the intertidal zone. Found in the coastal zones of more
than 118 countries in the tropics, subtropics and temperate
regions [1], [2], [3], mangroves have (for centuries) provided
natural resources to local populations, including food (particularly fish and invertebrates) and timber. However, through
processes such as population increases, industrialisation, urban
expansion and globalisation, their extent has been reduced [4]
and many have been fragmented or degraded [5], particularly
in Southeast Asia, where about one third (32 %) of the
world’s mangroves are located [6]. Many of the mangrove
areas that have remained relatively intact are those that are
remote, inaccessible, protected within conservation reserves or
receive national protection, for example in Australia. Globally,
mangroves are being increasingly affected by climatic fluctuations, including those induced by human activities [5]. At the
same time, mangroves are being increasingly recognised for

B. Project Aim

II. S ATELLITE DATA
Using data acquired in 2010, a baseline map of mangrove
extent was generated by integrating ALOS PALSAR and a
composite of Landsat sensor data and referencing the 2000
Shuttle Radar Topographic Mission (SRTM) 30 m Digital Elevation Model data and existing products delineating shorelines,
surface water occurrence and previous attempts to delineate
global mangrove extents. These datasets are summarised in
Table I
TABLE I
D ETAILS OF THE DATASETS AND SOURCES USED FOR THIS PROJECT.
Dataset
ALOS PALSAR
Landsat TM and
ETM+
Shuttle
Radar
Topography Mission
(SRTM)
Water Occurrence
Global Distribution
of Mangroves USGS
(v 1.3)
World Atlas of Mangroves (v 1.1)
Global
Selfconsistent
Hierarchical
Highresolution Shorelines
(v 2.3.5)
GEBCO
gridded
bathymetry

Period
2010
2009–2011

Resolution
25 m
30 m

Source
JAXA
USGS

2000

30 m

NASA

1984–2016
1997–2000

30 m
30 m

JRC [11]
[1]

1999–2003

1:1,000,000

[2]

-

‘Full Resolution’

[12] [13]

2014

30 arc-seconds

[14]

From the global shoreline dataset, a global ocean regions
dataset was derived to identify oceanic water bodies. The
shoreline dataset was rasterised onto the same pixel grid as the
ALOS PALSAR data and oceanic water was defined as pixels
that were 200 pixels (⇠5000 m) from the defined shoreline.
All data was re-sampled or rasterised onto the same 0.8
arc-second pixel grid as the ALOS PALSAR data. For the
SRTM data cubic spline interpolation was used, while for
other continuous data (e.g., Landsat) a cubic convolution was
applied and for categorical data nearest neighbour interpolation
was used.
1) ALOS PALSAR: The ALOS PALSAR dual polarisation
(HH+HV) backscatter data used were provided by JAXA as
1 ⇥ 1 mosaic tiles. The nominal spatial resolution was 25 m
(0.8 arc seconds) and data were provided in the WGS84
(EPSG:4326) coordinate system. The mosaics are openly
available in the public domain (http://www.eorc.jaxa.jp/ALOS/
en/palsar fnf/fnf index.htm). The processing undertaken to
produce the tiled mosaics is detailed in [15]. Global mosaics
from JERS-1 SAR, ALOS PALSAR and ALOS-2 PALSAR-2
were available for 1996, annually from 20072010 and from
20152017. However, the 2010 mosaic was the most complete
in terms of temporal consistency and spatial coverage and
therefore was defined as the baseline (reference) year.
2) Landsat Composites: Although the ALOS PALSAR dual
polarisation L-band SAR data provided a reasonable level
of discrimination of mangroves from other land cover types

(particularly bare ground), there was some confusion with
other wetland or forest types. This was particularly the case
for certain types of adjoining terrestrial forests and wetlands
with similar structure to mangroves. However, mangroves were
distinct from many of these land covers within the Landsat
sensor data, particularly in the near infrared and shortwave
infrared wavelength regions. For this reason, composite images were generated using Landsat sensor data acquired for
2010 although 2009 and 2011 images were also used, where
necessary, to provide sufficient imagery for the processing. In
order to minimise the impact of the Landsat 7 scan-line (SLCoff) error, which results in no-data striping in the imagery,
Landsat 5 data were primarily selected when available. To
identify the scenes to download for each Landsat row/path the
following sequence of rules were applied:
1) Identify 10 Landsat 5 scenes with less than 10 % cloud
cover from 2010.
2) If less than 10 scenes available then add Landsat 7
scenes with less than 10 % cloud cover from 2010.
3) If less than 5 scenes then add Landsat 5 and 7 scenes
from 2010 with less than 50 % cloud up to a maximum
of 15 scenes.
4) If less than 5 scenes then extend time range to 2009–
2011 and repeat steps 1, 2 & 3.
A total of 15,346 top-of-atmosphere Landsat scenes from
1766 row/paths were downloaded using the Google Cloud
API (https://cloud.google.com/storage/docs/public-datasets/
landsat). The images where processed to surface reflectance,
cloud masked and topographically corrected using the
‘Atmospheric and Radiometric Correction of Satellite
Imagery’ (ARCSI [16]) software. ARCSI derives a scene
based aerosol optical depth (AOD) value using a dark object
subtraction (DOS [17]) where a numerical inversion of the 6S
[18] atmospheric model is applied to derive an AOD value
based on the Blue wavelength. The 30 m (1 arc-second)
SRTM elevation model was used to construct a look-up table
(LUT) for correction with respect to elevation, which was
applied subsequently to the input image to derive standardised
(i.e., topographically corrected) reflectance using the approach
of [19]. The FMASK [20], [21] cloud masking algorithm was
applied for removal of cloud and cloud shadow.
To allow fusion with the ALOS PALSAR data, the resulting
Landsat data were re-sampled, using cubic convolution, to
match the 0.8 arc-second pixel grid of the ALOS PALSAR
data. A maximum NDVI compositing [22], [23] processing
chain was then applied using RSGISLib [24] at a project level
to generate a single Landsat image corresponding with the
project region defined using the ALOS PALSAR data.
III. 2010 M ANGROVE BASELINE
The new global mangrove baseline [25] has been generated
using a combination of Synthetic Aperture Radar (SAR) from
the Advanced Land Observing Satellite (ALOS) Phased-Array
L-band Synthetic Aperture Radar (PALSAR) and optical satellite data from Landsat-5 Thematic Mapper (TM) and Landsat7 Enhanced TM (ETM+). The overall approach followed four

stages, namely a) extraction of a coastal water mask from
the PALSAR data; b) generation of a mangrove ‘habitat’
layer that defined the regions in which the classification
of mangroves will be attempted; c) generation of an initial
baseline classification using the PALSAR data only; and d)
refinement of the initial baseline classification using Landsat
sensor composites to improve the distinction of the landward
border between mangroves and other terrestrial land covers.
A final quality assurance (QA) of the resulting baseline
product was then undertaken through visual assessment and,
where appropriate, errors were corrected. An overview of the
methods for producing the new mangrove baseline is shown
in Figure 1.
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Fig. 1. Overview of the methodology for producing a global mangrove
baseline. The numbers reference the section number within the article. While,
the main flow of boxes indicating a data dependency between the stages (e.g.,
the coastal water mask and is used to defined the mangrove habitat mask).

Unless otherwise stated, all data processing was undertaken
using the open source Remote Sensing and GIS Software
Library (RSGISLib [24]), the KEA file format [26], the ScikitLearn [27] machine learning library and scripted in python as
outlined by [28].
A. Coastal Mask
Mangroves are found within a coastal environment and
therefore a key component of defining the mangrove habitat
mask was to define a coastal water mask. To achieve this, a
water mask was defined using a per-pixel ‘Extremely Randomized Trees’ classification using the Scikit-Learn [27] and
RSGISLib [24] software. The number of estimators for the
Extremely Randomized Trees classifier was defined as 500
following a grid search sensitivity analysis. The classification was performed using the ALOS PALSAR HH and HV
polarisations, the ratio of HH/HV, local incident angle and
acquisition date.
The key step in defining the coastal water mask was to
define the training samples and regions to be classified, which
was performed automatically. An initial water mask was
produced using a threshold of > 20 water occurrences, and
this was subsequently intersected with the oceanic region to
identify oceanic water. A coastal region was then defined as
the area 20 pixels (⇠500 m) either side of the shoreline with
a bathymetry depth of > 100 m. Additional regions based
on 80 pixels (⇠2000 m) either side of the shoreline and a
water occurrence < 80 were added to this mask, with this then
defining the region to be classified. 100,000 training pixels

were then extracted randomly for land and water from regions
between > 20 (⇠500 m) and < 80 (⇠2000 m) pixels away
from the shoreline, with this defined as water or land using
the water mask retrieved from the water occurrence layer.
Following the classification, a refinement was performed to
remove small features, which required clumping the classification to identify connected regions of a single class. Clumps
classified as land with an area of < 20 pixels (⇠12,500 m2 )
and > 20 water occurrence observations were assigned to
the water class, while water regions with an area of < 50
pixels (⇠31,250 m2 ) were assigned to land. These thresholds
were identified through a sensitivity analysis and by visually
assessing the resulting maps.
The thresholds used for generating the coastal mask were
identified through an iterative sensitivity analysis based on a
visual inspection of the resulting maps for a number of projects
and sites globally representing a range of mangrove habitats.
B. Mangrove Habitat
Mangroves exist within a specific ecological niche, which
can be used to eliminate much of the area where they will
not be found. To define the region to be classified, and from
which the non-mangrove pixels were selected, the following
rules were defined, applied on a per-project basis. First, the
SRTM elevation needed to be less than 110 % of the 99th
percentile of the elevation of mangrove pixels. If the resulting
threshold was less than 5 m the threshold was set to 30 m,
remembering that the SRTM is a surface model and therefore
includes a component of vegetation height. The second rule,
defined that the distance from the coastal water mask needed
to be less than 110 % of the 99th percentile of the distance of
the mangrove pixels.
Within the region defined above, a classification was subsequently performed. 100,000 mangrove training pixels were
randomly extracted from a union of the existing global mangrove maps from [1] and [2]. While 100,000 non-mangrove
training samples were randomly extracted from within the
region but outside of the mangrove union. If less than 100,000
mangrove pixels were available then the number of samples
selected for both classes was equal to the number of mangrove
pixels within the project.
The classification was performed using the Extremely Randomized Trees classifier, with 100 estimators, defined through
the use of a grid search sensitivity analysis of classifier
parameters. The input variables to the classification were a)
pixel longitude and latitude, b) distance to water (defined using
the coastal mask), c) surface elevation defined by the SRTM, d)
distance to the oceanic layer, and e) distances to the mangrove
extents of [1] and [2]. The resulting habitat mask was visually
checked and missing regions, including those that were not
identified in the [1] and [2] products, were added manually.
C. Baseline Classification
The new baseline was classified in two independent steps;
first using the ALOS PALSAR and then the Landsat data. The
ALOS PALSAR data were geographically contained entirely

within the projects, which allowed complete classification, but
there were occasional gaps in the coverage of the Landsat
sensor data primarily because of cloud cover. In these gaps,
the classification was based solely on the ALOS PALSAR
data.
1) Classification: ALOS PALSAR: The classification was
undertaken using the Extremely Randomized Trees classifier,
based on 100 estimators that were also defined through a grid
search sensitivity analysis. The input variables were ALOS
PALSAR HH and HV data (transformed to log unit dB), the
ratio of HH/HV, pixel longitude and latitude and the mangrove probability. Mangrove probability was defined using the
union of mangrove extent and generating a multi-dimensional
histogram for the HH, HV and HH/HV data for mangroves
(defined using [1]) with a bin width of 0.25. The histogram
was converted to a probability distribution function, which was
used to calculate a probability of mangroves occurring in each
pixel.
Training samples where defined through random sampling
where 100,000 mangroves and non-mangrove samples were
taken, resulting 200,000 in total per project. For mangroves,
20,000 samples were extracted from the intersection of the [1]
and [2] products and the remaining 80,000 were taken from the
union of the two products. The non-mangroves samples were
also split, with 20,000 from within the habitat mask and 80,000
outside. The region outside the habitat mask, within which
training samples were selected, was define as < 150 pixels
(⇠3750 m) from the union of the mangrove products over
areas of water and < 250 pixels (⇠6250 m) over terrestrial
areas. The training points were visually checked and edited
with reference to Google Earth Imagery as well as the ALOS
PALSAR and Landsat sensor imagery. In total, 20 M training
points were defined globally across the 128 projects.
2) Classification: Landsat: Using only a classification of
ALOS PALSAR data, a consistent over-classification of the
area of mangroves was observed with this attributed to similarities in the structure and moisture content of wetlands
and forest cover types (indicated earlier). Therefore, a further
refinement using optical imagery was deemed necessary. The
second classification iteration used the same training samples
as the ALOS PALSAR classification but samples without valid
Landsat sensor data were removed. Using the Blue, Green,
Red, Near-Infrared (NIR), Shortwave Infrared 1 (SWIR1)
and SWIR2 spectral bands the Extremely Randomized Trees
classifier, again using 100 estimators identified through a sensitivity analysis, was applied to generate the final classification.
D. Quality Assurance
Following the automated analysis, an extensive quality
assurance (QA) process was undertaken. During this process,
the product was visually checked against the ALOS PALSAR
and Landsat sensor data as well as contemporary (2010)
Google Earth imagery. Where significant errors of omission
and commission were identified, polygons were drawn and
edits applied.

E. Accuracy Assessment
To assess the overall accuracy of the product, a pointbased accuracy assessment was undertaken. For the accuracy
assessment, a stratified random sample was undertaken within
each project using the water-, mangrove- and terrestrial nonmangrove classes, within a 50 pixels (⇠1250 m) buffer from
the mangrove regions and within the mangrove habitat region.
The number of accuracy samples, for each class, was 0.5 % of
the number of mangrove pixels, unless the resulting number
of samples was less than 1000 in which case a 1 % sample
was taken.
Within the projects, sites were selected (Table II) based on
available local knowledge and in some cases high resolution
data. The accuracy assessment was undertaken using a custom
QGIS plugin that guides the operator to each point, providing
a simple interface to decide between classes. The imagery used
for reference included high resolution Google Earth imagery,
custom high resolution imagery, GMW Landsat image composites and ALOS PALSAR 2010 data.
TABLE II
R EGIONS WHERE THE ACCURACY ASSESSMENT WAS UNDERTAKEN AND
THE NUMBER OF ACCURACY SAMPLES WHICH WERE USED .
Site
Australia
Fiji
Haiti
Indonesia (1)
Indonesia (2)
Indonesia (3)
Japan/Okinawa
Mexico (1)
Mexico (2)
Myanmar
Papua New Guinea
Samoa
Saudi Arabia
India
Tanzania (Rufiji Delta)
Tonga
USA (Mississippi Delta)
USA (West Florida)
Venezuela
Vietnam
Total

Number Points
4347
6487
1356
1343
3717
144
2742
6948
2167
1106
854
90
339
910
3449
72
4590
5615
1793
5809
53878

IV. C HANGE FROM 2010 BASELINE
Existing approaches to change detection have used mapto-map [29] or image-to-image techniques [30], [31]. This
study did not have a sufficient time-series of data to derive
independent maps and image-to-image techniques are not class
specific and contain little class knowledge. To overcome these
limitations, a new map-to-image method change detection is
proposed [32] whereby a map derived from a dataset is used to
detect changes in an independent dataset. This approach relies
upon locating anomalies in the distribution of values contained
within the spatial extent of a given class. The distribution
extracted for a land cover class would be expected to be normal
with deviations away from this identified as change features.
The values could be extracted from any input image but is

dependent upon a number of fundamental assumptions. Firstly,
it assumes that the class values are normally distributed and
secondly that the object values of the class and the change
features are separable and are not both wholly contained within
one normal distribution. This assumes that the majority of
values that represent the class will be close to the mean of
the dataset and the values that represent the change will be
far from the mean. The third assumption is that the change
features make up a proportionately smaller component of the
class than the unchanged features, so that the minority change
values are sought within the normal distribution of the majority
class values.
In this method, the selection of a threshold to locate the
change features within the class distribution is critical and cannot be attributed to a hard threshold, which will vary by scene
and dataset. As one of the fundamental assumptions is that
the class is normally distributed with change features located
in an elongated tail away from the class mean, the removal
of the change objects will normalise the class distribution.
Iteratively removing the tail of the distribution in increments
from the tail(s) towards the mean until the distribution is
normal, will separate the change from the non-change objects.
The normality of the distribution was calculated based upon
measures of skewness and kurtosis and if the data was found
to be non-normally distributed the tail of the distribution was
iteratively removed using a user defined range using at user
defined increment. The combination of the lowest skewness
and kurtosis values were used to identify the iteration at which
the distribution was most normal and was selected as the
threshold. This process is shown in Figure 2.

the world’s mangroves, with Southeast Asia alone representing
almost a third (32.2 %). The Americas are estimated to
comprise 28.7 %, and Africa and Oceania 20.0 % and 11.9 %,
respectively. European Overseas Territories account for 0.7 %.

Fig. 2. The map-to-image change detection method. An input mask (map) is
used to extract values from an independent image. The tail of the distribution
extracted is iteratively removed until the distribution is most normal based
on measures of skewness and kurtosis. The potential change features are
identified as those in the tail, separated from the distribution.

TABLE III
GMW V 2.0 BASELINE EXTENTS FOR THE SIX R AMSAR REGIONS .

V. R ESULTS AND S UMMARY
A. 2010 Mangrove Baseline
The resulting baseline map of global mangrove extent gives
an estimated total mangrove area in 2010 of 137,600 km2 .
A Mollweide Equal Area projection was used for all area
calculations. Figure 3 illustrates the global distribution of mangroves, which can be found as far north as 32.3 N (Bermuda)
and as far south as 38.9 S (Australia). Figure 4 illustrates
the spatial detail within the map. Approximately 96 % are
found between the Tropic of Cancer (23.4 N) and Tropic of
Capricorn (23.4 S). Asia is estimated to account for 38.7 % of

2
100 200 km
50
100 km2

Fig. 3. GMW mangrove baseline for 2010 and distribution of mangroves in
longitude and latitude (WGS-84; epsg:4326).

Fig. 4. Example GMW v2.0 maps, using the Open Street Map data
as background mapping. From West to East A) Central America (Honduras/Nicaragua), B) Africa (Madagascar) and C) Australia (Queensland).
The maps are presented in WGS-84 (epsg:4326) with coordinates in decimal
degrees (valid for all figures below).

Table III shows the extent of mangroves for the six Ramsar
regions, Asia is the region with the largest area of mangroves
(53,278 km2 ) with Latin America and the Caribbean (previously referred to as the Neotropics) (27,940 km2 ) and Africa
(27,465 km2 ) regions having the similar amounts. While in
terms of individual countries (Table IV) Indonesia contain
19.5 % of the worlds mangroves and the next three highest, by
area, Brazil, Australia and Mexico combined contain 22.3 %.

Region
Africa
Asia
Europe (Overseas Territories)
Latin America and the Caribbean
North America
Oceania
Total

GMW v2.0 (km2 )
27,465
53,278
1,026
27,939
11,563
16,329
137,600

% of global
20.0
38.7
0.7
20.3
8.4
11.9

1) Accuracy Assessment: The overall accuracy (Table V) of
the classification was 95.3 %, with a 99 % likelihood that the
confidence interval, using the Wilson score interval [33], was
between 4.5–5.0 %. Therefore, the overall accuracy was in the
range 95.0–95.5 %. 53,878 sample points (Table II) were used
for the accuracy assessment, where the points were manually
allocated to the classes of mangroves, water and terrestrial
(other). In terms of mangroves, the main confusion was with

TABLE IV
GMW V 2.0 BASELINE EXTENTS FOR THE WORLD ’ S TOP -10 COUNTRIES
WITH MANGROVES .
Country
Indonesia
Brazil
Australia
Mexico
Nigeria
Malaysia
Myanmar (Burma)
Papua New Guinea
Bangladesh
India

GMW v2.0 (km2 )
26,890
11,072
10,060
9,537
6,958
5,201
5,011
4,762
4,163
3,521

Region
Africa
Asia
Euro. Terr.
Neotropics
N. America
Oceania

% of global
19.5
8.1
7.3
6.9
5.1
3.8
3.6
3.5
3.0
2.6

TABLE V
ACCURACY ASSESSMENT OF THE GMW V 2.0 BASELINE .
Mangroves
18246
191
969
94.0 %

Water
98
16463
828
94.7 %

Terrestrial Other
370
101
16612
97.2 %

1996
27,836
55,875
976
28,909
12,764
16,435
142,796
100 %

2007
27,470
53,588
1,010
28,206
12,320
16,287
138,880
97.3 %

2008
27,514
53,606
1,018
28,228
12,427
16,301
139,094
97.4 %

2009
27,501
53,530
1,023
28,201
12,309
16,303
138,867
97.2 %

2010
27,465
53,278
1,026
27,939
11,564
16,329
137,601
96.4 %

2015
27,315
52,717
1,029
27,731
11,879
16,054
136,726
95.7 %

2016
27,280
52,909
1,024
27,716
11,692
16,064
136,685
95.7 %

TABLE VII
ACCURACY ASSESSMENT OF THE GMW CHANGE REGIONS .

other terrestrial vegetation, demonstrating that 97.5 % of the
areas classified as mangroves were correct with the confusion
resulting in a producers accuracy of 94.0 %. Therefore, there
is a 99 % likelihood that the confidence interval for the overall
mangrove accuracy was between 93.6–94.5 %.

Mangroves
Water
Terrestrial Other
Producer’s

TABLE VI
G LOBAL M ANGROVE EXTENT FOR THE R AMSAR REGIONS FROM 1996 TO
2016.

User’s
97.5 %
98.3 %
90.2 %
95.3 %

B. Change from 2010 Baseline
Globally, the extent of mangroves has decreased by 4.28 %
between 1996 and 2016, with the loss of 5.9 % and gain
of 1.68 %. In 1996, there were 142,796 km2 reducing to
136685 km2 in 2016. Figure 5 visualises the distribution of
change between 1996–2016 in mangrove extent (Table VI).
The distribution of change follows the global distribution of
mangroves, with the majority of change within South-East
Asia and relatively little change in Africa.

Fig. 5. Distribution of GMW mangrove change from 1996–2016.

In terms of the change algorithm accuracy (Table VII) an
overall accuracy of 75 % was achieved with the error mostly
associated with the slight under-representation of the truth
amount of mangrove loss.
VI. C ONCLUSIONS
During the fourth phase of the K&C the Global Mangrove
Project has generated a new global baseline of mangrove

Loss
Gain
No Change
Producer’s

Loss
11287
248
1403
87.2 %

Gain
675
6637
1776
73.0 %

No Change
5023
2194
16054
69.0 %

User’s
66.5 %
73.1 %
83.5 %
75.0 %

extent for 2010 using a fusion of ALOS PALSAR and Landsat
data and mapped change from that baseline using JERS1 (1996), ALOS PALSAR (2007, 2008, 2009) and ALOS2 PALSAR-2 (2015, 2016). These layers are now available
online, as a visualisation through the Global Forest Watch
(https://www.globalforestwatch.org) and for download via the
UN Ocean Data Viewer (http://data.unep-wcmc.org/datasets/
45).
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Abstract: The Brazilian Pantanal, the largest pristine tropical wetland
in the world, is an ecosystem of high biodiversity. Environmental
degradation in the Pantanal is becoming an issue and requirements
for more regional scale studies of the mosaic of the different habitats,
their relationships with the hydrological cycle of the Pantanal, and
information about the home range and corridors of key species are
needed. The goal of this project was to derive spatial temporal
flooding and habitat connectivity maps of the Brazilian Pantanal, and
integrate this information to define resource availability for specific
species of the Pantanal large mammals. To achieve this goal, we
successfully build on the previous KC data (satellite and field data),
and produced an inventory, spatial distribution, and geochemical
analysis of the key habitats in the Pantanal, the lakes, and the
characteristics of the associated surrounding landscape. With an
accuracy of 98%, we found that the southern Pantanal has 637 salinas
and 8,214 baıas. The greatest degrees of salinas clustering are located
in the southeast portion of the study area, and are surrounded by
forested savanna, which are in higher grounds less prone to flooding.
Baıas, however, are more broadly distributed in the region, and the
highest occurrence is associated with the open mixed cover,
comprised mostly of grasslands, which are in flood-prone areas.
Unfortunately, we were not able to continue the work with new
ALSOS data due to the lack of resources to pursue the project. Also,
the political and economical climates in Brazil were not favourable
for engaging graduate students and pursue field work in the Pantanal.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Wetlands Theme, Pantanal.

I.

INTRODUCTION

A. Introduction
The Pantanal is the world’s largest continental tropical
wetland covering approximately 160,000km2, and is located
between Brazil, Paraguay and Bolivia. The Paraguay River, its
tributaries, and the rainfall patterns of the region, support an
annual flood regime that varies both temporally and spatially,

and helps define the geomorphology and the large biodiversity
of the region. However, the Pantanal and its rich biodiversity
are vulnerable to anthropogenic disturbances including the
construction of hydroelectric dams, channelization of major
waterways, deforestation and burning of grasslands for
agriculture and cattle ranching, and the increase of roads
infrastructure. The human-altered landscape will likely play a
role on patterns of resource selection and connectivity of the
landscape for certain animal species. Environmental
degradation in the Pantanal is becoming an issue and
requirements for more regional scale studies of the mosaic of
the different habitats, their relationships with the hydrological
cycle of the Pantanal, and information about the home range
and corridors of key species are needed.
The goal of this project was to derive spatial temporal
flooding and habitat connectivity maps of the Brazilian
Pantanal, and integrate this information to define resource
availability for specific species of the Pantanal large
mammals. Given constrains on resources for new field data
acquisition, we first conducted a detailed analysis of habitat
distribution using the already available rich, and still not fully
explored, high resolution ALOS-1 and field data for the
southern Pantanal. This is presented below. Unfortunately, we
were not able to continue the work with new ALSOS data due
to the lack of resources to pursue the project. Also, the
political and economical climates in Brazil were not
favourable for engaging graduate students and pursue field
work in the Pantanal.
II. APPROACH
A. Objectives and relevance to the K&C drivers
This research provides regional scale baseline information that
contributes significantly to the understanding of the spatial

temporal dynamic of the southern Pantanal and helps to define
how best to protect the region so it continues to provide vital
habitat for the diverse fauna. Our results are of great value to
address questions related to the Conservation of home range
habitats and their biodiversity, and wetland Conventions.
B. Methods
Study area
The southern Pantanal (Nhecolandia - 8,220 km2 area) is
bordered by the Taquari river to the north and the Negro river
to the south. Topographically, this region is characterized by a
low slope (less than 1 %), with a larger gradient from east to
west (altitude from 140–80 m) than from north to south
(altitude from 100–80 m), and a slightly higher altitude than
other parts of the Taquari fan due to sediment accumulation.
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. The flooding follows
a northeast-southwest temporal pattern (similar to the
topography), beginning as precipitation starts in the Taquari
river’s headwater. The Negro river, bordering the south 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. Flora is
dominated by forested savanna (cerradao), woody-grassland
savanna (cerrado grassland), and grassy-woody savanna
(campo). This region is also characterized by seasonal drainage
channels (locally called vazantes) and thousands of
geochemically diverse lakes that are generally grouped into
fresh water and saline water; however, a large geochemical
variability exists among them.
C. Ground and satellite data
Ground-truth data were acquired during Phase 2 of the KC
project from 2008 (Costa dataset; already provided to JAXA
in Phase 3) to 2013 (EMBRAPA dataset). The data set
included oriented photographs and diagrams of landcover and
vegetation characteristics (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. From KC Phase 3, we also used the
detailed cover maps derived from ALOS/PALSAR (12.5 m
spatial resolution), RADARSAT-2, and ENVISAT/ASAR.
The maps were evaluated according to two classification
levels, the Level 1 classification defined four landscape units,
forest savanna, open mixed cover, vazantes, and lakes 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 1 shows the SAR representation of the defined
classes).

Figure 1. Satellite-derived land cover classes. (a) salina; (b)
ALOS/PALSAR; (c) open mixed cover dominated by grasses;
(d) forested savanna (cordilheira), (e) open mixed cover; (f)
flooded vazante; (g) forested savanna; (h) baia.
©
JAXA/METI. Imagery acquired by different satellites at
different periods.
III. RESULTS AND SUMMARY
Main results are as follows:
Forested savanna landscape is dominant in the southeast,
northeast, and northwest of the region and comprises 37 %
(3,055 km2) of the area. Vazantes form quasi-continuous
linear units with a generally 45 degrees NE–SW orientation,
from the Taquari River/fan towards the Negro River, and
comprise 6 % (521 km2) of the total area. Large open mixed
cover occurs in regions under the influence of the Paraguay
River and vazante Corixao (southwest region) and bordering
the south of the Taquari fan (north region), and represent
3,473 km2, about 42 % of the area. However, the central
region and farm settlements also show relatively high
occurrences of this landscape type.
Salinas are mostly surrounded by forested savanna, they also
occur in areas of open mixed cover related to farm settlements,
A total of 637 salinas were mapped, comprising 1 % (98 km2)
of the total area (Table 6), with areas ranging between 0.025 to
0.15 km2 for the large majority (72 %). These lakes have a
circular to elongated shape, following an approximately 45o
NE–SW orientation, similar to the vazantes. Baias include
8,214 lakes with area ranging from 0.025 to 0.13 km2 for the
large majority (77 %) 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 and comprise about 13 % (1,053
km2) of the region. The highest degree of baias clustering is
observed in the southeast, and a relatively high density is also
observed in the west and west and southwest and central
regions of the region. This high distribution is clearly
associated with the occurrence of open mixed cover.
The analysis reveals a landscape with large spatial variability,
in part a result of the regional dynamic of the

geomorphology/geochemistry and the hydrology. The
relationship between the distribution of lakes and surrounding
landscape characteristics associated to isolation from ground
water/surface water recharge, evaporation, episodic flushing,
and biogeochemical processes in the lake’s watersheds
influences the diversity of lakes on a regional scale in the
southern Pantanal. The conversion of forested savanna into
pasture land to increase space for cattle ranching is likely
driving the loss of cordilheira areas and the related decrease in
isolation from surface water flow to the salinas. Under this
scenario, a future Pantanal may not have this crucial animal
habitat, the salinas.
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Abstract—Mangrove forests are among the most threatened
ecosystems in the world despite their renowned ecological and
socio-economic benefits. To manage these critically valuable
areas, remote sensing can be utilised as a synoptic and effective
approach for mapping and monitoring of mangrove conditions at
various scales. In this study, the combined L-band radar and
optical imagery was used to map and quantify mangrove extents
and changes for the entire Philippine archipelago within a 13year period. Digital elevation models and tidal height information
were also incorporated for delineating mangrove extent. A multilevel classification using a decision tree classifier within a
geographic object-based image analysis framework was
implemented. The results yielded moderate area-based overall
accuracy calculations, with the actual values varying between two
different sets of reference data. Classification results detected
mangrove areas that were not identified in previous mapping
efforts using optical sensors, indicating that mangrove areas in
the country should be more extensive than previously thought.
The study demonstrated that the combined use of radar and
optical data for operational wall-to-wall mangrove mapping and
change analysis at a nationwide scale.
Index Terms—ALOS/PALSAR-1, JERS-1, K&C Initiative,
mangroves, forest cover change, decision tree classification

I. INTRODUCTION
Mangroves refer to the complex of plant communities that
occupy the narrow interface between terrestrial, estuarine, and
coastal ecosystems in tropical and subtropical regions of the
world [1]–[3]. Species of mangroves persist under harsh
environmental conditions such as high salinity and
temperature, strong tides and winds, and muddy anaerobic
soils [2]–[4]. Their global distribution is largely confined
between 30° N and 30° S latitudes [2], which is strongly
influenced by major ocean currents, warm temperature, and
solar irradiance [3]–[5]. Despite accounting for only 0.7% of
the Earth’s tropical forest area [6], mangroves are among the
world’s most productive and important ecosystems that
provide a wealth of ecological and socio-economic benefits to
human society. Mangrove forests supply valuable goods and
services to local communities [3], [7], [8]; offer coastal
protection from natural hazards [9]–[11]; provide critical
habitats for a variety of species [2], [12]–[15]; serve a dual
capacity both as an essential source of organic carbon to
oceans [16], [17] and as a massive atmospheric carbon sink
[16], [18]; and support other valuable services such as nutrient
and organic matter processing, sediment regulation, fisheries
and silviculture, and opportunities for cultural experiences
[19], [20]—all of which underlie the economic foundations of
many tropical regions [21]–[23]. Recent estimates of the

global economic value of mangrove ecosystems increased
from US$ 13,786/ha/yr in 1997 to US$ 193,843/ha/yr in 2011
(standardised in terms of 2007 US$ values), which are mainly
due to new studies of the value of mangroves in terms of
storm protection, erosion prevention, and waste treatment
[24].
Mangrove forests, however, despite their renowned
importance, are among the world’s most threatened tropical
biomes [21]. Valiela et al. [25] in 2001 reported a substantial
average loss of 35% of the world’s mangrove forest area since
the early 1980s with almost 300,000 ha lost annually (or a
2.1% rate of loss per year). As of 2000, the total extent of
mangrove forests globally was estimated at almost 13.8 M ha
in 118 countries and territories [6]. Mangrove loss occurs in
almost every country where mangroves exist, and rates of loss
continually increase in developing countries where >90% of
the world’s mangroves are located [26]. With about 1.2 B
people (~23% of the global population in 1990) inhabiting
both within 100 km of a coastline and 100 meters of sea level
[27], heavily populated coastal zones have led to the extensive
conversion of mangroves for urbanisation, coastal
development, or aquaculture expansion [3], [25], [28].
The Philippines, an archipelago consisting of more than
7,100 islands, is one of the most mangrove-rich countries in
the world. Of the world’s 65 mangrove species in 16 families
[2], more than half are found in the Philippines with 39
species belonging to 14 families [29]. Over the previous
century, the decline of its original mangrove forests was
reported from roughly 450,000 ha in 1918 to 132,500 ha in
1990, which was primarily attributed to the emergence of the
brackish water pond culture, and from conversion to
agricultural, industrial, and residential areas [30], [31]. Studies
found that mangrove areas developed for aquaculture resulted
to net negative monetary benefits, whereas undeveloped
mangrove areas accrued higher net monetary benefits [32].
Protecting mangrove ecosystems yielded substantial economic
value at US$ 600/ha/yr from direct benefits, and the
Philippines can gain at least an annual US$ 83 M potentially
from the natural benefits of healthy mangrove forests [33].
Conversely, another study found that less seafood became
available to coastal communities, and malnutrition and hunger
increased in countries engaged in aquaculture [34].
Legal frameworks and policies have been in place to
protect and conserve mangroves in the Philippines, albeit no
single policy is dedicated for mangroves [35]. From 1930s up
to the present-day, efforts have been made to restore
mangroves through a mix of community initiatives,
government-led projects, and foreign-assisted development
programmes, but were largely unsuccessful due to poor
survival rates (10-20%) attributed to planting of single species
often in unsuitable areas [36]. Under the US$ 137.8 M-funded
National Greening Programme, 1.5 B trees, including
mangroves, was planted that covered 1.5 M ha over a period
of six years. And in 2014, the Philippine government allocated

another US$ 22.2 M for reforestation of mangroves and beach
forests in the aftermath of Super Typhoon Haiyan, the largest
tropical cyclone recorded in history, which left many coastal
areas in central Philippines devastated in its wake. News
reports, however, indicate that these nationwide initiatives
failed to meet their objectives since unsuitable practices
persist, resulting into, yet again, poor survival rates of planted
mangroves [37]–[40].
To develop and implement effective policies for managing
mangrove forests, remote sensing techniques have been
employed over the past several decades as an accurate and
cost-effective approach for detecting, mapping, observing,
quantifying, and monitoring mangrove conditions and changes
across a range of scales [20], [41], [42]. Previous nationalscale land cover maps were generated primarily by visual
interpretation of optical remote sensing data. These include the
1987 maps by the Swedish Space Corporation using SPOT
imagery [43], and the official 2003 and 2010 maps by the
National Mapping and Resource Information Authority
(NAMRIA) using various optical satellite datasets (e.g.
Landsat, SPOT, ALOS AVNIR). Inconsistent definitions of
the land cover categories used between these datasets,
however, prohibit their utility for monitoring land cover
change. Other baseline information includes the 1990-20002010 mangrove maps of the Philippines by Long et al. [25],
[26] derived from digital interpretation of Landsat time-series
data, which provide valuable information for mangrove
assessment and planning.
Persistent cloud cover in tropical areas like the Philippines
limits the efficacy of optical sensors for periodic, temporally
consistent, wall-to-wall mapping and monitoring. Synthetic
aperture radar (SAR) technology is an appropriate alternative
due to its capability to image landscape conditions night or
day, in near real-time, through cloud cover, and in any weather
condition [41], [42], [46], [47]. It may even be the only viable
method for mangrove monitoring in cloud persistent areas of
the tropics [20]. SAR data can provide information on the
extent and change of mangrove cover, structural parameters,
flooding boundaries, health status, and amount of total
biomass [41]. Longer wavelength L-band SAR data,
specifically the Japan Aerospace Exploration Agency’s
(JAXA) Japan Earth Resources Satellite (JERS-1) and the
Advanced Land Observing Satellite Phased Array L-band
SAR (ALOS/PALSAR), have been utilised for mapping
mangrove extent and change (e.g., [48]–[52]), and have
featured systematic observation strategies that provided
consistent pan-tropical (JERS-1) and global (ALOS/PALSAR)
L-band SAR coverages on an annual basis during its operation
from 1992 to 1998 and 2006 to 2011, respectively [53], [54].
With the launch of ALOS/PALSAR-2 in 2014, the benefits of
these sensors for mangrove monitoring are: (1) the continuity
of consistent, systematic, and cloud-free observations over
three decades; and (2) the retrieval of estimates of
aboveground biomass and structure due to greater sensitivity
to woody components of mangroves [52].

Despite these advantages, integrating SAR and optical data
for mapping and monitoring mangroves is advocated as the
way forward due to difficulty of generating baseline maps of
mangrove extent solely from L-band SAR data, particularly
where mangroves adjoin tropical forests, plantations, and
shrubs with similarities in backscatter [51], [52]. An objectbased approach combining time-series L-band SAR and
Landsat data to map mangrove extent in the Philippines was
implemented and evaluated in this study. Specifically, the
study aimed to: (1) map mangrove extent and change using
object-based image analysis applied to combined SAR and
optical data; (2) assess the accuracy of the mangrove cover
maps; and (3) generate estimates of mangrove extent and
change at the national and provincial scales.
II. DESCRIPTION OF YOUR PROJECT
A. Objectives and relevance to the K&C drivers
In collaboration between Fauna & Flora International –
Philippines (FFI), Deutsche Gesellschaft für Internationale
Zusammenarbeit (GIZ) GmBH and the Department of
Geodetic Engineering, University of the Philippines, Diliman,
this study was proposed to support the Kyoto & Carbon
Initiative (K&C) through its Phase 4 implementation. FFI
implemented the project entitled Developing Capacities for
Mapping and Monitoring of Philippine Mangroves using
Synthetic Aperture Radar Data which aimed to capacitate the
government partners on utilising SAR systems for mapping
and monitoring of mangroves in the Philippines through SAR
trainings and to pilot the generation of a nationwide mangrove
forest cover mapping using ALOS/PALSAR and JERS-1 data
products. This project was implemented from 2014 to 2015
wherein the PALSAR-2 image datasets were not yet available
for utilisation. Hence, the primary datasets used in this research
were the 25-meter ALOS/PALSAR-1 mosaics and the 1996
JERS-1 mosaics.
With the established importance of the mangrove forest
cover in the Philippines as mentioned in the previous section,
this research aimed to produce nationwide coverage of
mangrove cover maps and consequently generate information
on the changes that happened between the time period of the
dataset used. To assess the accuracy of the developed map
products, validation sites were selected that included key
biodiversity areas, former REDD+ demonstration sites and
areas struck by typhoon Haiyan which greatly impacted the
mangrove forests present in the locality. More specifically, the
selected sites included the following: (1) Burdeos, Polillo
Islands, province of Quezon; (2) Municipalities of Babatngon
and Maasin, provinces of Leyte and Southern Leyte,
respectively; (3) Narra and Quezon, Palawan; (4) Guiuan,
Mercedes and Salcedo, province of Eastern Samar; (5) Coron
and Busuanga Palawan; (6) Kabasalan and Siay, Zamboanga
Sibugay.
With the production of a nationwide mangrove forest cover
and change map products, validation of already available

global mangrove forest cover data sets can be further enhanced.
At the country level, the outputs from this study can further
support and guide the allocation of government’s investment in
mangrove rehabilitation efforts with evidence-based and
spatially explicit mangrove cover information. Furthermore,
this information can also contribute as valuable input in the
respective natural resources management plans to monitor
regrowth stages and/or conservation successes from established
reforestation efforts in the past at the local level. These
potential use and application of the outputs of this project
clearly contributes to the target outcome of the K&C initiative
to address the needs for spatial information at the regional scale
related to various international conventions, carbon cycle
science and environmental conservation.
III. METHODS
The overall mapping approach consists of four main
components: data preparation and image processing; image
segmentation and feature attribute extraction; classification
and ruleset development; and accuracy assessment and change
detection (Figure 1).

Figure 1. Flowchart of mapping process applied in this study.

A. Satellite data
This study used the 1996 JERS-1 single polarization (HH)
and the 2007-2009 ALOS/PALSAR dual polarization (HH,
HV) L-band SAR mosaic data covering the entire Philippine
archipelago. These datasets were accessed through the ALOS
Kyoto & Carbon Initiative, an international collaboration led
by the Japan Aerospace Exploration Agency (JAXA) to
support the data and information needs of international
environmental conventions, carbon cycle science, and
conservation of the environment [55], [56]. Each annual
dataset comprised of a total of 95 1x1-degree mosaic tiles and
has spatial resolution of 25 meters.
JAXA implemented calibration and pre-processing to the
raw SAR datasets to generate the 25-meter SAR mosaic tiles.
The process involved the implementation of a mosaicking
algorithm, which included calibration, ortho-rectification,
slope correction, and intensity tuning of neighboring strip data
[57]. ALOS/PALSAR data acquired in 2010 was not used for
this study due to radiometric inconsistencies between data
strips observed in the mosaic data in some sites.

Aside from the multi-temporal radar images, Landsat 7
Enhanced Thematic Mapper Plus (ETM+) cloud-free image
composites (Bands 3, 4, 5 and 7) were used for the years 2000
and 2013 from the Global Forest Change portal (WWW1)
produced by the University of Maryland. This global dataset
was divided into 10x10 degree individual tiles, also called
granules, comprising of 7 image files per tile and a spatial
resolution of approximately 30 meters. The Landsat image
composites were generated using Google Earth Engine
through an automated process that included image resampling,
radiometric calibration, masking of cloud/shadow/water and
image normalisation [58].

to the mangrove belt area and oriented using a handheld
compass. Similar to the information collected for land cover
data, the location information (latitude, longitude) and
positional accuracy of each ground truth point in the mangrove
data sites were recorded. Additional information such as
dominant mangrove species; canopy cover; approximate age of
the mangroves observed; disturbances and potential causes; and
whether the mangroves were naturally occurring or not. Photos
were taken in each cardinal direction as additional evidence for
the observers’ recorded information (Figure 3). Opportunistic
point observations were made in cases where transects could not
be established, such as in sparse mangrove areas.

Four granules with top left coordinates of 0-10N, 110120E; 0-10N, 120-130E; 10-20N, 110-120E; and 10-20N,
120-130E were downloaded for both years. Then, the granules
were mosaicked and a subset of the image that covered the
entire Philippines was extracted. The subsets were
subsequently resampled to 25 meters spatial resolution to
match the SAR datasets.
B. Ground data
The authors assembled 4,742 ground-truth points that
spanned different land cover types in the Philippines. This
field dataset included location information of closed and open
forest, forest plantation, mangrove forest, annual and perennial
crop, grassland, shrub, wooded grassland, fishpond, waterbody
such as river and lake, and built-up area. These ground
datasets were collected from field surveys conducted across
the Philippines from 2012 to 2015 by the authors and their
colleagues (TABLE S1). Field survey sites can be categorised
into either land cover data or mangrove data collection sites
(Figure 2).
For land cover data sites, a stratified-random sampling of
ground-truth data for thematic mapping following the field
sampling approach by Congalton & Green [59] was employed.
For each data point, location information (latitude, longitude)
and positional accuracy was recorded using a handheld global
navigation satellite system receiver and the dominant land
cover type. In forest areas including mangroves, the forest
type and dominant species were recorded, and canopy cover
was measured using a spherical densitometer at each cardinal
direction measured at 5 meters from the center of the point of
observation. Photos were taken at each point and in each
cardinal direction using handheld digital cameras to keep a
visual record of the land cover types present (Figure 3).

Figure 2. Field survey sites, including land cover data and mangrove data
collection sites, and extent of radar image tiles. (1) Metro Manila, Rizal,
Quezon; (2) Infanta, Quezon; (3) Sibuyan Island; (4) Busuanga and Coron,
Palawan; (5) Batbatngon, Leyte; (6) Eastern Samar; (7) Maasin, Southern Leyte;
(8) Bago watershed, Negros Occidental; (9) Southern Cebu; (10) Narra and
Quezon, Palawan, and; (11) Zamboanga Sibugay.

For mangrove data sites, field surveys were conducted in
areas identified through consultation with key local informants
in conjunction with information from land/mangrove cover
maps such as from official NAMRIA data and Long et al. [44],
[45] data. Transect lines ranging between 100 meters to 250
meters were established inside the mangrove areas. Fifty-meter
horizontal distances between ground truth points along the
transect line were measured using meter tapes. Transects were
kept straight as much as possible following the direction parallel

C. Ancillary Data
Mangrove ecosystems are dynamic and influenced by
other environment factors. Thus, additional datasets were used
to implement our mapping approach, including a vector layer
of the Philippine coastline, digital elevation models (DEM),
and tidal height information, particularly to create a mask
layer for delineating the intertidal zone. These additional
datasets include the coastline vector layer from the Global

Administrative Database (WWW2); the elevation data derived
from the 1-arcsecond (approx. 30 meters spatial resolution)
non-void-filled DEMs acquired by the Shuttle Radar
Topography Mission (WWW3), mosaicked and subsequently
resampled to 25 meters spatial resolution to match the SAR
and Landsat data, and; the tidal height observations in the
Philippines recorded by NAMRIA and published online
through the Sea Level Station Monitoring Facility of the
Intergovernmental Oceanographic Commission (WWW4).
TABLE S1
FIELD SURVEY SITES AND NUMBER OF GROUND-TRUTH POINTS
COLLECTED AND USED FOR THE STUDY.
Code
1
2
3
4
5
6

7
8
9
10
11

Name of Field
Survey Site
Bulacan-CaviteQuezon-Manila
Burdeos,
Quezon
Sibuyan Island,
Romblon
Coron Island,
Palawan
Babatngon,
Leyte
Guiuan,
Mercedes, and
Salcedo, Eastern
Samar
Maasin,
Southern Leyte
Northern Negros
Southern Cebu
Narra and
Quezon,
Palawan
Ipil, Kabasalan,
Payao, and Siay,
Zamboanga
Sibugay
Total

Land cover

Number of
Points Collected
703

Mangroves

82

Land cover

1,719

Mangroves

122

Mangroves

25

Mangroves

46

Mangroves

47

Land cover
Land cover
Land cover

1,058
532
338

Mangroves

70

Type of Data

4,742

Mangroves typically occur across the intertidal profile,
which is the strip of coast starting from the lowest low water
level up to the highest high water level (spring tide) [1], [3],
[60], [61]. To create the mask layer, the highest high water
level was used as the landward limit and a 500-meter buffer
from the coastline as the seaward limit. To determine the
highest high water level, the maximum tide level observed in
any of the six active tide gauges in the Philippines (~3 meters,
rounded down) was added to the standardised global measure
of mean sea level (~7 meters, rounded down; 1980 to 2013).
Hence, the maximum elevation was set at 10 meters above sea
level for this study. The mask layer was then used to produce
“masked image layers” from both the SAR and Landsat
datasets wherein image pixels within the mask layer were
included in the object-based image analysis process.
For area-based accuracy assessment, the official 2010 land
cover map from NAMRIA data and the 2000 and 2010
mangrove cover maps produced by Long et al. was used [44],
[45].

Figure 3. Photos of mangroves taken from the field survey sites. (a) Sonneratia
sp. representative of mangrove species usually found along the seaward side of
the coastal area, (b) Nypa fruticans commonly found along the inner freshwater
areas of mangrove forests, (c) Rhizophora sp. as the most dominant species
found across all field survey sites, (d) Reforested mangrove areas found in
Zamboanga Sibugay, (e-f) Old-growth mangrove forests found in Narra and
Quezon, Palawan, and (g-h) Typhoon-damaged (Haiyan) mangrove forests
found in Guiuan, Eastern Samar.

D. Image Pre-processing, segmentation and classification
A semi-automated module using ENVI/IDL v.5.0 software
(Exelis VIS, Inc., USA) was developed and implemented to
batch process several pre-processing tasks designed for the
ALOS/PALSAR (HH and HV polarisation) and JERS-1 SAR
(HH polarisation) mosaic datasets [62]. The pre-processing
tasks included the header file association, speckle filtering,
normalisation, the calculation of image ratios, pixel-based
mosaicking, and image-to-image registration. After the header
files were automatically generated for opening each mosaic
tile, a Lee adaptive filter with a 5x5 kernel window was
applied to reduce the speckle effects in the raw SAR imagery
and to preserve edge information between adjacent land cover
types [63]. After speckle filtering, the digital numbers (DN) of
the HH and HV images were converted from amplitude format
to normalised radar cross-section, or sigma-nought (σ0; units
in dB) using Equation (1):
(1)

The eCognition Developer v.8.9 software (Trimble
Germany GmbH) was utilised for the object-based image
analysis that consisted of the processes such as image
segmentation, object-level attribute extraction, and decisiontree classification. A total of 22 image layers were used as
input in the process. This set of image layers included the
masked SAR images, the three data layers associated with
ALOS/PALSAR mosaics (HH, HV, and HH/HV) for the three
years, the single JERS-1 SAR (HH) data layer, the Landsat
bands (Bands 3, 4, 5, 7) and the NDVI images for the two
years.
Using the SAR datasets as basis for the image
segmentation, image objects were generated for each of the
years 1996, 2007, 2008 and 2009 using the multi-resolution
image segmentation algorithm with equal image weights for
each layer (weight = 1). Multi-resolution segmentation
parameters were chosen experimentally following the
procedures by De Santiago et al. [50], and the best parameters
selected (scale = 10; shape = 0.1; compactness = 0.9) were
based on a visual assessment of the generated objects from the
SAR images and familiarity with the field survey sites (Figure
4).

design and framework of this package is based on the
Classification and Regression Trees (CART) algorithm by
Breiman et al. [74].
A multi-level classification hierarchy was employed to
classify the image datasets (Figure 5). At Level 1
classification, all objects are assigned into either land or water
classes. At Level 2, water classes are excluded and only
objects classified as land from Level 1 are further assigned
into either vegetation or non-vegetation classes. At Level 3,
only objects classified as vegetation from Level 2 are assigned
into either forest or non-forest classes while excluding nonvegetation classes. Finally, at Level 4, non-forest objects are
set aside, and only objects classified as forest in Level 3 are
assigned into mangrove and non-mangrove classes. The
tabular databases were used as the inputs for decision tree
classification, designating the feature attributes as predictor
variables and classes were assigned depending on the
classification level. Classification trees were generated for
each level, beginning from Level 1 and ending at Level 4, for
each year. A total of 16 classification trees were generated
with 4 trees in each year.

Following segmentation, feature attributes or object
statistics were computed for the SAR-based segments in each
year. In particular, the mean and standard deviation values,
from the SAR data layers for that year, the Landsat bands, and
NDVI images were computed. The number of object-level
feature attributes computed was 26 and 22 for PALSAR-based
and JERS-based segments, respectively. Spatial joins were
then established between the reference point data collected in
the field and the image object data from each segmentation
product, to compile the tabular databases required to develop
the classification models.
Figure 5. Multi-level classification hierarchy adopted for mapping mangrove
extents.

Figure 4. Example of multi-resolution segmentation objects (scale = 10; shape =
0.1; compactness = 0.9) shown over (a) 1996 JERS-1 HH image, (b) 2007
PALSAR HH image, (c) 2008 PALSAR HH image, and (d) 2009 PALSAR HH
image.

A knowledge-based decision tree classification approach
was implemented for this study. Decision tree classifiers have
been successfully applied in the past for classification of
remote sensing data (e.g., [64]–[66]), and more specifically for
SAR data (e.g., [48], [67]–[71]). Decision tree classifiers do
not depend on any a priori statistical assumption on the
distribution of the data. Alternatively, decision tree classifiers
provide explicit rules and identify feature attributes that are
most relevant to distinguish specific classes to be used in the
analysis [48]. The tree package in R statistical software was
used to construct the decision tree models [72], [73]. The

In preparation for the classification of the remaining image
objects at Level 4, image objects that can be used for training
the decision tree classifier were selected. Since the field
validation activities were conducted years after the image
acquisition (i.e. 2012 and 2015), the main criteria for selecting
training data was to seek image objects corresponding to areas
with no observable change in the mangrove cover from 2007
to 2015 at the minimum. To assess this, the 2000 and 2013
mean NDVI values were computed for the extracted image
objects and subsequently inspected to assess the stability
relative to a known threshold values for mangroves.
According to Satyanarayana et al. [75], healthy growing and
mature mangroves had 0.40 to 0.68 NDVI values. Therefore,
image objects with these corresponding NDVI values were
selected for training data. Additionally, anecdotal information
on the remaining intact mangrove areas (c. 1990 to 2010) were
collected during the field surveys by informally interviewing
local key informants. These additional sets of information
were also considered to support the selection process of the

training data for the classification process at Level 4.
Consequently, the decision tree models produced in Rstatistics software were used as the bases for constructing and
implementing the multi-level classification rulesets in
eCognition.
E. Accuracy Assessment
The implementation of an area-based approach for accuracy
assessment measured the degree of similarity between the
classification results and reference map data. This approach
used different metrics for the assessment such as overall
quality, producer’s accuracy, user’s accuracy, and overall
accuracy [76]–[78]. With the object-based image segmentation
and classification approach, area-based accuracy assessment
was deemed appropriate since it accounted for the inherent
geometric characteristics of the created image objects resulting
from the object-based image analysis [78]. This research
followed the examples by Whiteside et al. [77] and Kamal et
al. [78] to evaluate the accuracy of the mangrove maps
resulting from an object-based image classification (Figure 6).

Figure 6. Example of area-based accuracy assessment of mangrove and nonmangrove classification results showing (a) LG2010 reference map, (b)
NAMRIA2010 reference map, (c) classified map, and (d) classes produced
from area intersection process.

Two sets of reference data including the 2000 and 2010
mangrove maps by Long et al. [44], [45] and the mangrove
cover from the official 2003 and 2010 NAMRIA land cover
map was used. This assessment only focused on the mapped
mangrove and non-mangrove classes that resulted from the
Level 4 classification. The 2000 Long & Giri [44] and 2003
NAMRIA maps were used as the reference map data for the
1996 JERS-1 classification. The 2007 to 2009 PALSAR
classification results were evaluated against two reference
maps, particularly using the LG2010 [45] mangrove map and
the NAMRIA2010 land cover map. Change analysis and
calculations for the area-based accuracy assessment were
implemented using ArcGIS 10.2 software (ESRI, USA).
Prior to assessing the accuracy of the object-based
mangrove classification, data cleaning of initial classification
results was done by removing objects misclassified as
mangroves beyond a 3-km buffer distance landward from the
coastline. A total of 170 random points was created using
Create Random Points in ArcGIS and the NAMRIA2010
mangrove cover extent as the constraining feature. A buffer
polygon was produced for each random point with a 60-meter

minimum distance between points to avoid overlap once the
points are buffered to a specific radius. The points were
buffered using the following radiuses: 12.5 meters, 25 meters,
and 50 meters. The resulting circular polygons were used to
examine the reference and classified images.
IV. RESULTS AND DISCUSSIONS
A. Classification Accuracy
As illustrated in TABLE I, all the results showed that there
was a significant difference between the computed accuracies
for each year. A substantial difference was observed from the
computed accuracies between 1996 JERS-1 and 2007-2009
PALSAR mangrove cover results. However, the two reference
datasets showed contrasting trends in the computed
accuracies, as illustrated in Figure 7.

Figure 7. Trends of the computed overall accuracies (y-axis) based on the LG
and NAMRIA reference data evaluated across each data acquisition year (x-axis)
and varying buffer distances.

Using the LG2000 and LG2010 mangrove dataset as
reference data, there was an increasing trend in overall
accuracy from 1996, 2007, 2008 to 2009. This trend was
almost consistent across the different buffer distance used in
the accuracy assessment except for the 2008 accuracy result
using the 50-meters buffer distance. Across the different
buffer distances utilised for the assessment, the 2009
mangrove cover with a 12.5-meter buffer radius validation
area and the 2008 mangrove cover with a 50-meter buffer
radius exhibited the highest overall accuracy of 70%.
Conversely, the resulting assessment for the 1996 mangrove
cover have steadily demonstrated low accuracies across all
buffer distances at around 56%; with the lowest accuracy
observed in the 1996 mangrove cover using 50-meter buffer
radius. The computed accuracies for the 1996 mangrove cover
results were much lower than the computed accuracies of the
mangrove cover extracted from the PALSAR datasets.
Using the same approach to assess the accuracy of the
produced mangrove cover maps using the NAMRIA2010 data
as reference has presented different trends and computations.
Although an increasing overall accuracy was still observed
from the years 2007 to 2009, the computed figures were much

lower ranging from 34% to 52% across all buffer distances.
For the PALSAR datasets, the highest computed overall
accuracy of 52% was observed in the 2009 results using the
50-meter buffer radius. The overall accuracies for the 1996
mangrove covers showed a steady value of around 53% across
all buffer distances. Although this computed accuracy may be
closely similar to the accuracy computed for the 1996 cover
previously assessed with the LG2010, the increasing trend of
the accuracies across the later years was not observed. The
general observation in the accuracy assessment using the
NAMRIA 2010 as reference data was that the computed
accuracies for the JERS-1 1996 mangrove cover exhibited
higher percentages than any of the mangrove cover results
extracted from the more recent 2007 to 2009 PALSAR data.
This was in direct contrast to the general trend observed in the
accuracy assessment results using the LG2010 reference data.

classification results were more similar to the results obtained
by LG2010, with the 2009 mangrove cover being the most
comparable.

Better understanding on the overall accuracies can be
attained by looking at the producers’ and users’ accuracies that
were also shown in TABLE I. With the LG reference data, the
computed producers’ accuracies for the PALSAR derived
mangrove covers were higher compared to the JERS-1 derived
mangrove cover across varying buffer distances. Between
mangrove and non-mangrove classes, producers’ and users’
accuracies for the non-mangrove class were higher. Moreover,
both producers’ and users’ accuracies exhibit moderate values
for both mangrove and non-mangrove categories. The highest
and lowest overall quality was obtained for the 2009 nonmangrove class (83%) and 1996 mangrove class (29%),
respectively, using the buffer distance of 50-meters. Hence,
the results of the computed overall accuracies were found
comparable to the finer components of the accuracy
assessment matrix.

In both 1996 and 2009, the most extensive mangrove areas
were observed in the provinces of Palawan and Quezon, and in
Samar Island, Zamboanga Peninsula, and Leyte Island (Figure
9). The highest net positive increase in mangrove extent
between 1996 to 2009 was computed in the Sulu archipelago,
more specifically found in the provinces of Sulu (164%),
Tawi-Tawi (75%), and Basilan (69%). The second province
with the highest net positive increase was Surigao del Norte
with 121% more mangrove cover extent in 2009 compared to
1996. The highest net decrease in mangrove extent was noted
in Leyte (6,661 ha), Palawan (6,040 ha), and Camarines Norte
(4,838 ha). Over the span of 13 years, net mangrove loss was
observed in 40 provinces while net mangrove gain was
observed in 27 provinces.

Alternatively, the computed producers’ accuracies using
the NAMRIA 2010 as reference show that the mangrove class
yielded high accuracy with a range of 93% to 98% for the
PALSAR derived results. However, the producers’ accuracy
for the non-mangrove class were very low with a range of
values between 2% to 13%. This stark contrast in the values
between the two classes has resulted to the low to moderate
overall accuracies for the PALSAR derived mangrove cover
results. On the other hand, the producers’ accuracies
calculated for the JERS-1 derived mangrove cover result were
found comparable to the values using the LG2000 reference
data. The users’ accuracies also exhibited low to moderate
results, with the non-mangrove class significantly higher than
the mangrove class across all the years and buffer distances.
In summary, the results of the area-based validation
suggest that the radius of the random polygons does not
significantly affect the values that define the accuracy of the
classification. The values of the overall quality for both
mangrove and non-mangrove classes do not vary significantly
and the overall accuracies only increased by a maximum of
3%. The overall accuracies obtained for the 1996 classification
were consistent for both reference images, ranging from 53%56%. The results also indicate that the PALSAR derived

B. Mangrove Extent and Change
1. Extent and change of mangroves in the Philippines
According to the results of this research, the total
mangrove area of the Philippines was estimated at 437,559 ha
in 1996 decreased by 34% (149,844 ha) in a span of 11 years.
Subsequently, increases in total mangrove area of 123,145 ha
was observed between 2007/2008 and 36,483 ha further
between 2008/2009. Over a 13-year period from 1996 to 2009,
a total net positive change of 9,742 ha in mangrove area was
observed in the entirety of the Philippines (TABLE S2; Figure
8).

The total mangrove extents calculated from the
classification results were higher compared to the mangrove
area estimates by LG2010 and NAMRIA2010 maps (TABLE
S2). For example, mangrove estimates from the 2009 results
were higher by 204,467 ha and 183,668 ha compared to
LG2010 and the NAMRIA2010 maps, respectively.
2. Example of observations of mangrove change in three
study sites
Coron and Busuanga, Palawan. Mangrove forests in
Busuanga Island exhibit characteristics of old-growth forest
based on field observations of the biophysical attributes of the
mangrove trees. Fringing mangrove areas are found across the
coastline, most of which are left intact (Figure 9.a2).
Anecdotal accounts of local key informants indicate that one
of the primary reasons for the preservation of these old-growth
mangrove forests is the inaccessibility of these mangrove
areas. People found the remoteness of the areas inconvenient
to perform extractive activities, such as harvesting of
mangrove wood for charcoal production and conversion of
these areas into commercial fishponds.

TABLE I.
SUMMARY OF AREA-BASED ACCURACY STATISTICS (%) ACHIEVED FROM LEVEL 4 CLASSIFICATION USING [A] LONG
ET AL., AND [B] NAMRIA DATASETS AS THE REFERENCE MAPS.
1996 JERS-1

2007 PALSAR

2008 PALSAR

2009 PALSAR

Class
OQ

PA

UA

OA

OQ

PA

UA

67

49

49

OA

OQ

PA

UA

49

64

68

OA

OQ

PA

UA

51

65

70

56

74

70

48

98

48

3

3

60

49

64

68

55

73

69

47

96

48

6

6

65

49

63

69

83

73

67

48

93

50

12

13

66

OA

Random polygons at 12.5-meter radius
Mangroves

30

53

41

A

56
Non-mangroves

46

58

69

Mangroves

30

58

39

B

66
66

80

80

97

33

33

53
Non-mangroves

41

50

68

69
55

73

69

48

98

48

34
2

59

59

40

66

50

70

49
3

3

66

49

64

68

48

Random polygons at 25.0-meter radius
Mangroves

30

53

41

A

56
Non-mangroves

45

57

69

Mangroves

30

57

39

B

66
56

66

80

33

96

34

53
Non-mangroves

41

51

68

68
55

73

69

48

97

48

36
5

5

71

41

66

51

69

49
7

7

31

50

65

69

49

Random polygons at 50.0-m radius
Mangroves

29

52

40

A

55
Non-mangroves

45

58

68

Mangroves

30

56

39

B

67
57

67

79

34

93

35

54
Non-mangroves

42

52

68

70
56

74

70

48

94

49

39
11

12

77

68

51
13

13

71

52

Note: OQ = overall quality; PA = producer’s accuracy; UA = user’s accuracy; OA = overall accuracy

Additionally, the island is a prime tourism area, which
provides income and deflects pressure away from converting
mangrove areas into other land uses.

a source for local wine production) and community resource
use (i.e. leaves are used as material for roofing), harvesting of
these mangrove species have been increasing.

Infanta, Quezon. Situated along the eastern coastline of the
Philippines, Infanta is a regular recipient of high amounts of
wind and precipitation from the numerous typhoons coming
from the Pacific Ocean. In the end of 2004, Typhoon
Nanmadol struck Infanta that resulted to the massive loss of
mangrove areas in the province. However, new mangrove
areas are observed to be expanding south of the municipality
where large fishponds are located (Figure 9.b2). Nipa
mangroves (Nypa fruticans) are extensive in this area, which
surround large commercial fishponds as seen from the SAR
color composites (figure 9.b1). Due to market demands (i.e. as

Kabasalan and Siay, Zamboanga Sibugay. The province
lies at the southern part of the Philippines. This region sits just
outside the typhoon belt, so it receives relatively lesser amount
of wind and rainfall, sparing the province from weather
induced deforestation. The primary driver of land conversion
known in the area is the conversion of mangrove areas to large
commercial fishponds. These areas can be quickly identified
using the SAR composites due to their shape and color. The
observed increase in mangrove cover can be attributed to the
mangrove reforestation effort implemented in the coastal
towns by local organisations since 2006. Large changes in

mangrove extent were most notable in new mangrove
reforestation areas surrounding old and abandoned fishponds
(Figure 9.c2). Mangrove regrowth is also observed in the SAR
composite as cyan-colored pixels, particularly near the mouth
of the estuaries, due to backscatter responses in these areas
that were detected in 2009 but not in previous years (Figure
9.c1).
C. Discussions
The mapping and monitoring of mangrove ecosystems at
various scales have significantly progressed with the
advancements in remote sensing and the availability of various
satellite images. Developments in image classification
techniques for mapping mangrove cover and extent has
significantly improved over time, from visual interpretation to
object-based image classification [79]–[81]. National and local
mangrove maps are produced using different mapping
approaches and are typically difficult to synthesize, resulting
to uncertainties and highly variable estimates of mangrove
cover extent [82], [83]. Remote sensing has provided a
consistent and well-documented approach to mapping
mangrove forests at different scales.
This study is also a good demonstration of data fusion in
mapping mangrove forests. The availability and free access to
different types of satellite imagery at moderate and high
spatial resolution have provided an opportunity of improving
the mapping of mangrove cover extent and understanding the
dynamics of change through the interpretation and analysis of
multi-temporal datasets [84]. Moreover, the changes that can
be detected by both optical and radar satellite imagery are
further enhanced, as compared to the subtle changes that can
be characterized either by spectral properties or structural
differences [85]. The study confirms the potential of using Lband radar and multispectral data to generate multi-temporal
wall-to-wall mapping and quantify mangrove extents and
changes for the entire Philippine archipelago using objectbased image analysis. The combined use of datasets from two
different sensors overcomes the limitations experienced using
either sensor exclusively.
An object-based image analysis approach for image
classification necessitated the use of appropriate accuracy
assessment methodology aside from the standard pixel-based
approaches. Hence, an area-based accuracy assessment
approach or map similarity assessment was adopted to
sufficiently evaluate the consistency of the classification
results. This approach is currently an active area of research.
Despite the increasing usage of this approach, it is recognized
that there remain some limitations in implementing the
methodology. One main challenge that can be encountered is
the availability of reference maps (or lack thereof) necessary
to perform the map similarity assessment. In this study, two
sources of reference maps were readily available for the
assessment.

Figure 8. Extent of mangroves by provinces in the Philippines in (a) 1996, (b)
2007, (c) 2008, and (d) 2009.

Figure 9. [Top images] Examples of composites of 1996 JERS-1 SAR (red),
2007 ALOS/PALSAR (green), and 2009 ALOS/PALSAR (blue) for (a1)
Coron and Busuanga, Palawan, (b1) Infanta, Quezon, and (c1) Kabasalan and
Siay, Zamboanga Sibugay. [Bottom images] Example mangrove change maps
from 1996 to 2009 for the three sites (a2, b2, c2).

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

Province
Agusan del Norte
Agusan del Sur
Aklan
Albay
Antique
Aurora
Basilan
Bataan
Batangas
Biliran
Bohol
Bulacan
Cagayan
Camarines Norte
Camarines Sur
Camiguin
Capiz
Catanduanes
Cavite
Cebu
Compostela Valley
Davao del Norte
Davao del Sur
Davao Oriental
Dinagat Islands
Eastern Samar
Guimaras
Ilocos Norte
Ilocos Sur
Iloilo
Isabela
La Union
Lanao del Norte
Lanao del Sur
Leyte
Maguindanao
Marinduque

2007
1,776
3
1,944
1,876
1,825
818
6,824
416
1,058
681
6,150
124
7,520
4,749
8,114
204
1,612
1,156
168
2,578
185
521
984
899
2,003
13,710
923
333
436
1,634
997
253
1,685
482
6,866
1,772
2,967

2008
2,462
2
4,561
3,088
1,765
1,269
9,279
901
1,243
1,088
11,546
1,282
8,917
7,512
10,456
284
3,668
3,129
336
4,385
306
1,272
2,008
2,212
3,444
15,228
1,197
275
431
2,527
1,793
452
2,690
757
13,723
1,582
3,598

2009
3,637
2
3,464
3,169
1,534
1,196
11,050
859
1,342
1,310
12,133
1,051
10,071
8,674
12,185
257
4,845
2,667
315
4,036
462
1,391
1,960
2,479
3,593
16,627
1,622
572
641
4,896
1,452
780
3,504
674
13,253
2,367
3,600

Net Change
1996-2009
311
(29)
(3,013)
(444)
(1,721)
20
4,521
(3)
(294)
(332)
309
692
(3,515)
(4,838)
(1,810)
28
707
(645)
(105)
(1,442)
173
(272)
(562)
1,115
808
(576)
928
114
(330)
1,485
(621)
(658)
(298)
(555)
(6,661)
162
1,148

2000

1,142
1,074
907
506
7,773
235
531
231
9,890
389
5,316
3,750
5,341
5
2,009
1,646
33
2,705
130
191
360
2,010
1,682
5,423
576
128
231
1,175
591
142
1,386
536
5,813
962
2,710

244

1,695
0
1,160
1,038
901
502
5,901
172
486
334
7,880
268
4,931
3,581
5,867
5
1,892
1,664
26
2,394
63
69
207
1,654
1,694
5,991
288
59
43
1,076
590
45
1,274
445
6,239
564
2,796

2010

TABLE S2. MANGROVE AREA ESTIMATES FOR EACH PROVINCE IN 1996, 2007, 2008, 2009, AND NET CHANGE FROM 1996 TO 2009.
Classification Results
Long et al. Data
1996
3,326
31
6,476
3,613
3,255
1,177
6,528
862
1,635
1,642
11,824
359
13,585
13,512
13,996
229
4,138
3,312
421
5,478
289
1,663
2,522
1,365
2,785
17,203
694
458
971
3,411
2,073
1,438
3,802
1,228
19,913
2,206
2,452

NAMRIA Data

1,231

2010

1,196

2003

365
718
473
314
6,747

211
1,306
663
103
2,259
464
7,626
1,011
2,397

5,146
3,331
6,675
4
1,338
1,868
48
2,305
173
611
103
1,774
2,086
6,643
666

697
902
677
517
7,136
171
363
278
8,516

454
104
7,833

7,164
3,630
2,592
10
2,770
1,437
57
2,052
61
93
173
1,700
2,037
12,026
359
26

1,159
435

5,026
192
4,647
1,302
2,210

38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68

Province
Masbate
Metropolitan Manila

Misamis Occidental
Misamis Oriental
Negros Occidental
Negros Oriental
North Cotabato
Northern Samar
Occidental Mindoro
Oriental Mindoro
Palawan
Pampanga
Pangasinan
Quezon
Romblon
Samar
Sarangani
Shariff Kabunsuan
Siquijor
Sorsogon
South Cotabato
Southern Leyte
Sultan Kudarat
Sulu
Surigao del Norte
Surigao del Sur
Tawi-Tawi
Zambales
Zamboanga del Norte

Zamboanga del Sur
Zamboanga Sibugay
Total

Long et al. Data

4,878
20
1,626
340
3,360
1,618

Classification Results

5,200
41
2,034
344
4,013
1,883

3,608
999
2,208
56,139
127
206
14,470
821
10,612
85
836
41
3,962
9
449
1,126
21,231
13,050
8,449
11,805
218
1,285
6,345
9,115
242,835

2010

Net Change
1996-2009
(1,421)
164
884
(1,292)
(168)
91

4,325
1,730
3,047
57,222
249
1,275
14,037
744
10,555
94
1,033
52
3,988
13
643
985
21,248
13,101
5,782
11,196
980
1,977
9,136
14,569
259,269

2000

9,437
192
6,232
1,732
10,583
2,533

(1,045)
(758)
(1,471)
(6,040)
626
1,028
(139)
(171)
(396)
(108)
(715)
(97)
(810)
(44)
(969)
124
16,322
9,283
(1,483)
8,638
859
(2,001)
3,726
3,327
9,742

2009

10,055
279
4,615
1,472
5,973
1,911
14,396
4,349
5,861
60,172
1,056
3,090
32,309
1,541
17,632
1,754
2,551
235
8,683
103
2,327
3,183
26,271
16,930
10,576
20,143
2,533
4,305
16,166
16,755
447,302

2008

4,575
100
3,098
1,422
5,113
1,588
12,904
2,555
5,218
57,822
1,210
2,412
30,152
1,532
16,957
1,954
3,602
218
7,720
90
2,090
3,030
28,238
16,702
11,990
19,676
1,516
4,110
11,472
12,678
410,819

2007

10,858
28
5,349
3,024
10,750
2,442
10,627
1,786
3,829
47,380
68
1,135
23,464
1,109
11,786
1,254
1,567
95
4,549
120
1,293
2,299
19,198
13,427
4,791
14,773
1,092
2,082
7,441
10,368
287,675

1996

15,441
5,107
7,332
66,210
430
2,062
32,448
1,712
18,030
1,862
3,266
333
9,494
147
3,296
3,060
9,949
7,648
12,060
11,505
1,674
6,306
12,439
13,425
437,559

79
4,110
21
531
741
17,566
12,561
8,348
8,476
133
544
9,351
12,694
263,634

6,279
110
2,965
286
4,889
981
669
9,770
1,545
3,893
55,694
64
669
16,501
1,003
13,741
122

2010

NAMRIA Data

2003

2,175
26
2,407
250
2,318
1,435
609
7,243
276
841
50,150

154
13,797
807
14,979
91

67
3,168
13
197
550
16,000
13,741
10,635
6,027

952
9,622
12,965
240,855

Based on the accuracy assessments, it was observed that
there was low similarity between the classification results and
the reference maps since the total area of mangroves mapped is
higher from the classification results compared to the reference
maps. It is likely that random check points for accuracy
assessment fell on mangrove areas detected in our classified
maps but were not mapped in either the LG2000/2010 or
NAMRIA2003/2010 mangrove maps. This eventually results
in lower map similarity. Additionally, our approach resulted
into moderate levels of overall area-based accuracies. The
levels of accuracies achieved varied between the two reference
maps used with higher accuracies from comparison with the
LG2000/2010 maps.
The classification results also showed higher mangrove
area estimates compared to previous mapping efforts using
optical sensors. One possible reason that can be considered is
the detection of narrow fringing mangroves along coastlines
such as those observed in Guiuan, Eastern Samar. There were
also cases of mangroves detected by the combined SAR and
Landsat data that were not mapped by either reference maps
such as Apo Reef in Occidental Mindoro province (~20 ha).
Overall, the mangrove change observed over the 13-year
period also showed a net positive increase in mangrove forests.
The mangrove mapping of Long et al [83] excluded water
bodies, barren lands and due to the coarse resolution of the
satellite imagery used, mangroves areas of about 0.08 hectares
or less were not mapped. The findings suggest that the narrow
fringing mangroves may contribute significantly to the total
mangrove cover in the country.
This increased detection may be affected by a combination
of different assumptions, approaches and parameters used by
the analysts during the implementation of the project activities
(i.e. mangrove areas included Nipa, slightly finer pixel
resolution that allows the detection of fringing mangroves). As
mentioned in different literatures, the varying definitions of the
land cover classes being mapped also contribute significantly
to the differences in the classification results [86]. In summary,
this suggests that the mangrove areas in the country could be
more extensive than previously thought and baselines must be
revisited to reflect better estimates of the remaining mangrove
areas in the country. The availability of global land cover
datasets provides a good estimate for certain land cover
classes, but to understand changes over a certain period and the
factors influencing mangrove conditions, regional and local
assessments are still necessary to elaborate the differences.
The results can be used as substantial evidence to guide
management authorities in selecting additional sites for
mangrove restoration. Similarly, the impact of previous
mangrove reforestation efforts can also be assessed using the
mangrove change maps on whether these past efforts have
been successful or not. Government led initiatives such as the
National Greening Programme and other site-focused
restoration efforts following the depletion and damage in the
mangrove areas caused by typhoon Haiyan in 2013 [87] can

greatly benefit from the information produced from this study.
Furthermore, mangrove gain areas shown on the change maps
can be identified as areas where regular monitoring and
maintenance activities should be implemented to ensure higher
survival or lower mortality of planted mangroves. Areas of
mangrove loss show hotspots where law enforcement efforts
and patrolling should be strengthened in order to mitigate
further expansion, especially into neighboring intact
mangroves. Thus, the generated estimates can be a basis for
subsequent monitoring and maintenance activities for
mangroves conservation in the Philippines.
The Philippines is considered as one of the major
mangrove-holding nations in the world [82]. Inconsistencies
and varying trends in historical mangrove cover hinder reliable
monitoring and modeling of ecosystem changes [88]. The
accuracy of mapping mangrove cover extent also influences
the understanding in the changes in ecosystem functions and
ecosystem services that contribute to human well-being [89].
Moreover, research on mangroves are increasing due to their
capabilities to store and sequester ‘blue’ carbon and the
adverse impacts of their deforestation through the release of
carbon to the atmosphere [90].
The continuous global mangrove forest for the 21st century
(CGMFC-21) is a database of global mangrove cover maps
created using the Global Forest Change [91] and the Mangrove
Forests of the World [44], synthesized with the Terrestrial
Ecosystems of the World (TEOW). This dataset improves the
identification of mangroves by implementing a percentage-tree
cover approach that can identify potential areas of degradation
and capture mangrove areas at fringe pixels. The use of these
additional datasets to improve and explore the potential of the
land cover classification approach to mangrove mapping
implemented in this study can provide further insight and
comparison for the current results.
The approach can be applied more widely using the global
mosaics of ALOS/PALSAR that has been made available by
JAXA to the public. With the launch of ALOS/PALSAR-2 in
May 2014, global mosaics beginning in late 2014 or early 2015
may be used in tandem with the Landsat 8 data to update the
estimates of mangrove extents and changes. The finer spatial
resolution of ALOS/PALSAR-2 may also benefit the detection
of smaller areas of mangroves and mangrove change, which
are observed in many parts of the Philippines. Open access and
free data has contributed in reducing the digital divide, but
further collaboration and linking of remote sensing and
ecology must be undertaken because the need to acquire field
data for validation is crucial in producing reliable land cover
and change detection maps of mangrove areas.
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Abstract—Asia-RiCE has been organised to develop the rice crop
estimation and monitoring component for the GEO Global
Agricultural Monitoring (GEOGLAM) initiative. GEOGLAM
aims to enhance agricultural production estimates through the
use of Earth observations, and Asia-RiCE seeks to ensure that
the observational requirements for Asian rice crop monitoring
are reflected in the GEOGLAM priorities. This report
summarises the activities and achievements of Asia-RiCE until
2018. This document also aims to acknowledge and highlight the
impact of contributions from data providers, and the role of the
Asia-RiCE initiative in facilitating these inputs.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative,
Wetlands, Rice crop estimation and monitoring, FAO/AMIS,
GEOGLAM, Asia-RiCE.

I.

and product generation using SAR (i.e., radar) and other Earth
observation data for practical rice crop monitoring.
This activity (being implemented in phases) will contribute
to Goal 2 and other Goals of the SDGs by improving rice crop
productivity and reducing environmental impacts.
Table 1 – Target Products for Asia-RiCE
Product
P1: Rice Crop Area Estimates/
Maps

Description
Cultivated area (every year).
Inventory of agricultural
facilities.

P2: Crop Calendars/Crop Growth
Status

Timing of sowing, planting,
growing and harvesting/growing
status.
Identification of growth stages.
Planted area progress (every
month) per season.
Crop growth anomaly.

P3: Crop Damage Assessment

Detection of flooding and other
disaster impacted area.
Detection of drought or
inundated area.
Detection of diseased plants,
pests and diseases infestation.

P4: Agro-Meteorological
Information Products

Early warning.
Anomaly detection (drought,
extreme temperatures).
Crop growth anomaly.

P5: Yield Estimation And
Forecasting

Empirical-statistical model
estimate.
Crop-growth simulation model
estimates.

INTRODUCTION

A. Background
The Asia-RiCE initiative has been organised to develop
the Asian Rice Crop Estimation and Monitoring (Asia-RiCE)
component for the GEO Global Agricultural Monitoring
(GEOGLAM) initiative. GEOGLAM aims to enhance
agricultural production estimates through the use of Earth
observations, and Asia-RiCE seeks to ensure that the
observational requirements for Asian rice crop monitoring are
reflected in the GEOGLAM priorities.
The goal of Asia-RiCE is to foster the widespread use of
EO for ‘wall-to-wall’, whole country, timely and accurate
forecasts of rice production at national, regional, and global
scales, as an input to the GEOGLAM Crop Monitor and
AMIS Market Monitor.
Target crop and agricultural products are summarised in
Table 1. It is expected that these products will be generated
with national resources as input to crop forecasting systems.
II. DESCRIPTION OF YOUR PROJECT
A. Asia-RiCE & The Phased Approach
Asia-RiCE has leveraged existing agricultural monitoring
programs and initiatives at local levels to develop, exercise,
and refine processes, and now moves on to full implementation

B. Work approach
Phase 1 (2013 – 2015)
Phase 1A (2013-2014) consisted of four demonstration sites
in three countries: Indonesia, Thailand, and Vietnam). Each of

these was focused on the development of provinciallevel rice
crop area estimations.
Note: Phase 1A only covered rice area statistics, maps, and
yield estimates. In Phase 1B (2014- 2015), additional technical
demonstration sites in Chinese Taipei, Japan, and Malaysia
were added.
Phase 2 (2016 – 2018)
Following the successful demonstration of the core
functionality of Asia-RiCE, the initiative moved into Phase 2,
which covered:
Wall-to-wall SAR observation of selected countries and
scaling-up rice crop monitoring using SAR from provinciallevel to country/ region-level estimates (Vietnam & Indonesia);
Expanding rice growth outlooks using satellite-derived
agro-meteorological data for Laos, Cambodia, and Myanmar;
and,
Continuing rice growth outlooks for FAO/AMIS and
related agencies via GEOGLAM in collaboration with AFSIS
(ASEAN+3 Food Security Information System) project.

III. RESULTS AND SUMMARY
A. Asia-RiCE Highlights
Asia-RiCE works to connect in-country agricultural
agencies, space agencies, and global agricultural initiatives. Its
activities are therefore broad. Some highlights are presented
here.
Research and Development Activities
 Demonstration at Technical Demonstration Sites (TDS) in
India, Japan, Malaysia, Philippines, Thailand, Taiwan
(Chinese Taipei), Cambodia, and Myanmar from 2016.
 Demonstration at regional/national scale: wall-to-wall in
Vietnam and top 10 rice production provinces in
Indonesia.
 APRSAF (Asia Pacific Regional Space Agency Forum)
SAFE Initiative with ALOS-2 and INAHOR for
Cambodia, Indonesia, Myanmar and Vietnam (Mekong
Delta).
 ESA-GEORice using Sentinel-1 for Vietnam.
 ADB project using ALOS-2 (with INAHOR) for Laos,
Philippines, Thailand and Vietnam (Red River).
 Ongoing research using SAR (L/X/C-band) and optical
(Sentinel-2/Landsat/Venus/Formosat) data for rice yield
and methane emission estimates at TDS and JECAM
sites. Towards Operational Services
 Setting up pre-operational services for rice crop
monitoring using ALOS-2 ScanSAR and Sentinel-1 and
other satellites in Indonesia and Vietnam.
Data Coordination & Supply

Google Earth
Figure 1. Technical demonstration sites for Asia-RiCE
C. Satellite data
For ALOS-2 PALSAR-2, ScanSAR data was mainly used
by Asia-RiCE tam, which was taken 9 times per year. And
RADARSAT-2 and Sentiel-1 were also used.
D. Ground data
Ground data such as rice or not rice, growth stage, plant
condition, yield and so on were collected at the demonstration
sites by each country’s collaborator. And the data was provided
to JAXA.

The Committee on Earth Observation Satellites (CEOS)
and its agencies are critical partners for Asia-RiCE. Asia-RiCE
works with these space agencies to secure the data required by
in-country teams for development of target products as well as
other research activities.
A key feature of the coverage being provided by CEOS
agencies is the multiple band SAR (C/L/X), which facilitates
important intercomparison studies.
In early 2019, JAXA provided further ALOS-2 PALSAR-2
ARD to Vietnam – covering Cambodia, Laos, and Thailand –
for the Mekong Data Cube project (the VAST-VNSC 2019
CEOS Chair Initiative), which has a focus on rice products.
CNES/CESBIO integrate Sentinel-1 SAR ARD with the
Vietnam Data Cube for rice monitoring.
Open Data Cube & SAR ARD

Open Data Cube arranges data as a multidimensional
(space, time, data type) stack of spatially aligned pixels ready
for analysis.

 Improvement of the model is required to achieve the
expected accuracy level as input reference for policy
makers.

The powerful time series functionality of the Data Cube
platform makes it very useful for agricultural studies, including
for rice.
Critical for the Data Cube is Analysis-Ready Data (ARD).
CEOS, through its Land Surface Imaging Virtual Constellation
(LSI-VC) has developed the concept of CEOS Analysis-Ready
Data for Land (CARD4L) – satellite data that have been
processed to a minimum set of requirements and organized into
a form that allows immediate analysis with a minimum of
additional user effort and interoperability both through time
and with other datasets. JAXA is a co-lead of the SAR
CARD4L specifications. http://ceos.org/ard/
ALOS-2 PALSAR-2 ARD is supplied by JAXA to
Vietnam and Indonesia for their Data Cube projects.
INAHOR
JAXA continued development of the INAHOR
(INternational Asian Harvest mOnitoring system for Rice; crop
planted area estimation software) tools. INAHOR estimates
rice crop acreage and production using space-based Synthetic
Aperture Radar (SAR) from the ALOS series, RADARSAT-2
and Sentinel-1.

ICALRD
Figure 2. Selected 10 top provinces for upscaling of SAR
modelling of paddy

In 2018, JAXA successfully ported the INAHOR algorithm
to the Open Data Cube platform and also developed a machine
learning version of the software
B. Indonesia
Objective: develop and upscale remote sensing based
models of paddy growth stage using satellite data (optical and
SAR).
These models are used by the Indonesian Center for
Agricultural Land Resources Research and Development
(ICALRRD) and the Indonesian Agency for Agricultural
Research and Development (IAARD).
In 2016, the Indonesian rice crop monitoring initiative was
expanded to cover the top 10
high priority’ rice crop areas
(in part because the East-West extent of the country means a
larger number of satellite passes would be required to cover all
areas).
Conclusions
 The role of remote sensing technology is very important
as an information base to formulate land management and
agriculture policy to support food security.
 Since 2014, a remote sensing-based information system
has been implemented in Indonesia for crop monitoring to
help policy makers in agricultural management.

Figure 3. DSS for Agriculture
C. Vietnam
Ho Chi Minh City Vietnam National Space Center (VNSC)
/ Vietnam Academy of Science and Technology (VAST)
performs surveying, process and analyse data, and develop
tools and models, supported by Centre d’Etudes Spatiales de la
BIOsphère (CESBIO), France.
VNRice (2017-2020)
This is a state-level VNSC applied research project on the
use of multi-temporal, multiresolution optical and radar remote
sensing data for rice planted area monitoring and rice
yield/production estimation in the Mekong and Red River
Deltas.

Vietnam Data Cube & 2019 CEOS Chair Initiative

The target products include the following for rice:

Over the last few years, CEOS Agencies have prioritised
efforts to make EO data more accessible, through initiatives
such as Analysis Ready Data, Open Data Cube, and the
Copernicus Data Information Access Services (DIAS).
As the CEOS Chair for 2019, Vietnam seeks to integrate
many of these ongoing CEOS activities in support of regions
most affected by climate change, with a focus on the tropical
monsoon climate countries in South East Asia (Cambodia, Lao
PDR, Thailand, and Vietnam).
By putting the focus on this specific region, the VASTVNSC CEOS Chair hopes to enhance the contribution and
cooperation of CEOS Agencies in the region, identify new
Earth observation users, and to respond effectively to their
needs through integration across the full range of Earth
observations by promoting the sharing of CEOS Agency data
and algorithms, and by improving access to and the use of such
data via modern data architectures. Integrating existing CEOS
thematic acquisition strategies and making data and algorithms
available to the international community will enable studies
and applications in relation to forests, agriculture, disasters,
climate, carbon, and water.
The 2019 Chair Initiative concept is one of a regional
observatory, which is intended to continue beyond 2019 and
also be extended to other hotspot regions.

 Rice Maps
 Rice Phenology / Growth Stage
 Rice Crop Production / Yield Estimation
Asia-RiCE members are playing a key role in the
development:
 JAXA are porting the INAHOR algorithm and providing
ALOS analysis ready data (ARD).
 CNES/CESBIO/GEO Rice have supplied and ingested
Sentinel-1 ARD into the VNDC.
 CESBIO and VNSC have implemented ice crop
mapping algorithms and demonstrated preliminary results
using the VNDC.
Results from VNRice, GEORice, and INAHOR will all be
compared and analysed.
For more information on the 2019 CEOS Chair Initiative,
please see the website: http://ceos.org/2019chairinitiative/

D. Cambodia
One of the newest members of the Asia-RiCE team,
Cambodia, through the Department of Planning and Statistics,
MAFF, is working to promote rice planted area and production
estimation using space-based technologies.
Until now, paddy area and yield related information has
been collected through typical data collection methods
involving local level surveys, however, DPS/MAFF don’t have
any means to check the quality of statistics reported by these
local offices.
The aim was to develop a new information collecting
method that would be cost-effective and complementary to
present rice crop area and production estimations, to support
statistical information generation and to verify statistics
reported by local offices.
Prototype Objectives
1. Develop a standardized, accurate, cost efficient and
timely method to monitor rice crop area.
2. Build capacity of SAR data processing (INAHOR with
ALOS-2 data).

VAST
Figure 4. Rice growth stages around Mekong delta
The project will leverage and expand the Open Data Cube
implemented at VAST-VNSC in Hanoi, Vietnam (officially
launched 6 March 2018), to users in the Mekong Delta region
(Cambodia, Lao PDR, Thailand, and Vietnam).

3. Create maps on land use/land cover as baseline
information.
4. Develop a prototype validation framework for statistics
reported from local offices with satellite SAR-based
information.
INAHOR Validation Workshop and Meeting (October
2018)

Participants from DPS, district offices (four districts) and
RESTEC/JAXA validated statistical values using rice-planted
areas and maps estimated using INAHOR (for Battambang
province) and identified the causes of differences between the
official statistics and the INAHOR results.
Summary
 The judgement level of rice planted area by INAHOR is
acceptable.
 INAHOR can be used as a tool to make and verify the
report values.
 Especially, it can be expected that the accuracy of the
report value will be improved by the utilization of
INAHOR maps by the district offices.

Figure 6. Local officers used the map function on
smartphones to validate reported values during field visits

 Further demonstrations for major rice producing
provinces are needed.
E. Japan
INAHOR

Next Steps
 Expand the validation framework to the dry season or
other provinces, and establish validation work.
 Secure budget for the operational implementation of the
validation work.
 DPS and MAFF expect JAXA to continue with the
provision of ALOS-2/INAHOR or seasonal rice-planted
area maps derived from ALOS-2, and to refine INAHOR
to identify rice planted area which is cultivated two times
per rainy season.

JAXA/RESTEC provide the INAHOR (INternational Asian
Harvest mOnitoring system for Rice, crop planted area
estimation software) tools for Asia-RiCE.
Through an Asian Development Bank Technical Assistance
project and SAFE projects under APRSAF, INAHOR (using
ALOS-2) has been demonstrated to achieve mapping
accuracies of 80-90% for target provinces (in Laos, Thailand,
Vietnam (North), Philippines, Myanmar, Cambodia, and
Indonesia).
INAHOR-NEO, a machine learning version of the software
was developed in 2018. Originally, users would input two
threshold values based on field survey results, however with
INAHORNEO much larger training datasets are used to
automatically produce classification models using a machine
learning algorithm. Higher accuracies can be achieved with this
new version.
A Python version of the INAHOR tool has also been
developed for use specifically with the Open Data Cube.
ALOS-2 Analysis Ready Data (ARD) for Agriculture

JAXA
Figure 5. Rice planted areas from statistics were highly
consistent with the INAHOR results

CEOS, through its Land Surface Imaging Virtual
Constellation (LSI-VC) has developed the concept of CEOS
Analysis-Ready Data for Land (CARD4L) – satellite data that
have been processed to a minimum set of requirements and
organized into a form that allows immediate analysis with a
minimum of additional user effort and interoperability both
through time and with other datasets. http://ceos.org/ard/
JAXA is a co-lead of the SAR CARD4L specification and
also supplies ALOS-2 ARD for agricultural monitoring
purposes. This ARD is processed using SIGMA-SAR and was
originally processed for the JICA-JAXA deforestation

monitoring project, JJ-FAST (JICA-JAXA Forest Early
Warning System in the Tropics). It is ortho-rectified/slopecorrected gamma nought data.
ALOS-2 PALSAR-2 ARD is currently being supplied by
JAXA to Vietnam and Indonesia based on the memorandum of
understanding (MoU).
Summary
 The INAHOR (rice-planted area mapping) software has
been demonstrated in collaboration with Southeast Asian
countries.
 A new classifier (random forest) with training data
showed higher accuracy compared to conventional
INAHOR.

Figure 9. INAHOR on Open Data Cube

 The algorithm in INAHOR is currently being modified to
improve the accuracy (e.g., fusing multi-freq/pol and
optical data, applying machine learning approaches).
 ALOS-2 ARD for agricultural monitoring is being
processed, stored on JAXA servers, and transferred to
Vietnam and Indonesia.

Figure 10. Data Transfer Network for ALOS-2 ARD
Figure 7. Example of INAHOR outputs
F. Malaysia
The research project undertaken was titled: Monitoring
Rice Growth Stages and Yield Estimation using RADARSAT2 and ALOS-2 images in Tanjong Karang, Selangor, Malaysia.

JAXA
Figure 8. INAHOR has been updated in 2018 to incorporate
machine learning capabilities

RADARSAT-2 data were provided by the Canadian Space
Agency under the Asia-RICE project, while ALOS-2
PALSAR-2 images were acquired from the Japanese
Aerospace Exploration Agency (JAXA) through the 6th ALOS2 Research Agreement. Ground sampling was also conducted
to measure rice crop properties.
Rice Crop Monitoring With RADARSAT-2
 Radar backscatter varies at different phenological
growth stages from sowing/ transplant to the ripening
stage.
 The backscattering coefficient is shown to be low in the
early growth stages (sowing/ transplant) and peaks in its
middle growth stages (ripening).
Rice Crop Monitoring With ALOS-2



Radar backscatter varies at different phenological
growth stages from sowing/ transplant (1) through to the
ripening stage (5).



The backscattering coefficient is shown to peak in stage
5.

UPM
Figure 11. Ground sampling for rice parameters

MPU
Figure 12. ALOS-2 PALSAR-2 backscatter correlation with
plant height
G. Conclusion
A Critical and Unique Space Agency Service
Asia-RiCE has demonstrated the great utility of the
initiative, with substantial amounts of CEOS data flowing from
space agencies to in-country agricultural agencies and
researchers – an achievement that would not have been
possible without the collective efforts of the group and its
connections to GEOGLAM and CEOS.
As a result of Asia-RiCE, improved rice production
estimates are being generated at national, regional, and global
scales – valuable inputs to the GEOGLAM Crop Monitor and
AMIS Market Monitor that would not otherwise be present.
Asia-RiCE thanks all CEOS agencies for their unique and
critical contributions.
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Abstract— Inland wetlands occur extensively across Sub-Saharan
Africa and South-East Asia. 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 countries lack regional baseline
information on the temporal extent, distribution and
characteristics of wetlands. ALOS PALSAR data provides
invaluable information related to the flooding patterns and
vegetation characteristics of these wetlands. Analyses of multitemporal and multi-sensor remote sensing datasets are presented
in this paper, in order to characterize the flood pulse and
inundation patterns for regional scale assessments of wetlands.
Input data used includes L-band Synthetic Aperture Radar data
(ALOS PALSAR) and thematic products (inundation maps)
derived from both optical and C-band Synthetic Aperture Radar
data (Landsat TM and Landsat 8, and the Sentinels). These are
combined with ground-based information to improve
understanding of the backscatter signal from different types of
wetlands.
Index Terms—ALOS PALSAR, K&C Initiative, Wetlands Theme,
wetland habitat, wetland dynamics, flood pulse, inundation
mapping, regional scale applications.

I.

INTRODUCTION

Wetlands are recognized worldwide for the critical
ecosystem services they provide.
Floodplains and
wetlands, both natural and manmade are found extensively
across East Africa and South-East Asia. 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 locations, 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 undertaken during the K&C,
as stated in Articles 6 (a)-(c), is the development of regionalscale applications based on the use of L-band SAR data, as
well as other types of Earth Observation data where
appropriate. The project activities during the various Phases
of the K&C have involved mapping regional scale patterns
of flooding and inundation across the Nile and Zambezi
basins in in East and Southern Africa respectively, and in the
Ayeyarwaddy basin in South-East Asia based on funding
availability.
Recent and ongoing investments in the Ayeyarwaddy
Delta and upstream are thought to be having an impact on
agro-ecological conditions through modifications to the flood
pulse. These have the potential to significantly alter both the
hydrology of the delta and land use patterns, which
combined, will most likely further undermine flood-based
food systems and the resilience of livelihoods, in addition to
undermining natural ecosystems. The aim of the spatial
analysis reported here is to contribute to the efforts being
made to build an integrated picture of the factors influencing
the hydrology of the delta, and an improved understanding of

the impacts of upstream interventions. The broader project to
which this work contributes is attempting to influence the
wider policy and planning environments to ensure that future
investments in the delta and the basin do not impede the
freshwater flows needed for flood based farming systems to
survive. During project inception, a gap was noted in existing
knowledge of the changes which have occurred to the flood
pulse over the past two decades, and the location of areas
which are currently suitable for flood based farming systems.
The analysis has thus focused on the development of a
scientific approach to provide this information and beyond
this, to develop suitability maps for flood based farming
systems in the delta, that take account of changing flood
patterns.
B.

Work approach

Initial assessment of wetland ecosystems in East Africa,
and their seasonal dynamics was undertaken during the
previous phases of the K&C, and with data acquired by
ALOS 1 and 2. The continuation of the data archives with
future acquisitions from ALOS 2 allows for the continued
monitoring of important wetlands globally, and provides the

The work reported here under K&C 4 has focused on
the development of regional scale applications which have
been tested and applied in South-East Asia. The research
presented here relates to the original “thematic drivers” of the
K&C Initiative [3]: Conventions, Carbon and Conservation
as follows. The activities are of direct relevance to the
Ramsar Convention on Wetlands of International Importance,
and demonstrate 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 basins.
opportunity to better understand their dynamics over a
longer period.
Following the development of
methodologies for mapping dynamics in large wetlands
such as the Sudd during previous K&C Phases based on the
use of ALOS 1 ScanSAR data, similar methodologies have
been applied to the (non-gap filled) ALOS 2 ScanSAR
mosaics developed by JAXA and provided to the Science
Team for Southeast Asia.
The research approach was designed for the purposes
of characterizing the long-term variability of the flooded

Figure 1: The Ayeyarwaddy River Basin and Ayeyardaddy Delta region in Southeast Asia, along with the location of 11 onfarm monitoring sites (Source: Leh and Rebelo, 2017, WLE Project Report).

area in the Ayeyarwaddy basin and Delta. The specific
objectives of the study were to:
a. Evaluate and map the hydrology of floating rice
systems in the Ayeyarwaddy basin and Delta based
on remote sensing data;
b. Quantify the flood pulse associated with floating rice
systems using field measured hydro-meteorological
data;
c. Develop a spatially distributed map of potential areas
for the future development of floating rice systems.
This study was conducted in the Ayeyarwaddy basin
located in Southeast Asia. The Ayeyarwaddy Basin is a
404,200 km2 river basin located almost entirely within the
country of Myanmar and small portions of India and China.
The Ayeyarwaddy River originates from the confluence of
the N’mai and Mali Rivers and flows in north-south
direction through the Ayeyarwaddy Delta into the Andaman
Sea. The Ayeyarwaddy Delta region, is a 35,964 km2 area
in southern tip of the Ayeyarwaddy Basin between the Bay
of Bengal to the west, Yangon Region to the east.
We implemented basin-wide and sub-basin scale
(focused on the Delta) assessments of remote sensing data to
evaluate inundation patterns and collected farm level water
depth and plant development within the Delta region.

SRTM
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C.

Satellite data
Satellite data from multiple sources was used as input to
the analysis, as detailed in Table I. This included two
thematic products produced by Pekel et al (2016), and
Satelligence (through the ESA EO4SD programme), as well
as the ALOS-2 PALSAR-2 ScanSAR (HH+HV) mosaic
products. These were provided to the Science Team for
every cycle, non-gap filled over selected forest and wetlands
regions (South America, Africa and Southeast Asia) up to 9
times per year from September 2014 until March 2019. The
location of tiles over the Ayerwaddy river basin in shown in
Figure 2.
Table 1: Satellite data sources
Data Type

Data Details

ALOS 2 PALSAR

ScanSAR, non-gap
filled mosaics from
Cycles 004
(September 2014) to
111 (October 2018).
Pixel spacing is 50m,
and the data are
provided by JAXA
in 1 degree x 1
degree tiles.

Year

2014, 2015,
2016, 2017,
2018

Figure 2: ScanSAR tiles for the Ayerwaddy river basin
(sub-basins red, national borders yellow, ScanSAR tiles
black)
D.

Ground data
Field surveys were conducted during the monsoon
season (see Figure 2) in 2017. Nine deep water rice farms
along the eastern boundary of the Ayeyarwaddy delta were
selected for in situ monitoring of water levels and plant

development stage (Figure 1). An additional two farms were
monitored for water level only. A staff gauge was installed on
each farm. The field sizes ranged from 0.5 ha to 4.2 ha.
Field data collection was initiated in the early rice growing
season of 2017. Water level and plant height was measured
from the staff and recorded by farmers on a weekly basis
from July 2017 through to harvest (December 2017).

Figure 3: Mean Monthly Rainfall over the
Ayeyarwaddy Delta (red) and Ayeyarwaddy River
Basin (green) for the period 1981-2016; (Source: Leh
and Rebelo 2017, IWMI Project Report).
I. RESULTS AND SUMMARY
For the purpose of the assessments, the analysis was
undertaken on both an annual as well as seasonal basis, based
on an assessment of long term trends in precipitation. The
long term (35 year) average annual rainfall within the basin
varies between 400 mm in the central Dry zone region to
over 4000 mm in the northern and southern delta regions.
The climate is characteristically divided into a wet season
(from May through October) and a dry season (from
November through April) with the wettest month occurring in
July and the driest in January. Rainfall is variable spatially
across the basin. The Delta region receives significantly more

rainfall during the wet season and lesser rainfall during the
dry season when compared to the basin average.
Analysis of the remote sensing data is still underway; in
situ monitoring will be undertaken for a third season (the
monsoon season in 2019), and the analysis and outputs will
be updated based on these data. In addition, the methodology
is being refined based on the first results. The assessments of
inundation will be used as input into a suitability model
which is being developed for Flood Based Farming Systems
(FBFS) in the Delta region. The primary data used for the
preliminary modelling have included a digital elevation
model (DEM) representing topography, spatial data on land
use, precipitation, soils and inundation maps to determine
flood extent. The model has been constructed based on a
literature review of environmental conditions suitable for
deep water rice/ floating rice production. Only the analysis
of the L-band SAR data is presented further here.
Assessment of the in situ data demonstrates that water
levels rise quickly during the monsoon period, following the
start of the rains in May. The data recorded at 4 of the
monitoring sites is shown in Figure 4. Water depth was
variable across the full set of sites, and typically less than 500
cm on the first day of data collection (July 11, 2017).
Following this it rose rapidly to the peak level between 3 to 4
weeks later, and then slowly receded to the original levels.
The water depth profiles were similar in pattern in all sites
with no discernible difference. Plants were consistently
above the water surface during the growing season,
remaining approximately 170 cm above the water level
throughout the plant life cycle.
In 2017, only 3 ScanSAR scenes were acquired during
the monsoon season at the location of the in situ monitoring
sites (corresponding to a single ScanSAR tile); cycles 74, 77
and 79 (corresponding to dates in May, June and July 2017
respectively); unfortunately Cycles 82 and 85 during the peak
of the flood period (September 2017 and October 2017) are
missing. The full period of assessment (October 2014 to
October 2018), corresponds to 40 ALOS-2 PALSAR-2
observation cycles over the Ayeyarwaddy Delta region. Data
acquisition rates are generally high, particularly in
comparison to the East Africa region, with at least 30
observations acquired at each location in the Delta region.
This consistent temporal record allows for calculation of
multi-temporal statistics. Temporal statistics (calculated from
the >30 cycles acquired between October 2014 – October
2018) are shown in Figure 5 for both HH and HV

Figure 4: Plant height (green) and water depth (blue) during the 2017 monsoon season across four fields in the
Ayeyarwaddy Delta where continuous in situ monitoring sites are located (Source: Leh, Rebelo et al 2017, IWMI Project
Report).

Figure 5: Temporal statistics calculated from over 30 ScanSAR scenes for HH (left) and HV (right); R: Mean,
G: Min, B: Std dev

Figure 6: Polarization ratio (HH/HV) calculated from
the multi-temporal mean of >30 ScanSAR scenes
acquired between October 2014 and October 2018 for
the location of the field monitoring sites in the
Ayeyarwaddy Delta.
polarisations. Permanently inundated areas (appearing black)

and seasonally inundation (appearing purple) are clear in the
images due to the sensitivity of both the HH and HV
polarisation to open water and the corresponding low
backscatter signal. The HH polarisation is more sensitive to
seasonal changes in inundation, as observed from the
variations in the purple areas (Figure 5), and in the ratio of
the mean of the two polarisations (Figure 6). This is of
particular relevance to the deep water rice fields (see whiter
areas in the middle of Figure 6), and in discriminating
between inundated vegetation from other agroecosystems in
the Delta region.
In order to create the maps of wet and dry season
minimum inundation extent (i.e. permanently flooded –
interpreted as pixels which are flooded during each of the
ALOS-2 observation dates) and maximum inundation extent
(i.e. the seasonally inundated areas – interpreted as pixels
which are not flooded during all of the ALOS-2 observation
dates). In addition both open water and inundated vegetation
need to be delineated, which is possible due to the different
responses of the L-band signal to open water and flooded
vegetation. Analysis has been performed on a seasonal basis
for each of the 4 years (2014 – 2018) of ScanSAR

acquisitions; the 1st November to the end of April for the dry
season, and the 1st May to the end of October for the wet
season in order to align with the additionally available data
products (Table 1), and the in situ monitoring data.
Classification of inundation areas has been achieved by
thresholding various temporal statistics for both the HV
backscatter values for each season; the value for the
thresholds has been identified based on an analysis of the HV
backscatter values for open water areas mapped in the surface
water extent products (see Table 1), and through assessment
of the HH backscatter values to identify double bounce from
inundated vegetation.

The outputs are summarized in Figure 7 which shows the
areas of permanent open water during each of the four annual
“hydrological” seasons (i.e. 1st November to 31st March, 2014
- 2018). In the small example location depicted in Figure 7,
there is clearly both i) consistency in the areas permanently
flooded each year, and ii) variability in the size of the areas
which are permanently flooded from year to year. While the
data shown need further validation, November 2014 to March
2015 was the year with the lowest extent of open water
inundation, while November 2017 to March 2018 had a
much greater extent of open water inundation.

Figure 7: Areas which are permanently flooded (open water) during each hydrological year

The results have also been summarized across all years,
to enable visualization of the locations which were permanent
open water during the entire period, as well as those which
were flooded during all observations in a single annual time
period. This is shown in Figure 8.
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
basins.
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

Figure 8: Areas which were permanent open water during the entire hydrological season for a single year
(values of 1) , during two of the observed years (values of 2), during three of the observed years (values of
3), and for the entire four year period of analysis (values of 4).
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
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Abstract—We focused on two main themes during Phase 4: rice
monitoring and forest mapping. Dense time series of open
access Sentinel-1 C-band data were combined with Landsat-8
OLI and PALSAR-2 to map rice across Myanmar. Time series
phenological analyses of the dense Sentinel-1 data were
executed to assess rice information. The broad land use land
cover map generated from PALSAR, Landsat, and Sentinel-1
identified 186,701 km2 of cropland across Myanmar with mean
out-of-sample kappa of over 90%. Analyses show that the
harvested rice area was 6,652,111 ha with general (R2 = 0.78)
agreement with government census statistics. The outcomes
show strong ability to assess and monitor rice production at
moderate scales over a large cloud-prone region. The forest
mapping tested multisensor imagery to extract the strengths of
each sensor for mapping plantation extent at regional scales.
Two distinctly different landscapes with multiple plantation
types were chosen to consider scalability and transferability.
These were Tanintharyi, Myanmar and West Kalimantan,
Indonesia. Landsat-8 Operational Land Imager (OLI), Phased
Array L-band Synthetic Aperture Radar-2 (PALSAR-2), and
Sentinel-1A images were fused within a Classification and
Regression Tree (CART) framework using random forest and
high-resolution surveys. Multi-criteria evaluations showed
both L-and C-band gamma nought γ° backscatter decibel (dB),
Landsat reflectance ρλ, and texture indices were useful for
distinguishing oil palm and rubber plantations from other land
types. The classification approach identified 750,822 ha or 23%
of the Taninathryi, Myanmar, and 216,086 ha or 25% of
western West Kalimantan as plantation with very high cross
validation accuracy.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, industrial
forest plantations mapping, rice monitoring

I.

INTRODUCTION

A. Rice Monitoring
Rice is one of the most important crops globally for food
production, supporting livelihoods, and its role in global
biogeochemical processes. Rice agriculture faces major
challenges in the coming decade due to increasing resource
pressures, severe weather and climate change, population
growth and shifting diets, and economic development. More
than 1 billion people depend on rice to support diets and
livelihoods. However, the total accumulated area of rice has
tapered off as available arable land is becoming scarce and

competition for land uses evolve. This has resulted in
intensified practices for additional crop cycles and
production amplifying water utilization and management to
enhance harvested area and yield.
The majority of rice in today’s world market is grown in
South and Southeast Asia (India, China, Indonesia,
Bangladesh, Thailand, Vietnam, Myanmar, Philippines) and
many large rice producing nations import rice at times to
meet demand. With rice playing a critical role in food
security and economics in this region, monitoring tools have
come to the forefront of several initiatives, such as Asian
Rice Crop Estimation and Monitoring (Asia-RiCE) and
Group on Earth Observations Global Agricultural
Monitoring (GEOGLAM). The overarching goals of these
initiatives are to gauge production and potential risks to
promote greater transparency and improved agricultural
information. Satellite remote sensing has played a key role
in supporting rice and food security initiatives, and the
community has made significant progress. Current Decision
Support Tools (DSTs), for example; that include monitoring
of crops operationally, are largely based on optical data,
such as MODIS indices, combined with agro-meteorology
metrics such as precipitation, temperature, solar radiation,
and soil moisture.
Initiatives, such as AsiaRICE and GEOGLAM, are on a
path to developing operational SAR; however, only since
the launch of Sentinel-1 has the science community truly
had large area SAR acquisition at the scales needed to
support food security programs. A coordinated shift by
international space agencies has taken place with the goal to
acquire systematic SAR acquisitions on a repetitive basis to
support crop monitoring. Sentinel-1 now provides
systematic C-band data at temporal frequencies far beyond
previous collection strategies. As Sentinel-1A and B both
become operational, the user community will have open
access, operational C-band SAR at 6-day frequency for
some priority regions. The proliferation of operational,
moderate resolution (<30 m) and temporally frequent SAR
will also lead to the next generation of Monitoring,
Reporting, and Verification (MRV) tools that can help
address climate change and agroforestry greenhouse
emissions policies. The overarching goal of this research
application was to develop and apply a rice monitoring

framework using multiscale, moderate resolution imagery.
Objectives of the rice mapping effort were to (1) generate an
updated land use land cover map using fused, multisensor
imagery; (2) map rice extent, inundation, calendar, and
intensity using moderate-scale and high temporal frequency
Sentinel-1 observations; and (3) assess rice production in
Myanmar and the ability of a multisensor approach to
support operational monitoring of rice at moderate scales
over a large area.
B. Mapping industrial forest plantations
The expansion of industrial forest plantations is a
critical driver of land cover land use changes in Monsoon
Asia. The Food And Agriculture Organization (FAO)
estimated 187,086,000 hectares (ha) of forest plantation in
2000 with a rate of 4.5 million new ha/year from 1990 to
2000. Approximately 79% of the estimated total area was
located in Asia. Forest plantations in this report were
defined as having a minimum area of 0.5 ha, tree crown
cover of at least 10 percent, and a total adult height above 5
m. More recently, a survey conducted by the FAO targeting
major producing nations, following up on the Global Forest
Resources Assessment, reported plantation extents of
103,728,000 ha and 140,818,000 for 1990 and 2005
worldwide. The report described an augmented approach for
data assimilation compared to the 2000 report (e.g.,
separating productive vs. protective plantations). The report
also highlights significant regional and subregional
variations between and within years. The discrepancy in
these figures emphasize the challenges of producing
accurate plantation estimates and the scale of land
conversion. Furthermore, the need for tools to accurately
characterize the distribution and dynamics of forest
plantations is amplified by international agreements focused
on carbon, conservation, and land management.
Satellite remote sensing is playing an important
role in mapping the spatial distribution and temporal
dynamics of forest plantations. A number of studies have
used optical satellite images (Landsat, Spot, and Moderate
Resolution Imaging Spectroradiometer (MODIS)) to
identify and map industrial forest plantations, specifically
rubber, oil palm, eucalyptus, teak, acacia, and bamboo. The
main difficulty in mapping industrial forest plantations is
the similar spectral characteristics between natural forests
and forest plantations. This is especially evident when trying
to implement traditional classifiers.
One approach to mapping plantations using optical
data has been to take advantage of phenological
characteristics unique to a particular species (e.g., rubber,
oil palm) in order to separate them from similar cover types
such as natural forest. However, the known limitation of
optical data in the tropics due to cloud cover remains an
obstacle for operational (automated) mapping over large
areas and transferability of phenological approaches to
different regions or species. Higher temporal resolution
MODIS data has been utilized to circumvent temporally
inconsistent moderate scale optical imagery. A limitation of
MODIS imagery is the relatively coarse spatial resolution,
as this is an obstacle in studying fragmented landscapes with
patch sizes smaller than the sensor’s spatial resolution.
Some studies have also used synthetic aperture
radar (SAR) observations to map rubber and oil palm

plantation. The sensitivity of SAR to structural information
(biomass, density, vertical layering) make SAR
advantageous especially in the tropics where cloud cover is
high. Miettinen and Liew investigated statistical backscatter
signatures of four (wattle, rubber, oil palm, and coconut)
closed canopy plantations in Malaysia and Indonesia. They
found statistical differences in backscatter and HH-HV
(horizontal transmitting, horizontal receiving—horizontal
transmitting, vertical receiving) L-band difference able to
distinguish oil palm and coconut from other types and
attributed this to the unique structure of palm stands (i.e.,
branchless stem, flat crown with leaves, open space below
canopy). Highlighted is the need for testing in other
conditions, species, and geograhpic areas.
Multi-sensor and data fusion techniques that integrate
multiple types of observations and data modalities will
continue to improve map detail and accuracy. This is
partially driven by open data policies such as the release of
Landsat and Phased Array L-band Synthetic Aperture
Radar-1 (PALSAR-1) archives and the open distribution of
Sentinel-1 and Sentinel-2. By integrating the strengths of
different sensors the limitation of any one sensor can be
overcome or complimented, and additional information can
often be derived. Several studies have combined optical and
SAR observations to map rubber plantations and oil palm
plantations. Recently, illustrate for a small area how using
vegetation indices derived from historical Landsat can help
map timing of events, within a landscape already classified
using PALSAR and Landsat, to estimate rubber plantation
stand age.
The overarching goal of this research application was to
map plantations at regional scales across distinct
geographies. The specific objectives were to (1) develop
multisensor data fusion techniques for mapping plantations;
(2) evaluate transferability across regions and plantation
species; and (3) evaluate new sensors including Sentinel-1
C-band, PALSAR-2 L-band, Landsat-8 Operational Land
Imager (OLI) using 2015 data. The study was carried out in
two hot spot regions with rapid plantation development:
West Kalimantan, Indonesia and Tanintharyi, Myanmar
C. Objectives and relevance to the K&C drivers
Support assessment and monitoring of forest and
agricultural resources.
D. Rice mapping study area: Myanmar
Myanmar has a complex and dynamic socioecological
structure in which agriculture plays a central role. Myanmar
is 676,578 km2 in size and historically was a top rice
producer; however, yield and production has not kept up
with neighboring regions in the past few decades.
Agriculture in Myanmar accounts for a large percent (50%–
60%) of Gross Domestic Product and supports upward of
70% of the labor force. The agriculture industry is sensitive
to climatic change, weather variability, disaster, and
economic stressors which present chronic risk. For example,
milled production was reduced in 2015 by 400,000 metric
tons due to flooding and as a result, domestic prices
increased and an export ban was temporarily put in place.
Recent changes in political structure have re-emphasized
agriculture as a focus industry to enhance livelihoods with

technology infusion such as improvements in irrigation
infrastructure, genetic varieties, and management practices.
Tools to accurately assess and monitor production, risks,
and ecosystem services can thus play a major role in
supporting policy, climate smart agriculture, and sustainable
growth in Myanmar.
Most of Myanmar has a tropical climate with monsoon
patterns along the coast (Köppen climate classification: Am,
Aw) and a temperate dry hot period (Cwa) along the
northern China and India borders. Temperatures range from
21 °C in the north to 32 °C along the coast. Rains typically
start in May and retreat in November with portions along
the Bay of Bengal, such as the Irrawaddy Delta receiving
upwards of 3500 mm/year. Inland dryer regions north of
Naypyitaw toward Mandalay average 1200 mm/year of
rainfall. Due to the wide range in biomes, topography, and
climate of Myanmar, the study area (country) was divided
into four geographical zones for developing training data for
the broad scale land classification. The representative
regions used were, (1) northern Myanmar; (2) Central Dry
Zone; (3) Irrawaddy Delta and (4) Tanintharyi.
E. Forest Plantations Study Areas
The Tanintharyi administrative region is a long narrow
body of land adjacent to the Andama Sea and bordering
Thailand (Figure 1). The total land area is 43,344 km2 with
a population of 1.5 million. The region is influenced by its
tropical monsoon climate and receives upwards of 3000 mm
of rain per year with monthly temperatures above 18 °C.
The landscape ranges from coastal villages to high mountain
terrain. The FAO estimated a plantation extent increase
from 394,000 ha to 849,000 between 1990 and 2005 within
Myanmar. In 2013, the volume of timber exports reached
3.3 million m3 with a value of $1.6 billion US, which has
tripled in the past decade. As designated historical timber
areas are declining, additional natural forested regions are
highly susceptible to development. Large-scale land
acquisitions for commercial agriculture are a likely outcome
as the government begins to evolve and encourage more
foreign investment. The Myanmar Forest Department is
charged with oversight on timber estates; however, many
forested areas remain outside management, policy and
coordinated regulation. Tanintharyi, Myanmar has some of
the most remote and last remaining “pristine” tracts of
tropical forests in the region. Much of the concessions in
this ethnically rich and land conflict prone region is driven
by oil palm and rubber. Chain of custody and official
government data are limited emphasizing the need for
robust and transparent Monitoring, Reporting, and
Verification (MRV) tools. One report estimated that 28,327
ha of lowland forest was cleared or burned in 2010 and 2011
for oil palm in Tanintharyi concessions, many which are
suggested to be located in forest reserves of high
conservation value.

Figure 1. Tanintharyi, Myanmar and West Kalimantan,
Indonesia study areas in tropical South/Southeast Asia
with Landsat path rows overlaid and training and
validation polygons highlighted in red.
West Kalimantan is one of five provinces making up the
Indonesian part of Borneo. The boundaries of West
Kalimantan nearly follow the rugged terrain around the
Kapuas River and border Malaysia. The province has an area
of 147,307 km2 and nearly 4.5 million people. This study
focused on western West Kalimantan plantations hot spots
including the entire regencies (kabupaten) of Landak,
Sanggau, and Sekadau and portions of Bengkayang,
Ketapang, Melwai, Pontianak, Sambas, and Sintang.
Kalimantan is characterized by the tropical rainforest climate
with average monthly rainfall of 60mm or more. Recent
estimates state that half of the world’s oil palm supply comes
from Sumatra and Kalimantan and the Agricultural Ministry
shows a 600% increase in oil palm between 1990 to 2010.
For these reasons, Kalimantan is often considered a major
“hot spot” for tropical deforestation and industrial
plantations have been identified as the primary driver of
extensive loss of peat swamp forest. Carlson et al. note that
fire is often cited as a driver of deforestation in West
Kalimantan; however, they elaborate on that process to
report that oil palm was the direct cause of 27% of total and
40% of peatland deforestation. The FAO estimates that
Indonesia as whole contained plantations areas of 2,209,000
ha and 3,399,000 for 1990 and 2005, respectively. Carlson et
al. used Landsat and a decision tree approach to map oil
palm extent in 1990, calculated to be 90,300 ha to 3,164,000
in 2010 and emphasized the critical role of plantations
(extent, distribution, and dynamics) in carbon emissions and
driving land use and cover change, which they state is
largely undocumented.
Satellite Data
ALOS-2 PALSAR-2
The Advanced Land Observing Satellite (ALOS-2)
carries the PALSAR-2 building on the lineage of ALOS
PALSAR and Japanese Earth Resources Satellite 1 (JERS1). ALOS-2 orbits at an altitude of 628 km in a Sunsynchronous pattern with a 14-day revisit cycle. In this
study, PALSAR-2 images were collected in Single Look
Complex (SLC 1.1) 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. A Lee speckle filter was applied to
remove spatially random multiplicative noise (speckle).
Images were radiometrically calibrated and normalized by
eliminating local incident angle effects and antenna gain and
spread loss patterns using cosine correction. Terrain
geocoding used a Digital Elevation Model (DEM) following
the range-Doppler approach to provide gamma nought γ° dB
for the study areas. Local incidence angle θ and
layover/shadow maps were generated for potential post
classification processing to adjust for poor data pixels.
Twenty-eight (28) and twenty-three (23) single and dual
polarization L-band images were used for Tanintharyi and
western West Kalimantan, respectively.

(NDVI), a useful metric of greenness and vigor across a
landscape, it is one of the most applied indices for land
surface monitoring. The Land Surface Water Index (LSWI)
given its sensitivity to water or equivalent water thickness
and leaf moisture has been successfully applied for mapping
inundation, forest characteristics, and agricultural
landscapes. The Normalized Difference Till Index (NDTI)
was used for its sensitivity to residue and crop management
practices. The Soil-Adjusted Total Vegetation Index
(SATVI) has demonstrated utility in mapping senescent
biomass, ground residue, plant litter, and surface conditions
while compensating for varying soil brightness and
background artifacts.

Sentinel-1A
Sentinel-1A carries a C-band imager at 5.405 GHz with
an incidence angle between 20°–45°. The platform follows a
sun-synchronous, near-polar, circular orbit at a height of
693 km. The 1A platform has a 12-day repeat cycle at the
equator. The additional 1B platform planned for launch will
increase the repeat coverage by an order of magnitude.
Sentinel-1 collects in four modes with different resolutions.
The Interferometric Wide (IW) swath collection strategy
observes in single and dual polarization VV;VH (vertical
transmitting, vertical receiving ; vertical transmitting,
horizontal receiving) with a 250 km footprint in range
direction. All data are freely available from the European
Space Agency (ESA) Data Hub. This study utilized SLC
and ground range detected (GRD) products that have been
focused, multilooked, and projected in ground range. The
Sentinel-1 collection strategy began with different
observations for SLC and GRD depending on geography,
which can be viewed on the ESA Data Hub. Now all regions
are operating in the full observation strategy. Images were
converted into gamma nought γ° dB for analyses and
mapping. Layover and shadow map were generated for post
processing using a DEM. Twenty (20) and fourteen (14)
single and dual pol (VV;VH) Sentinel-1 C-band images
were obtained for wall-to-wall coverage of Tanantharyi and
West Kalimantan, respectively. Multitemporal imagery for
wet and dry seasons were collected to consider the potential
influence of phenology in distinguishing rubber and oil
palm from other land covers.

Forest Plantation Mapping Approach
Summarizing, our mapping approach centered on
generating a suite of complementing inputs and an
integrated stack from Landsat-8, PALSAR-2, and Sentinel1. The preprocessed imagery and derivatives were stacked
into a data cube for analyses and classification. A suite of
evaluation techniques was used to investigate classification
inputs and accuracies. The fused satellite observations were
fed into a classifier to map plantation extent for the study
regions.
A particular focus was investigating separability of
plantations from natural forest, as these tend to be the most
easily confused classes based on spectral information.
Training and independent validation polygons were
developed using multiple high resolution (HR) and field
data sources. The first HR data were collected over
Kalimantan across 15 sites covering nearly ~65,000 ha in a
stratified approach. Very high resolution airborne data
covering the visible spectrum (R:G:B) at 50 cm spatial
resolution were collected in November (26 November
2014). These data were used to help interpret imagery and
generate polygons. Figure 3 illustrates very high resolution
airborne data over areas of oil palm, natural forest, and
highlights their structural characteristics (e.g., planting
spaces, natural forest canopy variation)

Landsat 8 OLI
Landsat 8 OLI data were collected to provide surface
reflectance ρλ and optical indices to help characterize the
landscape. This study used L8SR code to generate surface
reflectance and Function of MASK (FMASK) to screen out
poor quality optical pixels due to clouds and shadows
following lineage of Landsat 5 and 7 preprocessing
workflows. All Landsat data were obtained from United
States Geological Survey (USGS) Earth Explorer with
phenology and image quality diligently considered during
selection. The best available imagery between 2013 and
2015 were selected based on phenology and then
mosaicked. A set of well-established indices was also used
to help classify the landscape. Indices are less sensitive to
image-to-image noise, viewing geometry, and atmospheric
attenuation making them advantageous over reflectance
products in some regard for large area (i.e., multiple scenes
over many path rows) and multitemporal mapping. This
study used the Normalized Difference Vegetation Index

II.

RESULTS AND SUMMARY

Rice Mapping Outcomes
Up-to-date land use land cover data are not widely available
for Myanmar and this effort represents one of the few
datasets available at moderate resolution covering the entire
region. The example box and whisker plots highlight the
strength of a given sensor for a specific class and/or season.
Figure 7 illustrates Sentinel VH differences between
northern Myanmar and Irrawaddy Delta with distinctions in
crop inundation. Northern Myanmar tends to be dry with
more scattered rainfed rice relative to the delta as evident by
the response in backscatter being 8–10 dB lower on similar
dates. In northern Myanmar, crops were more likely to be
confused with forest and shrub in the initial classifications as
compared to the delta where crop and water are more likely
to get confused if only using single time imagery during the
main wet season. Landsat NDVI separated classes well in
northern Myanmar, excluding built and crop due to the use
of Landsat from the dry season (no clouds) when crops are
not grown and fields are often fallow. In the delta, crop and
water are more likely to get confused when only using single
time imagery due to abundance of rice crops in this region

and the flooding of paddies typical of this crop type.
PALSAR-2 strengths were in identifying inundated area
given its long wavelength and penetration capabilities.
However, only having one time period from PALSAR-2
limits its applicability for monitoring phenology.

Figure 2. Updated (2015) crop mask for Myanmar using
integrated optical and SAR inputs and example zoomed in
snapshot (A: Google Earth, B: Classification) of Mogaung
region within Kachin State.
Crop calendar, keying off inundation, dynamic range, and
temporal constraints, was able to accurately distinguish the
major stages of the rice life cycle including emergence, startof-season, peak, and end-of-season. By aggregating these
features over time, cropping intensity was mapped on a pixel
level. The typical practice of inundating rice fields prior to
sowing/transplanting results in a noteworthy low backscatter
value followed by a large dynamic range in SAR backscatter
signal between emergence and peak season. This feature is a
powerful attribute if the time series is dense enough. Results
for average calendar dates for main crop season per state can
be seen in Figure 13. Comparison to FAO GIEWS shows
strong correspondence for the wet season rice calendar dates
between March and November, and dry season from
November to March. The wet season dates align well with
our crop calendar results for the main crop which represents
the majority of production (>75%). Our cropping intensity
results show an average of 142.4% for all of Myanmar,
which is slightly lower than the 2013–2014 FAO value of
160.3%.

Figure 3. Rice crop start-of-season distribution across
administrative units highlighting spatial variability and
regional trends in crop calendar.
A scatterplot between our harvested area and the available
rice census provided by the government at the State level is
shown in Figure 4. While these outcomes need to be
interpolated and used cautiously, the results indicated
generally strong overall agreement with an R2 of 0.78 using
robust and transparent approach. Additional adjustments to
the processing (i.e., masking, localized tuning) can improve
the R2, however this decreases the transferability of the
approach. Incorporation of this type of approach into food
security DSTs will need to weigh automation vs local tuning
as part of their workflow. Further, we feel that the census
statistics have such large uncertainty and production was
affected by disaster flooding that the mapping approach
provides a realistic assessment of rice production in
Myanmar. The total harvested rice area was 6,652,111 ha
which compares well to recent FAO estimates and most
recent IRRI MODIS-derived estimates (6,319,716 ha).
However, the IRRI MODIS map does not integrate intensity
so a direct comparison between extent and harvest area
(extent × intensity) is in appropriate. Further, the IRRI
MODIS data is from 2012 MODIS data at 500 m resolution
and, we emphasize, detailed maps of the harvested area for
Myanmar were not the primary objective of that IRRI effort.
All these datasets provide valuable information for a given
application. According to FAO Statistics, harvested rice has
dropped nearly 20% from 2009 to 2014. Our 2015 Sentinelderived operational estimates are within 2% of the 2014
estimates by the FAO. This is a difference of only 137,889
hectares. Further, in 2015, the FAO estimated a 3% reduction
compared to 2014 due to flooding in July and August that
negatively affected production.

Figure 4. Scatterplot between 2015 census statistics and
2015 Sentinel-1A total harvested rice area shows moderate
agreement with discrepancies due to Cyclone Komen
disaster flooding and uncertainty in re-planting and accurate
reporting.
Forest Plantations Mapping Outcomes
The data mining results indicate that no single sensor
provided comprehensive and thorough separation of all the
broad classes or the plantations and forest classes. The box

and whisker plots showed the PALSAR-2 HV distribution
having the most separation between plantation and forested
pixels among the three sensors when using SAR γ°
backscatter and optical ρλ reflectance observations.
PALSAR-2 HV had lower (mean ~4 db lower) backscatter
values in both West Kalimantan and Myanmar for
plantations compared to natural forest. The L-band
wavelength (23.5 cm, 1.25 Ghz) observations penetrate more
into the forest canopy and between branches and spaces,
compared to the C-band and reflectance measurements,
before direct- or double (ground)-bounce scattering or
extinction. HH in tropical forests can be dominated by
volume and volume-surface scattering while HV can be
dominated largely by volumetric scattering [50] due to dense
vegetation cover. It is also likely that forest has a higher
amount of canopy variability influencing scattering due to
significant surface roughness as observed by the cross pol
(HV) term. Since structure influences the cross pol term,
management (thinning, branch removal, selected harvest,
debris removal) is theoretically observable by PALSAR-2
HV if the disturbance is significant enough. Although we
note both plantations and “natural” forests can undergo
various “managements”.
In young plantations, SAR sensors can receive a
relatively higher amount of surface scattering rather than a
majority of scattering from trunks and trees or branches and
crowns. Therefore, stand age can influence these
relationships although variability remains low regardless of
age in plantations. As plantations mature, above ground
biomass (AGB) increases rapidly. For AGB mapping, the
use of L-band, as well as L- and C-band fusion, has been
shown to be successful although saturation thresholds at
given incidence angles are often noted. Typically, the higher
the biomass, the stronger the backscatter response at the
nominal PALSAR incidence angle, and 150–200 Mg·ha−1
has been noted as HV thresholds where signal to noise
begins to wash out. We note that the forest class in this study
focused on more mature patches (pixels) rather than
degraded stands or regrowth patches. Plantations with short
life cycles (<5 years) will have a very dynamic range and
higher temporal frequency observations will aid in
identification.
Sentinel-1 VV and Landsat 8 Shortwave Infrared
(SWIR1) had slightly higher backscatter (~1db) and
reflectance values, respectively, in both West Kalimantan
and Myanmar for plantations compared to natural forest.
This is influenced by crown distribution (density, spacing)
and biomass or senescence, respectively, given the particular
sensitivity of these bands. It is feasible that newly installed
plantations (<2 years old) would have lower volume and
much more open ground reducing these separations. Further,
the condition of the “background” signal could impact the
observations. In some regions, the influence of peat has been
observed in the ability of C-band VV, but not VH, for
distinguishing forest types. For example, Quegan and Uryu
[62] used Envisat ASAR C-band VV and VH for mapping
acacia and found influences of peat in scattering. HH and
VH had substantial overlap in box and whisker quantile
distributions of plantations and forest as did the reflectance
bands of Landsat 8 excluding SWIR2 which had some
separation but not as much as SWIR1.

The Landsat texture indices based on NIR had some
separation in box and whisker plots between plantations and
forest, and more so than SWIR1. NIR variance, contrast, and
dissimilarity all had substantial separation with forest values
higher than plantations. NIR entropy also had strong
separation in box and whisker plots with plantations having
higher entropy values. Sentinel-1 VV and VH had similar
patterns in box and whisker texture plots with forests having
higher values in variance, contrast, and dissimilarity
(Figure). PALSAR-2 HV and HH also followed the pattern
of higher values in variance, contrast, and dissimilarity for
forest compared to plantations, although not as pronounced
as the other two sensors. Generally the box and whisker plots
support the notion that forests have greater variability—in
crown size, structure, biomass, density, spacing, stand
height, vigor, fractional cover—compared to plantations and
the texture metrics help capture this pattern.

Figure 5. Box and whisker plot showing distributions for
plantation and forest for Landsat-8 NIR, PALSAR-2 HH and
HV, and Sentinel-1 VV and VH for texture metrics.
The Gini index showed that VV, VH, SWIR, HV, LSWI,
and the texture derivatives homogeneity, dissimilarity,
contrast, and entropy were effective for both regions,
although not in the same order. In Myanmar, the optical
variables tended to be recognized as more influential
variables while in West Kalimantan the more important
variables tended to be dominated by SAR metrics. SWIR
was not evident in West Kalimantan, making it less useful in
that region as compared to Myanmar. Further, L-band
measurements were less important in Myanmar according to
the Gini index while proving to be quite important in West
Kalimantan. This suggests differences in structure and scale,
and potentially other factors such as phenology, varying
topography, or background signals, influenced responses.
Table I. Top Gini index values for (top) West Kalaimantan
and (bottom) Tanintharyi using combined Landsat 8,
PALSAR-2, and Sentinel-1.

HV

VH

VV

VH_mean

1.759

1.694

1.594

1.499

Greenness

VV mean

HV mean

VH homogeneity

1.090

1.048

1.030

0.985

VH secondmoment

VH entropy

NDVI

Wetness

0.974

0.957

0.956

0.832

NDTI

HV entropy

HH

VH dissimilarity

0.821

0.809

0.795

0.778

VH correlation

HV homogeneity

HV dissimilarity

LSWI

0.747

0.718

0.696

0.690

VV

VV Mean

SWIR1 Mean

Red SM
3.717

5.936

5.181

4.139

Greenness

SWIR2 Entropy

VH Mean

VH

3.387

3.185

3.163

2.915

SWIR2 SM

NDTI

SATVI

NIR Mean

2.892

2.467

2.258

2.155

SWIR2 Mean

Red Entropy

SWIR1

NIR

2.100

2.037

1.900

1.866

Red HG

SWIR HG

SWIR2 Dis

Blue Corr

1.856

1.846

1.623

1.573

The ROC plot, AUC values, and precision and recall graphs
show, as expected, that fusing all three sensors together
provides the best overall classification performance. The
ROC curves that are closer to the “northwest” corner of the
graph represent better classifier performance. The closer the
curve comes to the 45-degree diagonal of the ROC space, the
less accurate the classifier. The ROC plots show curves using
training (T) and withheld (W) outcomes for Landsat-8,
PALSAR-2, Sentinel-1, and all three sensors combined.
Landsat and Sentinel have similar curves, while forest tends
to be more confused when using only Sentinel-1. PALSAR-2
struggles more with agriculture and developed, resulting in
lower values in general compared to the other platforms in
Myanmar. In West Kalimantan, PALSAR-2 has stronger
ROC outcomes and agriculture had the lowest recall and
precision value tradeoff. This is likely driven by land use,
management, and landscape heterogeneity, as the scale of
plantations in West Kalimantan are more industrial (less
patchy) as compared to the landscape matrix identified in
Tanintharyi.
Table II. Area under the curve (AUC) values for (top)
Tanintharyi and (bottom) West Kalimantan.
Landsat 8 OLI

Sentinel-1

PALSAR-2

Fused

Training

Withheld

Training

Withheld

Training

Withheld

Training

Withheld

Agriculture

0.9464

0.9053

0.9864

0.9667

0.9505

0.7011

0.9957

0.9779

Developed

0.9919

0.9331

0.9622

0.9039

0.9617

0.6811

0.9991

1.0000

Forest

1.0000

0.9733

0.9757

0.8774

0.9892

0.9446

1.0000

0.9693

Plantations

0.9835

0.9937

0.9913

0.9713

0.9603

0.8731

0.9994

0.9915

Water

1.0000

0.9924

1.0000

1.0000

0.9857

0.8889

1.0000

1.0000

Agriculture

0.9966

0.9483

1.0000

0.9822

0.9848

0.9852

1.0000

0.9912

Developed

0.9963

0.9874

1.0000

1.0000

0.9982

0.9799

0.9994

0.9989

Forest

0.9980

0.9874

1.0000

0.9053

1.0000

1.0000

0.9969

1.0000

Plantations

0.9958

0.9378

1.0000

0.9554

0.9898

0.9766

0.9976

0.9797

Water

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

0.9804

The remote sensing variables (“bands”) shown to be
effective in distinguishing the cover types according to the
data mining results were applied to both regions. In this
study, the dominant class was used in the land type map, as
determined through the use of random forest and multisensor
inputs. In Myanmar, cross validation (withheld random
forest model training data) had mean out-of-sample overall
and kappa accuracies of 96% and 93%, respectively. The
classifier identified 750,822 ha or 23% of the landscape in
the plantation class (Figure). Comparing these numbers to

existing data is challenging given the lack of open and robust
record keeping. The extent number is 2–3 times higher than
what the Ministry of Agriculture and Irrigation (MOAI)
reported for planted oil palm and rubber in 2012; however,
direct comparisons are not clear given the differences in
definitions and lack of access to open and robust data. Figure
8 shows plantation fractional cover and confidence maps for
Tanintharyi. The fractional cover map was generated at 10
km cells to visually show percent, and the confidence map
(0–100) contains the probability outcomes of random forest
that can be used to judge accuracy or possible confusion.
Plantation fractional cover and confidence maps for
Tanintharyi, Myanmar.

Figure 6. Plantation fractional cover and confidence maps
for Tanintharyi, Myanmar.
In western West Kalimantan, cross validation had mean outof-sample overall and kappa accuracies of 98% and 97%,
respectively, for the classification model. We emphasize
these very high outcomes from the confusion matrix (and
thus derived accuracy metrics) are based on withheld cross
validation training data from the random forest model.

Figure 7. Plantation fractional cover and confidence maps
for western West Kalimantan, Indonesia.

More ground data and transparent comparisons will provide
more comprehensive and robust assessments. The classifier
identified 216,086 ha or 25% of this landscape study area in
the plantation class (Figure). Western West Kalimantan has
larger patches compared to Tanintharyi, with plantation
blocks outside Pontianak and within Pisang, for example, on
the order of 10 × 10 km of near continuous palm plantation.
More inland, many of the larger blocks of plantations tend to
be found outside Sintang and the northern half of Sekadau.
Topographic influences on the distribution are evident with
more extreme topography having intact natural forest cover.
Many plantation areas co-occur in peatland regions that are
visible when compared to high resolution imagery and
existing maps [7]. Again, direct quantitative comparisons to
existing maps are challenging given differences in
classifications, study area, definitions, and availability of
data products.
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Abstract— We have developed methods that use L-band
PALSAR imagery to derive habitat distribution, flood duration
and forest structure variables for Amazon floodplain ecosystems.
Our habitat classification method has been successfully applied
to biogeochemical and conservation problems, and we have
advanced in making the method scalable and as free of user
intervention, allowing us to update the previous basin-wide maps
of habitat distribution in the Amazon wetlands. However, our
work as hindered by the limited accessibility to larger volumes of
fine beam/ strimpap PALSAR data, and we urge JAXA to revisit
this policy for upcoming science initiatives, so that PALSAR can
continued to be use as the main platform for large scale wetland
studies in the globe.
Index Terms—ALOS-2 PALSAR-2, ALOS-1 PALSAR -1,
K&C Initiative, Wetlands Theme, Amazon, habitats, floodplain,
dynamics.

I.

INTRODUCTION

A. Background
The Amazon basin comprises the largest continuous
expanse of tropical forests in the world, covering about 5.5
million square kilometers [1]. The predominantly flat
topography, combined with precipitation that can average more
than 3500 mm per year [2], [3] results in an extensive network
of large rivers and vast wetland areas, including seasonally and
intermittently flooded forests, woodlands, shrublands and
grasslands [4], [5]. The degree of predictability and intensity of
the flooding has important implications for the flora and fauna

living in these wetlands, as well as for ecological and
biogeochemical processes, and the characteristic habitat
zonation reflects the interaction between flood dynamics,
topography and geomorphology[6]–[9].
The Amazon basin includes more than 800.000 km2 of
wetlands, mostly floodplain flooded forests [10]. Eutrophic
forests (várzeas) occur along the Amazon mainstem and other
large tributaries draining the Andes; oligotrophic forests
(igapós), occur mainly along the major rivers draining the
crystalline shields. Várzea forests are some of the most diverse
wetland forests in the world, hosting thousands of tree species
[11]. As well as being hotspots of floristic diversity, both types
of floodplain forest are an important, but understudied
component of the Amazon C budget [9]. Their NPP responds
differently to environmental (and other) factors, and as they
also contribute significantly to CH4 emissions (directly
through gas flow and indirectly through river C input[12], [13].
Floodplain forest function, assembly and diversity are strongly
tied to the annual flood pulse, which limits growth conditions
and requires specific morphophysiological adaptations to
withstand flooding. Different forest types are usually
associated with flood duration/topographical conditions, which
are reflected in structural and functional effects on growth
rates, C allocation, wood density, branching and leaf structure,
tree size and shape and vertical distribution of vegetation.
Floodplain forests are also disproportionately important for
people, coinciding with the highest human population densities

in Amazonia and providing fisheries, timber, agriculture and
ranching [14].
The sheer geographical scale of the Amazon wetlands has
prescribed the use of remote sensing methods as the tool of
choice to capture and understand the nature and complexity of
its habitats. Synthetic aperture radar (SAR) has dominated the
spectrum of remote sensing applications for the study of
Amazon wetlands [15], [16], and much of this contribution
stemmed from the Global Rain Forest Monitoring Mission
based on JERS-1[17], and subsequently from the ALOS Kyoto
& Carbon initiative, based on ALOS [18]. Within these
initiatives, our research group has been making important
contributions to the use of SAR for understanding floodplain
ecology, hydrology and biogeochemistry, including the only
basin-wide estimates of wetland area and habitat distribution
available to date [4], [15], [19]–[22].
The free access to ALOS-1/PALSAR-1 data, and the
continuity of observation provided by ALOS-2 has expanded
our observation capabilities through the improved fine beam
(stripmap) and ScanSAR modes, and expanded polarimetric
capabilities. In this project, we have used the existing PALSAR
record to derive methods leading to an improved basin-wide
map of wetland habitat and flooding characteristics for the
Amazon, explicitly considering inundation patterns and
vegetation structural characteristics. Such improved maps will
in the future allow for more accurate regionalizations of carbon
dynamics and offer much needed support for large-scale
conservation efforts in the Amazon wetlands.
II.

DESCRIPTION OF YOUR PROJECT

A. Objectives and relevance to the K&C drivers
The main objective of our project was to improve current
habitat and vegetation mapping methods and derive improved
mapping products to support ecological studies in the Amazon
floodplain. The following specific objectives were established:
1) Produce an updated wetlands and habitat map for the
Amazon basin, using PALSAR and PALSAR-2 ScanSAR
acquisitions to update the JERS-1 based maps from Melack &
Hess (2010);
2) A map of flooding frequency and duration for the
Amazon mainstem floodplains, based on PALSAR and
PALSAR-2 ScanSAR imagery;
3) An analysis of the potential of PolSAR approaches to
derive information on wetland vegetation structure from
ALOS-2/PALSAR-2, across multiple floodplain landscapes.
Our work improves on methods previously developed by us
to derive land cover, vegetation structure and inundation
information from SAR imagery, as we have demonstrated in
the past how a) an ecologically-sound classification of wetland
habitats is necessary to understand the spatial and temporal
heterogeneity of the Amazon wetlands, and therefore

ecological and biogeochemical dynamics in the floodplain and
b) how polarimetric data can improve estimates of forest
structural attributes. In this regard, our research addresses all
four “C’s” of the K&C initiative, by improving our
understanding of carbon dynamics and its susceptibility to
climate change, while also supporting conservation efforts and
international conventions for protected areas in the Amazon
wetlands.
B. Work approach
For our first objective, we have developed classification
approaches based on building a “hydrological series” of ALOS
PALSAR Fine Beam Single (FBS) and Fine Beam Dual (FBD)
images, i.e. a series that maximizes the observed variation in
inundation heights. The resulting series is based on the
available observations for each location in the floodplain,
according to the imaging schedule of the PALSAR sensor,
usually comprising between 10 and 20 images per path/frame.
We use this series to first classify wetland habitats, and then to
estimate flood duration. The methods have been first published
in [23].
The method is an extension of the approaches developed by
us in [20], [24] to map land cover and inundation status in
floodplain environments, combining multitemporal SAR
imagery and geographic object-based image approaches
(GEOBIA). GEOBIA methods start by segmenting the image
into homogeneous groups of pixels (objects), ideally
corresponding to homogeneous land cover features, and allow
the use of multiple descriptive statistics and contextual
information during the classification process [25]. These
methods are particularly well-suited for the analysis of SAR
imagery [26].
Prior to image segmentation, temporal composite images
are produced: temporal average backscattering (TAB),
comprising the average backscattering of the entire image
series; temporal standard deviation (TSD), comprising the perpixel 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. These
seasonal descriptors allow the segmentation algorithm to
identify groups of pixels with similar temporal characteristics.
These images are also filtered using three consecutive passes of
a 3 x 3 Gamma filter [27] and converted to an 8-bit radiometric
scale to reduce speckle heterogeneity and increase
computational efficiency during segmentation.
The TAB, TSD and LWB images are then used as inputs
for image segmentation algorithms, which will define the
GEOBIA objects to be classified, We first used the multiresolution segmentation algorithm implemented on the
commercially available eCognition 8.0 software, but have now
tested and used the free and open-source library RSGISLib
[28], thanks to training provided by the K&C program. After
segmentation, mean and standard deviation (texture) are
computed for each image object separately for all 15 available
layers (single date images plus TAB and TSD), resulting in a
total of 50 object attributes across all dates and polarizations
available. Our mapping has focused on five main land cover

classes recognized in the literature [29]–[31]; three main
arboreal vegetation types (‘‘Chavascal’’ comprising shrubs and
woodlands, ‘‘Low Várzea’’ and ‘‘High Várzea’’ comprising
closed canopy forests), permanently free water surfaces
(‘‘Water Bodies’’), and transient areas that alternate seasonally
between water, exposed lake bottom and herbaceous vegetation
(‘‘Herbaceous/Soil’’). To discriminate the defined classes, we
have been using machine learning algorithms, particularly the
Random Forests (RF) algorithm proposed by Breiman (2001),
as implemented in the ‘‘randomForest’’ package of the R open
source statistical programming language.
We have also innovated by being the first to use SAR data
to derive not only a binary flooded/non-flooded map, but
actually estimate the duration of flooding using the
hydrological series of PALSAR imagery. Flood extent maps
are generated for all single date images based on the expected
increase in SAR signals due to enhanced double-bounce
scattering. Average flood duration for woody vegetation areas
is estimated by quantifying at how many dates each vegetation
object was above the backscattering threshold that indicates
inundation, and then taking the long-term average stage height
from the nearest water level gauge, determining the number of
days per year where this average is equal or above the observed
stage height at the moment of the first and last images above
the inundation threshold (Figure 1).

Since then, we have tested the methods in different
locations across the floodplain and have been working on
automating the procedures to apply this mapping for the whole
Amazon basin. Due to the sheer scale of the task, ground
training data is hard to be obtained, and therefore we have a
adopted the strategy of using the existing floodplain habitats
map by [10] to train the classification algorithm. To improve
sample quality, we erode the boundaries of continuous habitat
areas to remove edge effects and remove land cover patches
that are too small to be considered homogeneous. We then use
the resulting patches to extract the backscattering signature
from the temporal descriptors derived from SAR and apply a
further filtering stage by removing any samples where
backscattering behavior can be considered an “outlier” (Figure
2).
We have tested this approach on a segment of the Amazon
floodplain between the cities of Tefé and Manaus (c.a. 700km),
with promising results, and are now working on automating the
procedure using RSGISLib and other Python tools.

Figure 2 Diagram of processing procedures used to derive training samples
from existing wetlands habitat maps. First, land cover patches are eroded and
filtered according to size, and then sampled for backscattering characteristics.
Samples can be then further filtered by excluding outlier observations
according to the general expected radiometric response of the class.
Figure 1. Mean water stage and shaded 95 % confidence interval for the
1991–2011 period, measured at the Mamirauá Sustainable Development
Reserve (Central Amazon, Brazil). 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 four stages of the flood pulse are indicated as low,
rising, high and descending. The dashed line indicates the abnormally high
water levels for the 2008–2009 hydrological year. Horizontal lines show the
stage levels for two hydrologically consecutive images. According to our
criteria, flood duration for pixels mapped as flooded on the 2010-03-22 image
is assumed to be between 175 and 125 days. Figure from [23].

Flood duration categories can then be established by taking
this duration and extending it backwards until the previously
observed duration category (see example on Fig. 4). Stage
heights with very similar flood durations were again grouped
into the same category, resulting in six flood duration classes.
Herbaceous/Soil areas can then be added to the map as
belonging to the a ‘>= 295 flooding days’’ class, considering
what we know about the dynamics of these systems, and
mapped Water Bodies can be appended as a ‘‘365 flooding
days’’ class [23].

Finally, we have used ground data acquired on previous
field missions (and shared with JAXA during the previous
phase of K&C) to evaluate how could SAR polarimetry
improve our ability to estimate quantitative forest descriptors,
such as Leaf Area Index and Biomass, in Amazonian
floodplain forests. Our results have been published on a K&C
special issue of the Remote Sensing journal [32].
In this work, we compared full polarimetric images from
PALSAR-1,
Radarsat-2 and TerraSAR-X
imagery.
Unfortunately, no recent field data was available, and the
timing of acquisition was also not ideal in relation the flooding
season, preventing us from using PALSAR-2 imagery.
Polarimetric images were multilooked and used to compute
Covariance (C) and Coherence (T) matrices. We then derived
several polarimetric transformations described in the literature
and used the results to build several generalized linear models,
including multisensory and multitemporal combinations
(Figure 3).

C. Satellite data
Although we have acquired PALSAR-2 imagery in
stripmap and polarimetric formats, we have found that the
small annual allowance for image download provided by
JAXA prevented application of the image-intensive methods

Figure 3 Processing flowchart for modelling leaf area index (LAI) and
aboveground biomass (AGB) using polarimetric data. Source: [32].

we have developed. Considering that each path/row analyzed
using our mapping method depends on 15-20 images, and that
the annual allowance determined by JAXA was of only 50
scenes/yr, we could not use to scale our results to larger areas.
Still the imagery provided was valuable to assess the potential
of PALSAR-2 imagery to replicate the methods developed
using PALSAR-1 records.
The provision of ScanSAR mosaics was also unfortunately
made too late towards the end of the research agreement, and
the format used, which required further steps for
georeferencing and mosaicking, prevented us from using them
further. The short time windows established by JAXA for
imagery download and the large storage requirements resulted
in gaps in our database due to our inability to perform the
downloads in time. Furthermore, our work has shown that,
given the high frequency spatial habitat variability of the
Amazon floodplain environments, fine beam data <25m is
necessary for properly characterizing landscape structure and
proper habitat discrimination, thus further limiting our use of
ScanSAR data. We therefore relied mainly on the available
imaging record of PALSAR-1 data, distributed by the Alaska
Satellite Facility, to produce our results, making use of the
PALSAR-2 allowance only for initial tests and for further
isolated studies (see results section).
Besides PALSAR data, we have used Radarsat-2,
TerraSAR-X and Landsat optical data, and have also used
Shuttle Radar Topography Mission (SRTM) data. Recent tests
of the ALOS World 3D DEM have indicated it to be a better
product than SRTM, and we have been incorporating it into our
remote sensing workflow with good success.
D. Ground data
We have provided a dataset of forest survey plots with
stand-level structure measurements, sampled in October 2017,
and a set of 223 ground truthing observations made during a
research cruise between the cities of Tefé and Manaus, also
carried in October 2017. These data were provided during the
submission for an extension request to JAXA. Since then, no
new field data collection has been made in the Amazon.

III. RESULTS AND SUMMARY
A. Local habitat and flood mapping
Our methods for mapping habitat distribution and flood
duration have been applied to several locations across the
floodplain, to test the robustness of the method (Figure 4 and
Figure 5). However, assessment of the true accuracy of these
applications is hindered by a lack of ground validation data. In
the case of flood duration mapping, this is further compounded
by the need to have a water height gauge in the vicinity of the
mapped location, which made its scaling up to larger areas
more difficult. We have been interacting with researchers from
the Instituto de Pesquisas Hidráulicas (Hydraulic Research
Institute) in Brazil, who have been using mechanistic
hydrological modelling to derive “virtual gauges” for the entire
Amazon floodplain, which could then be used to scale up the
method.

Figure 4. Some of the areas that have been mapped for floodplain habitat
distribution using our developed method, within the Amazon floodplain. From
top-right, clockwise: Curuai Lake floodplain, Manacapuru floodplain, Purus
floodplain, Mamirauá floodplain, São Paulo de Olivença floodplain.

Figure 5. Some of the areas that have been mapped for flood duration using our
developed method, within the Amazon floodplain. From top-right, clockwise:
Curuai Lake floodplain, Manacapuru floodplain, Purus floodplain, Mamirauá
floodplain, São Paulo de Olivença floodplain.

We also had two key application of the developed method
at a more local scale. The first was a study quantifying the
impact of hydropower damming on the forest distribution and
structure in the Uatumã River, downstream of the Balbina
reservoir in the central Amazon [33]. Our application of objectbased image analysis (OBIA) methods and the random forests
supervised classification algorithm yielded an overall accuracy
of 87.2% in that area, revealing a total of 9800km2 of igapó
(oligotrophic) floodplain forests along the entire Uatumã River
reach downstream of the Balbina dam.
High tree mortality was observed below the first 49km
downstream, after the Morena rapids, along an 80-km river
stretch. In total, 12% of the floodplain forest died within this
stretch. We also detected that 29% of the remaining living
igapó forest may be presently undergoing mortality.
Furthermore, this large loss does not include the entirety of lost
igapó forests downstream of the dam, since areas which are
now above current maximum flooding heights are no longer
floodable and do not show on our mapping but will likely
transition over time to upland forest species composition and
dynamics, also characterizing igapó loss. Our study was the
first to provide direct evidence that floodplain forests are
extremely sensitive to long-term downstream hydrological
changes and disturbances resulting from the disruption of the
natural flood pulse. Brazilian hydropower regulations should
require that Amazon dam operations ensure the simulation of
the natural flood-pulse, despite losses in energy production, to
preserve the integrity of floodplain forest ecosystems and to
mitigate impacts for the riverine populations.
The second study combined optical (Landsat 8) and SAR
(Sentinel-1, PALSAR-2) data to determine the variation in
vegetation cover for Janauacá Lake, near Manaus, from the
2015 to 2017 hydrological years, which included and
abnormally dry low water season. These results re being
combined with in-situ monitoring of vegetation productivity to
estimate how anomalous years can impact the whole lake
carbon budget (Figure 6).

Overall, our method has shown the potential of a data
intensive record of L-band SAR to capture the ecological and
hydrological dimensions of floodplain habitats, and the
importance that continued SAR observation of these areas is
available for the future.

Figure 6. Estimation of net primary productivity for an anomalously dry year in
the Janaucá floodplain, central Amazon. Then estimate is based on determining
the presence/absence of vegetation over time, combining Landsat-8, Sentinel-1
and PALSAR-2 imagery

Figure 8. Close up view of our large-scale mapping of Amazon floodplain
habitats, comparing our approach (right) and the original map by Hess et al.
(2010) (left). Using PALSAR imagery, we have updated the map from 19961997 to 2006-2008 and increased spatial resolution from 100m to 25m.

B. Large scale habitat mapping
Our initial tests of the use of existing habitat maps to
perform large scale training of machine learning algorithms to
update these maps using PALSAR imagery has been shown to
be very promising, producing visually accurate results with
almost no need for user intervention (Figure 7 and Figure 8).
We are at the moment automating the method so that the entire
processing chain can be done for any location within the
floodplain without the need for user intervention, and we are
confident we will be able to deliver the product before the end
of 2019. This work is also the focus of our proposed post K&C
research phase, where we would like to scale it up even further
and provide the first high resolution map of wetlands for South
America.

Figure 7 Test area for large scale mapping of Amazon floodplain habitats,
using our developed approach and the original map by Hess et al. (2010) as
source for training. The red rectangle indicates the focused area on Figure 8.

C. Analysis of polarimetric SAR data for forest attribute
estimation.
Our results, published in [32], indicate that
ALOS/PALSAR polarimetric variables provided the best
estimates for both LAI and AGB, and also that Singlefrequency L-band data was as efficient as multifrequency SAR.
A simple backscattering image of PALSAR-FDB HV-dB
provided the best LAI estimates during low-water season, and
the best AGB estimates at high-water season were obtained
using PALSAR-1 quad-polarimetric data. The three most
important features for estimating AGB were 1) proportion of
volumetric scattering and both the 2) first and 3) second
dominant phase difference between trihedral and dihedral
scattering, extracted from Van Zyl and Touzi decompositions,
respectively. The Root Mean Squared Error (RMSEcv),
relative overall RMSEcv (%) and R2 value for LAI were 0.61,
0.55% and 13%, respectively, and for AGB, they were 74.6
t·ha−1, 0.88% and 46%, respectively. These results indicate that
PALSAR L-band data has the highest potential to provide
quantitative and spatial information about structural forest
attributes in floodplain forest environments (Figure 9). This
potential is now extended by PALSAR-2 and will be further
extended by forthcoming missions (e.g., NISAR, Tandem-L,
PALSAR-3). Unrestricted access to polarimetric data
combined with intensive field sampling for forest
characteristics could thus provide us with the first wall-to-wall
map of forest attributes for the Amazonian floodplain wetlands.

Figure 9. Regression models and spatial predictions of Leaf Area Index (LAI,
top) and above ground biomass (AGB, below) for a portion of the Curuai
floodplain, lower Amazon floodplain. Figures from [34].

IV. CONCLUSIONS
We have advanced well towards our stated objectives,
despite not being able to reach all of the proposed milestones.
In regards to objective 1) “Produce an updated wetlands and
habitat map for the Amazon basin, using PALSAR and
PALSAR-2 ScanSAR acquisitions to update the JERS-1 based
maps from Melack & Hess (2010)”, we have demonstrated that
the spatial resolution of ScanSAR products is not ideal due to
fine spatial heterogeneity of the Amazon wetland
environments, and have instead provided a feasible method for
mapping large areas using time-series of Fine Beam / Stripmap
imagery from PALSAR. We expect to deliver our habitat map
for the 2006-2010 period using the freely available record of
PALSAR-1 imagery, and hope to be able to replicate the
methodology once the PAL|SAR-2 record is also made
available for scientists.
Regarding objective 2) “A map of flooding frequency and
duration for the Amazon mainstem floodplains, based on
PALSAR and PALSAR-2 ScanSAR imagery”, we have
established the method for deriving flooding duration from
“hydrological” series of PALSAR data, but the dependence on
existing local gauge data, has limited our ability to expand the
method to larger areas. We are interacting with hydrologists
who have derived a hydrological model that is capable of
producing reliable and consolidated “virtual gauge data” for the
Amazon floodplain to progress in the analysis.
For objective 3) “An analysis of the potential of PolSAR
approaches to derive information on wetland vegetation
structure from ALOS-2/PALSAR-2, across multiple floodplain
landscapes”, we have demonstrated the ability of polarimetric
L-band data derived from PALSAR to estimate leaf area index
and aboveground biomass for floodplain woody vegetation.
In conclusion, our work has demonstrated the essential
nature of L-Band SAR to study floodplain processes in the
Amazon, which naturally extends to other large floodplains,
justifying the continued investment of JAXA in providing
space observation platforms that enable us to further develop
and apply these methods. However, as these are data intensive
approaches, a more significant use of ALOS-2/PALSAR-2
imagery was not possible within the framework of K&C, due
to the reduced per year image allowance. We urge JAXA to
consider providing full access to the PALSAR-2 catalogue for
researchers involved in the K&C initiative, if there is a
continuation. Especially with the advent of Google Earth
Engine, the free accessibility to entire image catalogues
(Landsat, Sentinel, CBERS, PALSAR-1, etc.) directly from
cloud storage such as Amazon AWS, and the rise of machine
learning and now deep learning methods in remote sensing,
data intensive procedures are becoming the new state-of-art in
Earth Observation research, and the ALOS missions will have
to enable the application of these methods, or otherwise risk
losing ground to other missions for large scale scientific
research. JAXA L-band initiatives have been at the forefront of
our understanding of tropical wetlands, and we would like very
much for them to continue doing so, and thus hope for
upgraded access policies in the near future.
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Abstract— We use interferometric radar data from multiple
platforms including ALOS PALSAR-1 and PALSAR-2 over the
Antarctic ice sheet to form geophysical products at the
continental scale that inform us on ice motion, grounding line
position and ice edge boundary. We also provide information on
drainage boundaries, ice shelf delineation and time series of these
elements of information. The observations help us understand the
evolution of the Antarctic Ice Sheet in a warming climate, its
contribution to sea level rise, and understand the sectors at risk
for the future. The products are generated with the scientific
community in mind and especially ice-sheet/ocean coupled
modelers. In the analysis of the PALSAR-1 data, we performed
the first continent wide correction of ionospheric noise to
improve the velocity mapping by nearly one order of magnitude.
At this point in the project, however, we have had only limited
access to PALSAR-2 data and data acquisition in Antarctica is
limited compared to PALSAR-1. We would hope that our results
are encouraging more interferometric PALSAR-2 data to be
acquired in Antarctica for interferometric applications.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Glacier
Theme, Antarctica.

I.

INTRODUCTION

A. About Phase 4 reporting
Our project addresses Antarctica and its 55-m sea level
equivalent. Ice sheets are acknowledged by WMO and
UNFCCC as an Essential Climate Variable (ECV) needed to
make significant progress in the generation of global climate
models. The primary objective of this project is to use ALOS2 PALSAR-2 to generate high-quality Earth Science Data
Records (ESDR) in Antarctica. The project utilizes
Interferometric Synthetic-Aperture Radar (InSAR) data from
ALOS and ALOS-2 satellites, and combines results with
results based on other spaceborne SAR (and, more recently,
optical) data to achieve continent-wide coverage. ESDRs
produced by our group include ice velocity maps (including
time series as well as a reference map with as complete
continental coverage as possible), grounding line products,
and a boundary map derived from satellite data.
II. PROJECT DESCRIPTION
A. Objectives and relevance to the K&C drivers
The main objective of our project is to generate ice sheet
relevant ESDR based on ALOS PALSAR, ALOS-2 PALSAR2. The basic observation plan for ALOS-2 includes systematic

InSAR data acquisitions over the ice sheets in Antarctica and
Greenland. We utilized a portion of these BOS acquisitions in
accordance to the data volume granted to the project to produce
ESDRs. A secondary objective of our project is the
documentation of the impact of CO2-induced warming on
glacier retreat.
The ESDRs produced will contribute to a reduction of
uncertainties related to the climate system. They will also be
useful in developing strategies to prepare for the adverse
impacts of climate change.
In an effort to improve on our existing Antarctica-wide ice
velocity map, we have revisited historical ALOS data and
worked on ionospheric correction methods to be able to utilize
the InSAR phase for higher precision measurements compared
to speckle tracking. ALOS and ALOS-2 provide coverage and
measurement accuracy that is not achievable with any other
sensor to date.
B. Work approach
To measure ice sheet velocity, we employ speckle-tracking
techniques [1]. Our group has published the first continentwide ice velocity map for Antarctica [2] and an ice sheet wide
ice velocity map of Greenland [3]. The processing
infrastructure is built on well-established methods [4], more
than 20 years of expertise in the field, and long term funding
to produce and provide Earth Science Data Records for
Antarctica. More recently, we started to integrate of optical
data into our ESDR production. For this, we synergistically
process SAR and optical data, automatically calibrate the
resulting velocity maps and merge them to seamless, ice sheet
wide products. This approach allows us to provide annual
mosaics of ice motion in Antarctica (and Greenland) with all
available data acquired on a particular year [5]. A detailed
description of our technical approach is provided [3,5].
More recently we have begun to utilize InSAR phase based
velocity measurements [6] to provide a vastly more accurate
measurement, particularly in areas so slow ice flow. This
approach requires data to be available in both ascending and
descending direction since the InSAR phase is only sensitive to
motion in range direction. We achieve this coverage by mixing
data acquired between 1996 and 2018 from different sensors.

C. Satellite data
We are employing most available multi-sensor, satellite
data stream of Antarctic observations from JAXA's ALOS
PALSAR, ALOS-2 PALSAR-2; ESA's Sentinel-1a/b,
ENVISAT ASAR & ERS; CSA's RADARSAT &
RADARSAT-2; DLR’s TerraSAR-X and TanDEM-X; ASI's
Cosmo SkyMed; and, more recently, the USGS’s Landsat-8.
For ALOS-2 PALSAR-2 we ordered single look complex
images in Stripmap mode (SM1, SM2 or SM3) in CEOS
format at the processing level 1.1. Data from all other sensors
(with exception of LANDSAT-8) were also ordered in their
respective single look complex formats.
D. Ground data
This project did not collect or rely on any ground data..
Our efforts resulted in a number of ESDR’s that are freely
available for use:
http://nsidc.org/data/measures/data_summaries
•

•

•

•

•

•

MEaSUREs Annual Antarctic Ice Velocity Maps
2005-2017, V1
http://nsidc.org/data/NSIDC-0720
MEaSUREs Antarctic Boundaries for IPY 2007-2009
from Satellite Radar, V2
http://nsidc.org/data/NSIDC-0709
MEaSUREs InSAR-Based Antarctica Ice Velocity
Map, V2
http://nsidc.org/data/NSIDC-0484
MEaSUREs Antarctic Grounding Line from
Differential Satellite Radar Interferometry, V2
http://nsidc.org/data/NSIDC-0498
MEaSUREs InSAR-Based Ice Velocity of the
Amundsen Sea Embayment, Antarctica, V1
http://nsidc.org/data/NSIDC-0545
MEaSUREs InSAR-Based Ice Velocity Maps of
Central Antarctica: 1997 and 2009, V1
http://nsidc.org/data/NSIDC-0525

fashion, automatically calibrate, mosaic, and integrate these
data sets together into seamless, ice-sheet-wide, products.
Figure 7 shows an enhanced version of this reference map that
includes all data available to us. We have begun to integrate
ALOS-2 PALSAR-2 data as well, however, an issue with the
offsets (that was recently resolved by JAXA) prevented us
from using the ALOS-2 data to their full potential.
Once a continent-wide reference map was available, focus
shifted to variations of glacier speed over time. Figure 1 shows
our annual ice velocity products that we started generating
based on input from the science community. Spatial coverage
varies, large-scale coverage re-started in preparation for the
International Polar Year (IPY, 2007-2009). The Canadian
Space Agency together with NASA collected Antarctica wide
data in 1997 and 2000, and ESA collected ERS data in coastal
Antarctica in 1996, we reprocessed these data and will be
publishing a reference ice velocity map from this era. The end
of several SAR missions between 2011 and 2012 resulted in a
coverage gap, but international space agencies made a clear
effort to provide more regular coverage in recent years
particularly with a new generation of satellites available.

Copies of these products were delivered to JAXA as part of
this project in lieu of ground data. They are based a wealth of
satellite information from many sensors and therefore exceed
the accuracy and geographic coverage that could not have
been achieved with JAXA data alone.
III. RESULTS AND SUMMARY
Our reference continent-wide Antarctica ice velocity map
is based on ALOS/PALSAR along with ENVISAT/ASAR,
RADARSAT-1&-2, Sentinel-1a/b, ERS-1/2, TerraSAR-X and
Landsat-8. Based on our expertise, we also produced annual
time series of surface ice velocity of the Antarctic Ice Sheet
between 2005 and 2017 [5]. Both data sets were processed
using speckle or feature tracking and are published at the
National Snow and Ice Data Center (NSIDC). The latest
generation Landsat satellite (Landsat-8) proved to be a useful
addition to the suite of SAR satellites providing data for our
products. We process SAR and optical data in a synergistic

Figure 1. Annual ice velocity maps for Antarctica. This product is an on-going
effort of our group and will soon include a reprocessed year 2000 RADARSAT
Antarctic Mapping Project (RAMP) ice velocity map and will be updated
regularly with maps following 2006/17.

Grounding line processing based on spaceborne InSAR
data requires two interferograms (with topographic information
has been removed by using a TanDEM-X-based precision
digital elevation model) to allow the formation of a double
difference interferogram. By calculating the difference of two
interferograms, the (horizontal) ice motion due to glacier flow
is removed, leaving a fringe pattern (i.e. a narrow fringe band)
that represents the flexing of the ice shelf due to differences in
tide level. The upstream edge of this fringe band is the
grounding line. Figure 2 shows the 2015-2017 update (release
pending) to our existing product spanning 1996-2014.

With satellite data being acquired more regularly in coastal
Antarctica, we are densifying our time series products and have
started to generate monthly ice velocity maps in addition to the
annual maps. Figure 4 shows example maps for the year 2017.
This is work in progress and the release data of this product is
therefore still to be determined.

Figure 2. InSAR-based grounding line product based spaceborne InSAR data.
Grounding lines for the period 2015 (light blue), 2016 (green), and 2017 (red)
are pending publication and are overlaid on our existing grounding line product
covering 1996-2014.

Figure 3 shows an ice boundary product we produced by
extending the measured Grounding line to a continuous product
and combining it with ice front information derived from SAR
data as well as basin boundaries derived from digital elevation
data and refined with precision velocity data.

Figure 3. Ice sheet boundaries including ice front, grounding line and drainage
basins. This product is published at NSIDC and was delivered to JAXA as part
of this project.

Figure 4. Example of monthly ice velocity products for Antarctica (2017 data
shown here). This product is pending publication.

Our latest effort is focused on the utilization of the InSAR
phase to reconstruct more accurate ice displacement of slow
areas in the interior of the ice sheets. Present mapping of the
interior of the ice sheets is solely based on tracking methods
(speckle tracking for SAR, feature tracking for optical), which
limits the accuracy of ice motion to about 10 m/yr, and
severely limits the determination of flow direction in slow
moving areas. These limitations impact our ability to
accurately define drainage basins of glaciers in the region or to
model and understand the ice flow in slow moving areas.
Speckle tracking provides 2d flow results from a single pair,
InSAR phase analysis required data acquired in ascending and
descending orbits to combine two range-only velocity vectors
to form a 2d flow map. However, continent-wide data
coverage is difficult to achieve, let alone in both orbit
directions. We solve this issue by combining ascending and
descending InSAR phases from Envisat/ASAR (or ERS) with
ALOS/PALSAR, ALOS-2/PALSAR-2, COSMO-SkyMed,

IV. DISCUSSION & OUTLOOK

Figure 5. Unwrapped phase interferograms (2894) over the Antarctic Ice
Sheet. ALOS/PALSAR and ALOS-2/PALSAR-2 unwrapped phases are
displayed in red and orange, respectively. Unwrapped phase from other, non
JAXA sensors (ENVISAT/ASAR, ERS-1/2, RADARSAT-1/2,
CosmoSkyMed, TerraSAR-X, Tandem-X) are shown in blue.

RADARSAT-1/&-2 or TanDEM/TerraSAR-X. Figure 5
shows an overview of the phase contributions by
ALOS/PALSAR, ALOS-2/PALSAR-2, and the other sensors
involved.
ALOS-PALSAR provided us multi-year (2006-2010) largescale coverage with data where phase information could be
used in slow moving areas (see Figure 5). The data used here
were acquired in series of 2 to 3 consecutive passes. The 46day repeat L-band PALSAR data displays higher correlation
than the 12-, 24- or 35-day repeat C-band data such
RADARSAT-2, ENVISAT/ASAR or Sentinel-1. On the other
hand, PALSAR data are affected by ionospheric noise,
especially near the magnetic South Pole in East Antarctica. For
speckle tracking results, ionospheric artifacts were mitigated by
averaging multiple measurements or, for large streaks,
manually identifying and masking the streaks before averaging.
In the case of InSAR phase based velocity maps, we
investigated and employed a correction algorithm.

Our Project provides Earth Science Data Products ESDRs
for Antarctica based on spaceborne synthetic aperture
RADAR data. While we are mixing data from multiple SAR
missions to achieve continent-wide coverage, L-band SAR
data play a crucial role for the success of this project.
ALOS-PALSAR provided multiple coverages of coastal
Antarctica between 2006 and 2010. While L-band is affected
by ionospheric perturbations more than C-band, data
correlation is significantly better on the coast compared to Cand X-band data. This ensured velocity information in critical
coastal regions. The amount of data provided by JAXA was a
first glimpse of how a more continuous coverage would look
like, a crucial aspect that was later achieved with Sentinel-1.
ALOS-2 PALSAR-2 data utility is equally high in
principle, if not higher due to the shorter revisit time. The
limitation here is the amount of data accessible for science
(i.e. 150 scenes over three years), which is in stark contrast
with the thousands of ALOS PALSAR scenes we processed
each year for the period 2006-2010. We are grateful to JAXA
for making ALOS-2 PALSAR-2 data, a commercial product,
available for scientific use and hope that consideration will be
given open the archive of older Stripmap data collected in
Antarctica at some point in the future (similar to what was
done for ALOS PALSAR data).
The ALOS-2 PALSAR-2 Basic Observation Scenario
allows for data acquisitions in Antarctica in right looking
mode, but also during left looking phases. Careful
investigation of the archive showed that the scientific value of
the data collected could be greatly enhanced if more Stripmap
interferometric pairs would be collected on a regular basis (as
opposed to maximizing spatial coverage). This is particularly
crucial during left looking phases, where the satellite is able to
collect data south of 78 degrees South (i.e. Central
Antarctica). The number of SAR missions with left looking
capability is small resulting in only a small number of InSAR
data collected in Central Antarctica. Minor adjustments of the
BOS to ensure the collection of Stripmap InSAR data in
Antarctica will result in an archive that is of very high
scientific value, without an increase of the volume of data that
is already being collected.
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APPENDIX
The list below includes peer-reviewed publications linked to the team’s work from 2016 to 2019. Not all of these are directly related to the use of JAXA data.

2019 J. Mouginot, E. Rignot, B. Scheuchl, Continent-wide interferometric SAR phase mapping of Antarctica, Geophys. Res. Lett., in submission.
Paper summarizes our results using a phase mapping of Antarctica using 25 years of data and combining the results with a speckle tracking map to
provide the most complete and accurate ESDR ice motion map of Antarctica.
2019 E. Rignot, J. Mouginot, B. Scheuchl, M. van den Broeke, J. Wessem, M. Morlighem, Four decades of Antarctic Ice Sheet Mass Balance: 1979-2017, Proc.
Nat. Academ. Sci., 116 (4) 1095-1103.
Paper summarizes what we have learned from four decades of velocity and thickness measurements in Antarctica, revealing that East Antarctica is an
important participant. Relates to annual maps of ice motion.
2018 Yu, H.J., E. Rignot, H. Seroussi, M. Morlighem, Retreat of Thwaites Glacier, West Antarctica, over the next 100 years using various ice flow models, ice
shelf melt scenarios and basal friction laws, The Cryosphere, 12, 3861-3876.
Paper employs our annual maps of ice motion to model the evolution of a major West Antarctic glacier.
2018 H Liao, FJ Meyer, B Scheuchl, J Mouginot, I Joughin, E Rignot, Ionospheric correction of InSAR data for accurate ice velocity measurement at polar
regions, Rem. Sens. Environ., 209, 166-180.
Paper described algorithm employed to correct all PALSAR L-band data for ionospheric. Relates to the phase map of Antarctica ESDR.
2018 Boncori, J. P. M., M. L. Andersen, J. Dall, A. Kusk, M. Kamstra, S. B. Andersen, N. Bechor, S. Bevan, C. Bignami, N. Gourmelen, I. Joughin, H. Jung, A.
Luckman, J. Mouginot, J. Neelmaijer, E. Rignot, K. Scharrer, T. Nagler, B. Scheuchl, T. Strozzi, Intercomparison and validation of SAR-based ice velocity
measurement techniques within the Greenland Ice Sheet CCI project, Remote Sensing, 10(6), 929.
Paper is an international assessment of ice velocity products to which we participated and provides confidence in the quality of our MEASURES
products.
2018 A. Shepherd et al. ”The IMBIE team”, Mass balance of the Antarctic ice sheet from 1992- 2017, Nature, 558 219-221.
Paper is a summary assessment of Antarctic mass balance for the NASA/ESA Ice mass balance intercomparison exercise-2. This paper was one of the
most cited scientific work of 2018 (#26 in the list publishd by Altmetric.com)
2017 P. Milillo, E. Rignot, J. Mouginot, B. Scheuchl, M. Morlighem, X. Li, J. T. Salzer, On the Short-term Grounding Zone Dynamics of Pine Island Glacier,
West Antarctica, Observed With COSMO-SkyMed Interferometric Data, Geophys. Res. Lett. 44, 10,436-10,444.
Paper reveals large migration of grounding lines with tides. Relevant to our new grounding zone MEASURES product.
2017 J. Mouginot, E. Rignot, B. Scheuchl, R. Millan, Comprehensive Annual Ice Sheet Velocity Mapping Using Landsat-8, Sentinel-1, and RADARSAT-2 Data,
Remote Sensing 9 (4), 364
Paper described our comprehensive mapping of ice motion for MEASURES, i.e. the underlying algorithm for our mosaic generation using multiple
sensors.
2017 H. Yu, E. Rignot, M. Morlighem, H. Seroussi, Iceberg calving of Thwaites Glacier, West Antarctica: full-Stokes modeling combined with linear elastic
fracture mechanics, The Cryosphere, 11 (3), 1283.
Paper employs our annual maps of ice motion to model the evolution of a major West Antarctic glacier.
2016 B. Scheuchl, J. Mouginot. E. Rignot, M. Morlighem, A. Khazendar, Grounding line retreat of Pope, Smith, and Kohler Glaciers, West Antarctica, measured
with Sentinel-1a radar interferometry data, Geophys. Res. Lett., 43 (16), 8572-8579.
Paper relates to our production of grounding line products for MEASURES.
2016 A. Khazendar, E., Rignot, D.M. Schroeder, H. Seroussi, M.P. Schodlok, B. Scheuchl, J. Mouginot, T.C. Sutterley, I. Velicogna, Rapid submarine ice melting
in the grounding zones of ice shelves in West Antarctica, Nature Comm. 7, 13243.
Paper employs our annual maps of ice motion and grounding line products.
2016 X. Li, E. Rignot, J. Mouginot, B. Scheuchl, Ice flow dynamics and mass loss of Totten Glacier, East Antarctica from 1989 to 2015, Geophys. Res. Lett.
43(12) 6366-6373.
Paper employs our annual maps of ice motion and grounding line products.
2016 C. Borstad, A. Khazendar, B. Scheuchl, M. Morlighem, E. Larour, E. Rignot, A constitutive framework for predicting weakening and reduced buttressing of
ice shelves based on observations of the progressive deterioration of the remnant Larsen B Ice Shelf, Geophys. Res. Lett. 43(5), 2027-2035.
Paper employs our annual maps of ice motion and grounding line products.
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Abstract—The research aimed to establish a basis for better

quantification of the structure and biomass of Australian
forests and woodlands through fusion of repeat ALOS-2
PALSAR-2 FBD image and spaceborne optical data
(translated to canopy cover) and GEDI, ICESat-2 (which were
launched in 2018) and JAXA MOLI measurements. ALOS
PALSAR and spaceborne optical data (Landsat) were used in
combination to segment and classify the Australian landscape
into classes of similar structural composition. Each class was
then associated with structural information obtained from
ICESAT GLAS data. The weighted combination of cover and
height metrics were used to generate a revised structural
classification for 2010. The retrieved height and cover data
have subsequently been used to generate an above ground
biomass (AGB) map of Australia using these data as input to a
machine learning algorithm. However, the study has also
highlighted the use of height and cover information for more
direct retrieval of AGB. Retrieved information on vegetation
height, cover and biomass have subsequently been used as
input to a dynamic land cover and change classification
approach, which is supporting Australian and other national
monitoring systems. The structural classification is publicly
available and is anticipated to support national and
international environmental reporting.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, Wetlands Theme, Glacier Theme, etc. etc.

I. INTRODUCTION
Australia has historically used structural descriptors of
height and cover to characterize, differentiate, and map the
distribution of woody vegetation across the continent but no
national satellite-based structural classification has been
available. Furthermore, no satellite-derived map of the above
ground biomass (AGB) of woody vegetation is available for
Australia, yet studies (including through the previous JAXA
Kyoto and Carbon (K&C) Initiative projects) have
demonstrated potential. This study recognized the benefits of
using data from the Japan Aerospace Exploration Agency
(JAXA) Advanced Land Observing Satellite (ALOS) Phased
Array L-band Synthetic Aperture Radar (PALSAR) and
ALOS-2 PALSAR-2 data for providing information on the
structure and AGB of woody vegetation and the added value
of integrating data from optical sensors (including the Landsat
and Sentinel-2 instruments) and spaceborne lidar.

II. PROJECT DESCRIPTION
A. Objectives and relevance to the K&C drivers
The aim of this research was to enhance the mapping of
degraded and regenerating forest structure and AGB in
Australia using Japanese L-band SAR with contemporaneous
spaceborne optical and lidar observations. Whilst the
integration of data from the NASA Global Ecosystem
Dynamics Investigation (GEDI) and ICESat-2 missions is
planned, these data were not available in Phase 4 as both
sensors were launched in late 2018. Hence, focus was on the
use of the ICESat-2 GLAS and Landsat sensor data. The
specific objectives were to:
● Continuing development the Australian Plant
Biomass Library (APBL) to facilitate collation and
collection of forest inventory data and their
conversion to stand level AGB (Mg ha-1).
● Segment the Australian landscape into structurally
homogeneous units, given their sensitivity to the
woody and foliage components of vegetation
respectively,
● Cluster these segments using these same data to
establish those that were most similar
● Associate each resulting class with height and cover
metrics derived from ICESat/GLAS waveform data
thereby allowing national extrapolation
● Evaluate the accuracy of metric retrievals through
reference to airborne lidar data acquired over TERN
Landscapes supersites and the APBL to give
confidence in the resulting product.
● Develop approaches to integrating retrieved structural
attributes such that AGB could be retrieved at a
national (Australian) level.
● Develop a land cover and land cover change
classification approach that would facilitate routine
characterisation and monitoring of the Australian
landscape.
The study was conducted to support a range of national
and international conventions, including the United Nations
Framework Convention on Climate Change (UNFCCC) and
REDD+ through provision of estimates of carbon (AGB) in
woody vegetation, the Convention on Biological Diversity
(CBD) through characterisation of the structural diversity of
forests and woodlands in Australia, and the UN Sustainable
Development Goals (SDGs) through provision of land cover
and change classifications that integrated information on

structure and AGB.
In doing so, the research addressed
carbon cycle science and conservation of biological diversity.
The maps generated also provided a baseline against which to
quantify the impacts of a changing climate on the integrity of
forest ecosystems.
B. Work approach
The approach adopted for the study is given in Figure 1,
and sought to optimise the information provided by a range of
satellite sensors, with Japanese L-band SAR as a central
component.

resolution image stack by cubic convolution resampling of the
ALOS PALSAR mosaics onto the Landsat FPC product pixel
grid. ICESat/GLAS L2 (Release 33) Global Land Surface
Altimetry (GLA14) data acquired between 2003 and 2009
were obtained from the National Snow and Ice Data Centre
(NSIDC). These data were acquired over variable footprint
sizes and intensities but footprints were distributed unevenly
across the landscape.
D. Ground data
For the estimation of AGB, the Australian Plant Biomass
Library (APBL) was established by collating ground inventory
data (individual tree measurements) across all major
Australian ecosystems and using a generic set of allometric
equations to propagate model and measurement errors to plot
level estimates of above ground biomass and standard error.
At the conclusion of K&C Phase 3, there were approximately
3,000 ground inventory plots available to JAXA. This stage
focused on substantially expanding the available data.
Validation of the height metrics was undertaken through
reference to independently acquired airborne LiDAR data
across and range of forest structural types.
III. RESULTS AND SUMMARY
A. The Australian Plant Biomass Library
Through collaboration with a large number of State and
Federal government departments and science organisations,
15,706 forest inventory plots were contributed to the APBL
(Figure 2). These plot data are available to JAXA with many
having repeat observations and are listed in Table 1. Metadata
describing
the
columns
are
available
at
http://www.auscover.org.au/purl/biomass-plot-library.

Figure 1. Overview of the pre-processing of ALOS
PALSAR HH and HV, Landsat-derived foliage projective
cover (FPC) and ICESAT GLAS data.
C. Satellite data
ALOS PALSAR L-band Fine Beam Dual (HH and HV)
mosaic product data for 2010 were provided at 25 m spatial
resolution through the JAXA K&C Initiative. These data had
been orthorectified, topographically corrected and calibrated
using procedures outlined by [1]. The orthorectification
utilized a DEM simulated from SRTM data and ALOS
PALSAR strips acquired during periods of relatively low
surface moisture were used to generate the mosaic as proposed
by [2]. Correction procedures were also applied to remove
across and between track variations in backscatter associated
primarily with varying moisture conditions and incidence
angles. Using multi-year (1987 to 2010) dry season (May to
October inclusive) Landsat sensor data, a 30 m spatial
resolution FPC product for 2010 was generated, from which
the seasonal signal associated with herbaceous vegetation had
been removed. These data were combined into a 30 m spatial

Table 1. Files provided to JAXA containing ground truth data
and descriptions of their contents.
Filename

Description

biolib_treelist_ternau
scover.csv

Individual plant above ground, below ground and
total biomass (live + dead) estimates implemented
using generic allometric models for Australian
plant functional types. Error sources relating
allometric
model
development,
diameter
measurements during field inventory, allometric
and model prediction errors have been accounted
for.
Site level estimates of above ground, below ground
and total biomass (live + dead) and error. In
addition to tree level model and measurement errors
sources, plot sampling and areal extent errors have
been accounted for.

biolib_sitelist_ternau
scover.csv

Figure 2. Location and source project of the 15,706 ground
inventory plots made available through the Australia Plant
Biomass Library.
B. Structural classification of Australia.
For Australia, percentile heights (25, 50, 75 and 95%) data
have been released through the Terrestrial Ecosystem
Research Network (TERN) data portal. Canopy cover by
height strata (<5m, 5‒10m, 10‒30m and 30m+) datasets are
also available, with these defined as one minus the gap
fraction (Figure 3). By cross tabulating the ICESat/GLAS 0.95
percentile height and total plant cover fraction estimates, a 30
m spatial resolution forest structural map was generated
(Figure 4). The map provides considerably more spatial detail
compared to the historical classifications generated previously
by [3,4] and the NVIS [5] as variability at the pixel and object
level (through integration of the Landsat sensor products and
ALOS PALSAR data) of height metrics from the
ICESat/GLAS is captured by the product. Furthermore, users
are able to a directly access information on the vertical
structure of woody vegetation as derived from the
ICESat/GLAS profiles associated with each class. This
information is particularly valuable for understanding the
distribution of biological diversity.
a)

Figure 4. Forest structural formation classification of
Australia generated in [6]. These structural formations are
adapted from Australia’s National Vegetation Information
System (NVIS).
C. Above ground biomass estimation
For continental Australia, the AGB estimate is provided in
Figure 5, with this generated by applying a machine learning
algorithm to the cover and height metrics associated with each
segment. As with previous estimates, the forests along the
eastern coast of Australia, Tasmania, eastern Victoria and
southwest Western Australia were associated with the higher
AGB levels, with these decreasing towards the interior.

b)

Figure 3. Canopy cover distributions within the 10-30 m
and b) >30 m height ranges.

Figure 5. AGB map of Australia generated through the use
of a machine algorithm and integrating canopy height and
cover and ALOS PALSAR L-band HV data.

D. Land cover and change classifications
The Food and Agriculture Organisation (FAO) Land Cover
Classification System (LCCS) provides a unique opportunity
to use environmental variables to classify land covers and
change without the need for complex classification algorithms
(e.g., random forests). Such variables include forest height
and cover, leaf type and phenology (to describe, for example,
a tall (> 30 m) open (30-70 %) broad leaved evergreen forest.
However, additional descriptors can also be associated with
these including AGB.
Hence, the production of such
information from the combination of L-band SAR, optical
satellite sensor data and spaceborne LIDAR provides a new
opportunity for national monitoring of land covers and change.
Such capability has been developed alongside the JAXA K&C
Initiative but is fully supportive of the use of data provided by
JAXA satellites.
E. Summary
During the K&C Phase 4, there has been significant
advancement in the provision of the tree and stand level
biomass data through the APBL. Such information provides
unique support to global efforts at retrieving AGB from
satellite sensor data, including those observing at L-band. A
new algorithm [7] has been developed to allow segmentation
of large areas and has been demonstrated for Australia using
both L-band SAR and Landsat-derived FPC.
Software,
available within the RSGISLib suite, has been developed to
allow population of segments with relevant information (e.g.,
height and cover) and this has facilitated the development of
clustering algorithms within the SciKit Learn package. As
such, a unique approach to taking information from
spaceborne LIDAR footprints from intersecting segments and
assigning these to similarly classified segments where
footprints have not been captured has been demonstrated. This
has facilitated a comprehensive classification of forest
structure across Australia and provided the first satellitederived map of height and cover classes which are used as a
standard for vegetation classification. These data have also
been used within a machine learning algorithm and in
conjunction with in situ data provided by the APBL to
generate a new continental AGB map. The information can
also be integrated within land cover classifications and
particularly the FAO LCCS, which is particularly well suited
for ingesting this information and generating highly
descriptive land cover and land cover change classifications.
All datasets are available to JAXA through Australia’s TERN
portal.
As such, the provide a unique set of data for
supporting Australian government policy in relation to
national and international policy, carbon cycle science,
conservation of ecosystems and biodiversity and responses to
climate change. The techniques developed can also be used
in conjunction with ALOS-2 PALSAR-2, ICESat-2, GEDI
and JAXA MOLI, and also optical satellite sensor data to
generate new and consistent structural classifications, AGB
maps and land cover and land cover change classifications as
well as providing enhanced mapping of degraded and
regenerating forest structure and aboveground biomass. This

work, focusing on enhanced mapping of degraded and
regenerating forest structure and aboveground biomass, will
be undertaken as part of the post K&C program and will apply
these techniques in Australia to develop now ecosystem
applications.
REFERENCES
[1] Shimada, M.; Ohtaki, T. Generating Large-Scale High-Quality SAR
Mosaic Datasets: Application to PALSAR Data for Global Monitoring. IEEE
J. Sel. Top. Appl. Earth Obs. Remote Sens. 2010, 3, 637–656.
[2] Lucas, R.M., Armston, A., Accad, A., Carreiras, J., Bunting, P., Clewley,
D. et al. (2010). An evaluation of the ALOS PALSAR L-band backscatterabove ground biomass relationships over Queensland, Australia, IEEE
JSTARS K&C Special Issue, 3(4), 576-593.
[3] Specht, R.L. Vegetation. In Leeper, G.W. (ed.), “Australian
Environment”; Melbourne University Press:Melbourne, Australia, 1970; pp.
44–67.
[4] Carnahan, J.A. Natural Vegetation. In Atlas of Australian Resources;
Second Series; Department of Natural Resources: Canberra, Australia, 1976.
[5] Department of the Environment and Water Resources. Australia’s Native
Vegetation: A Summary of Australia’s Major Vegetation Groups; Australian
Government: Canberra, Australia, 2007.
[6] Scarth, P., Armston, A., Lucas, R.M. and Bunting, P. (2018). A new map
of forest and woodland height, Australia, based on ICESAT GLAS, ALOS
PALSAR and Landsat sensor data. Remote Sensing, K&C Special Issue
(submitted November 2018).
[7] Shepherd, J.D.; Bunting, P.; Dymond, J.R. Operational Large-Scale
Segmentation of Imagery Based on Iterative Elimination. Remote Sens. 2019,
11, 658.

ACKNOWLEDGEMENTS
This work has been undertaken within the framework of
the JAXA Kyoto & Carbon Initiative. ALOS-2 PALSAR-2
data have been provided by JAXA EORC.

John Armston is an Assistant Research Professor in the
Department of Geographical Sciences at the University
of Maryland (UMD), College Park. Previously John
Armston was Senior Scientist with Queensland State
Government in Australia on the development and
implementation of remote sensing based environmental
monitoring programs. He received his B.Sc. in 2001
from Macquarie University, Sydney, and his Ph.D.
degree in 2013 from the University of Queensland,
Brisbane. Since 2016 he has been a member of the NASA Global Ecosystem
Dynamics Investigation (GEDI) Science Definition Team at UMD. His main
interests include pure and applied remote sensing research in the modelling of
canopy structure and above ground biomass from airborne and spaceborne
remote sensing measurements, development and validation of in situ remote
sensing methods for site based vegetation structure measurement, and fusion
of lidar, radar and optical satellite image time-series for quantifying
aboveground biomass and change in woody vegetation over large areas.

Peter Scarth works with a cross disciplinary team team
at the Joint Remote Sensing Research Centre (JRSRP) at
the University of Queensland to develop rigorous data
management systems and validated mathematical models
that measure and map both major and more subtle
changes in Australia’s vegetation using large earth
observation data sets and vegetation survey field data
systems. He also works within TERN/Auscover to
democratize management and access to spatial data and
promote uptake of products by researchers, policy and the public. Dr. Scarth
holds a doctorate in Geography from the University of Queensland.

Professor Richard Lucas holds a Sêr Cymru Research
Chair within the Earth Observation and Ecosystem
Dynamics (EOED) Research Group (RG), Department
of Geography and Earth Sciences (DGES), Aberystwyth
University, which he established in 2000. He has also
held positions at the University of New South Wales
Australia, the Australian Federal Government and
Swansea University (UK). He currently leads the Living
Wales project which is facilitating the development of national land cover
monitoring to support national and international conservation and sustainable
use of environments. He studied Biology and Geography (1983-1986) at the
University of Bristol, where he also obtained his doctorate (1986-1989) and,
in 2017, completed an Advanced Diploma in Leadership and Management
from the Australian Institute of Management, Sydney.

Validation of wetland inundation SAR products
Bruce Chapman
Jet Propulsion Laboratory/California Institute of Technology (U.S.A.)

K&C Final Report – Phase 4
Validation of wetland inundation SAR products
Bruce Chapman
Jet Propulsion Laboratory, California Institute of Technology
bruce.d.chapman@jpl.caltech.edu

Abstract— Significantly for ALOS-2, open water and inundated
vegetation are two of the most dominant signatures in L-band
SAR imagery. The L-band SAR, due to its cloud penetration
capability, is an excellent instrument for assessing inundation
even when weather events make delineation by other instruments
problematic. Wetlands have a major role in the carbon cycle,
outgassing large quantities of carbon dioxide and methane
through processes that are directly and strongly influenced by
the duration and timing of inundation ([1]; [2]). Understanding
the actual seasonal pattern of inundation is a necessary
contribution to carbon modelling activities. The measurements
of inundation by SAR will also establish a benchmark for the
current status of wetland areas, and will be useful in assessing the
future impacts of climate change. The incorporation of frequent
measurements of inundation extent into large-scale hydrological
models would permit the evaluation of more detailed seasonal
and longer-term floodplain dynamics and their associated
management implications. The validation of these inundation
products therefore become critical to their effective usage. Due
to the limited temporal coverage in most areas by ALOS-2, the
usage of ALOS-2 PALSAR-2 data with Sentinel-1 C-band SAR
data to provide additional information about inundation
dynamics is examined.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Wetlands
Theme

I.

INTRODUCTION

The basis of the algorithm for identifying inundation extent
is the well-known scattering behaviour of L-band in wetland
environments while inundated ([3]). A single image from
ALOS-2 is sensitive to inundation to some level of accuracy
(i.e. [4]). However, a time series of data enables improvements
in accuracy (i.e. [5]). A temporal time series makes it possible
to multi-look the data in time as well as space, where
meaningful results will be found in areas where the inundation
state is constant over the averaging time. In those areas where
inundation is dynamically changing, change detection relative
to this temporally and spatially multi-looked image can be used
to refine the classification for each time step in these areas, as it
is a sensitive and robust indicator of change in inundation state.
Soil moisture changes will also result in changes in backscatter;
and in regions where the inundation state is in flux, it is part of
a natural observed gradient that can be resolved through
calibration of algorithm threshold parameters.

II. DESCRIPTION OF YOUR PROJECT
A. Objectives and relevance to the K&C drivers
The NASA Earth Science Research Strategy was
formulated to answer science questions, including “How are
global ecosystems changing?” and “How do ecosystems
respond to and affect global environmental change?” Mapping
inundation with SAR also addresses priorities of the US
Climate Change Science Program by improving understanding
of how regional carbon, water and energy cycles are changing
and interacting. Inundation mapping addresses several NASA
Earth Science Research Strategy focus areas: Carbon Cycle and
Ecosystems through development of a fundamental
understanding of spatial patterns and temporal variability
wetland biomes, and how these ecosystems respond to and
affect global environmental change; The Water and Energy
Cycle focus by enabling characterization of how cycling of
water associated with wetlands is changing; Climate
Variability and Change, by enabling improved characterization
of energy and water fluxes associated with wetlands extent and
variability. NASA’s Carbon Cycle and Ecosystems Roadmap
specifies wetlands as a priority area, relevant to
characterization and quantification of atmospheric methane
sources. Relevance to NASA’s Water and Energy Cycle
Roadmap includes the expressed need to quantify and elucidate
mechanisms of the mean state, variability and extremes of
water and energy cycles, including quantification of fluxes and
storages.
B. Work approach
It has been known for decades that L-band HH backscatter
exhibits a double bounce signature in the presence of vertically
emergent woody vegetation, while HV is still dominated by
volume scattering. This is the theoretical basis of the algorithm
for detecting inundation in vegetated areas. L-band HH data
has been shown to be sensitive to inundated woody vegetation,
but the simultaneous acquisition of HV will reduce reliance on
radiometric terrain slope corrections. In addition, both HH and
HV polarizations from ALOS-2 have low backscatter values
over inland open water that can be used to discriminate open
water from non-inundated land. Wind roughened water can be
a confounding factor at smaller incidence angles, but averaging

in time and accounting for incidence angle can significantly
improve the accuracy.
A large fraction of the Earth’s inundated areas is subject to
seasonal freeze/thaw and snowfall events. The resulting
changes to the radar backscatter could be mistaken for changes
in inundation state if not properly accommodated. Identifying
these events from the SAR data itself or from other available
sensors are among the approaches that could be used to
ameliorate these possible classification errors.
The HH and HV backscatter from open water are generally
darker than low vegetated or bare ground surfaces, and
therefore may be used to identify open water within wetlands
areas.
If the water’s surface is wind roughened, the HH
backscatter may increase to values brighter than low vegetated
and bare ground surfaces, in particular when the incidence
angle is less than 30 degrees. If the noise equivalent go was
larger than the backscatter of low vegetated and bare ground
surfaces, then detection of open water would be ambiguous
with these areas (as was the case for the JERS-1 SAR). In some
cases, the interferometric coherence between sequential images
could be used to help identify open water based upon the
decorrelation of the data over water.
The double bounce signature that is used to identify
inundated vegetation occurs if woody vegetation is vertically
emergent from a water surface. Non-woody vegetation, high
attenuation by the vegetation canopy, or an amorphous
vegetation structure may result in a lower probability of a
double bounce signature in the HH backscatter. In some cases,
the backscatter may be predominantly due to scattering off an
underlying open water surface and be classified as such,
despite a visual appearance on the ground as a vegetated
wetland. The backscatter from amorphous shrubs, despite
inundated conditions, may be indistinguishable from noninundated shrubs or similar vegetation. However, frequent and
regular observations in some cases make these areas
discernible through change detection.
Densely vegetated coastal wetlands such as found in some
mangrove forests can be challenging areas to unambiguously
detect inundation as inundation extent may vary between
ascending and descending orbits, and the vegetation structure
and density may dampen the typical signature from inundated
conditions.
However, repeated imaging can allow
discrimination of these areas from surrounding vegetation
types and shorelines (i.e. [6]). Classification errors may result
from a variety of circumstances such as unexpected changes to
the landscape (e.g. urbanization or deforestation) that may
mimic an inundation signature, by how uniformly an area is
inundated within the 1 ha parcel, or simply by specific
structural characteristics of the vegetation subject to
inundation.
Products from other current and planned sensors could be
incorporated to identify landscape factors that influence the
identification of inundation. For example, freeze/thaw state or
snowpack could be a provided input product used to simplify
and/or improve the robustness of the classification of
inundation in boreal regions.
A review of thirteen papers published since 1994 illustrates
the accuracy of classifying inundation from L-band SAR data
([7], [8],[9], [10],[3], [4], [11], [5], [12], [13], [6], [14], [15]).
These papers examined a variety of wetland types, and showed
that none of these studies could not achieve 80% accuracy from

a variety of L-band SAR sensors with varying image quality,
from AIRSAR (a airborne multi-frequency fully polarimetric
SAR) to JERS-1 SAR (a Japanese spaceborne single-pol SAR)
to ALOS PALSAR (both fine beam and ScanSAR mode).
The literature shows that some types of herbaceous
wetlands, due to their lack of a distinct double bounce signature
in the SAR data, are not easily classified. One partial solution
calls for joint acquisitions with sensors with shorter
wavelengths, such as the ESA Sentinel-1A/B missions, as Cband may help discriminate herbaceous wetlands from open
water.
C. Satellite data
For this work, ALOS-2 PALSAR-2 data were downloaded
from the AUIG in standard fine beam mode, processed to level
2.1. Sentinel-1 data were obtained from the Alaska Satellite
Facility in GRD mode. UAVSAR data were downloaded from
the Alaska Satellite Facility.
D. Ground data
There are four potential methods that can be utilized for
producing inundation validation products. The in-situ
validation must be performed close-in-time with the SAR
overflight (how close in time depends on the time scale of the
variability of inundation extent at each Cal/Val site). These
methodologies are currently being developed for the NASA
ISRO Synthetic Aperture Radar (NISAR) mission, as described
in the NISAR Cal/Val plan ([16]), and are:
1.

2.

3.

Ground transects. This method may be the most
precise and provides additional information such
as inundation depth and vegetation characteristics.
The disadvantages result from logistical
considerations which will bias site selection and
the likely provide incomplete sampling of the
wetland extent. Time continuous measurement
devices such as pressure transducers and soil
moisture probes can be deployed along transects
traversing the wetland. This method is best suited
to areas where remote observations are expected to
be less robust due to extensive canopy or
vegetation cover.
3D inundation extent model. This method relies
on the knowledge of water level through time, and
accurate knowledge of the dry digital terrain
model (DTM). The inundation extent is
determined by numerically flooding the DTM
given measurements recorded by an in situ water
level gauges. This may be the most efficient and
reliable method in areas with substantial forest
canopy and complex terrains, but is limited by the
sparse availability of DTMs. The latter can be
obtained from Airborne Scanning Lidar during dry
periods or in situ surveys with a Real Time
Kinematic-GPS (RTK). To capture inundation
extent at the time of SAR data acquisition, gauges
(e.g. pressure transducer) must be recording water
level continuously.
High-resolution optical data. This method utilizes
spaceborne or airborne remote sensing
instruments. This method is best suited to boreal
ecosystems where there is less obscuration by

4.

woody vegetation, and for open water areas where
cloud free images can be obtained. For example,
[17] employed the method in 2012 using
worldview-2 multiband optical data and found
overall accuracy greater than 80%. The advantage
of this method is that it is possible to efficiently
map large areas with good accuracy and low cost.
The disadvantages are the reduced accuracy for
detecting inundation in areas with dense
vegetation cover (>80%), and the nonsimultaneous timing of data acquisition with SAR.
The latter effect can be alleviated with the
extremely high resolution (cm scale) imagery from
UAS-type aircraft overflights coordinated with the
SAR acquisition times. Combined RGB plus
thermal IR cameras or multispectral red-edge on a
UAS, these sensors could be used to identify both
vegetation extent (from RGB) and inundation
extent (from thermal IR/near IR) overlaid on a
high-resolution digital surface model (DSM) and
digital terrain model (DTM) (though significant
vegetation will diminish the IR signature of
water). LIDAR data may also be of value in
detecting inundation state directly in denser
forested areas.
High resolution quad-pol SAR data. While most
inundation extent algorithms utilize single pol HH
or dual-pol HH and HV data, the validation
product area will be expanded through use of
acquisition of near simultaneous airborne quad-pol
L-band or P-band SAR data through evaluation
and classification of the contributions of the
various
scattering
mechanisms
through
polarimetric decompositions of the quad pol data.
The advantage is that this approach provides a
wide area validation product and on-demand
timing with SAR acquisitions. This product itself
must be validated with other field observations,
such as by methods described above. However,
once validated, this spatially large product could
be used to validate the SAR inundation product.
This method may be valuable for forested wetland
sites where production of a wide-area inundation
validation product would otherwise be difficult.
III. RESULTS AND SUMMARY

Given the predictable and regular observations by Sentinel1 C-band SAR, we examine the circumstances that Sentinel-1
data can be used to "fill in" the time sequence in between
ALOS-2 observations, that are generally restricted outside of
the tropical regions to three or so observations per year. In the
tropical regions, more frequent observations are obtained using
the SCANSAR mode, but the time interval between complete
coverage is still on the order of 6 weeks. Therefore, several
examples of wetland areas representing ecosystems in boreal,
temperate, and topical climate zones were examined by both
ALOS-2 and Sentinel from the same time period to
qualitatively examine their relative sensitivity to inundation.

Examining first a wetland area in the tropics, two images
are shown in Figure 1, one for ALOS-2 and one from Sentinel1. This area is near the Pacaya-Sameria of Peru, near
Tamshiyacu. Both images were acquired on March 26, 2016.
Each image is a color composite optimally scaled to indicate
sensitivity to inundation.
For the ALOS-2 image, the
brightness of the image is the HH backscatter, while the color
overlaid on the backscatter represents the magnitude of
HH/HV, with yellow being high values (greater that 4 db), and
the pink areas being lower values (less than 4 db). For the
Sentinel-1 image on the right, the brightness of the image is the
VV backscatter, and the color is VV/VH, and is scaled in a
similar fashion. As can be seen, as expected, the C-band SAR
data is much less sensitive to the inundation in forested areas,
where ALOS-2 has a substantial double bounce signature
visible in the imagery.

Figure 1. a) ALOS-2 color composite image (HH brightness, color
representation is brightness of HH/HV). © JAXA/METI, provided
through the JAXA Earth Observation Research Center (EORC). b)
Sentinel-1 color composite image (VV brightness, color representation is
brightness of VV/VH), as is provided by the Copernicus program at ESA.
Both images were obtained on March 26, 2016. This area is near
Tamshiyicu, Peru, near the Pacaya-Sameria reserve.

Next, we examine a wetland area in a temperate climate
zone, in the Mississippi River area of Louisiana in the United
states. Lake Maurepas, Louisiana has a variety of different
swamp types ranging from marsh to cypress. The ALOS and
Sentinel imagery in Figure 2 are scaled the same as in Figure 1.
The images here are from Aug 22, 2016 (ALOS-2) and August
19, 2016 (Sentinel-1) and are therefore are close in time but not
from the same day. Here, we can see that the Sentinel-1 data is
more sensitive to inundated forest areas than in figure 1. we
can also visibly discern that ALOS-2 and Sentinel-1 data are
very complimentary, and highlight different inundation in
different vegetation environments. Figure 2 C shows a
wetlands map of this same area by the Louisiana wildlife
Federation.
Next, we examine near simultaneous L-band imagery from
ALOS-2 and C-band imagery from Sentinel-1 from a boreal
wetland in Alaska. Figure 3 shows two sets of images. The
imagery from ALOS-2 was acquired on July 6, 2016, and the
imagery from Sentinel-1 was acquired on July 7, 2016. This
site is near the northern coast of Alaska near Teshekpuk Lake,
Alaska. These images are scaled the same as the imagery in

Figures 1 and 2. As can be seen in figure 3, these images have
many of the same features visible, though further work is
required for fully characterize the inundation conditions
separate from open water that are visible in the imagery, in
particular the validation of inundation extent in the vegetated
areas.

Figure 2. a) ALOS-2 color composite image (HH brightness, color
representation is brightness of HH/HV). © JAXA/METI, provided through
the JAXA Earth Observation Research Center (EORC).
b)
Sentinel-1 color composite image (VV brightness, color representation is
brightness of VV/VH), as is provided by the Copernicus program at ESA.
c) wetlands map from the Louisiana Wildlife Federation
http://www.lawildlifefed.org/content.cfm?new=474&id=177. This image
area is of Lake Maurepas, Louisiana, USA. The ALOS-2 imagery is from
August 22, 2016 while the Sentinel-1 imagery is from August 22, 2016.

Some limited field validation of the response of inundation
in boreal wetlands took place in 2017 in conjunction with
airborne L-band SAR data from UAVSAR (figure 4). Field
measurements in the Fairbanks and Delta Junction area of
Alaska coinciding with L-band and P-band observations by the
NASA airborne sensors UAVSAR and AIRMOSS,
respectively, were collected. Field measurements included
transects of inundation extent, permafrost depth, soil moisture,
and tree measurements that could be used to estimate biomass.
The analysis of both UAVSAR L-band and P-band data, as
well as Sentinel-1 data, and their relationship to biomass and
inundation extent were preliminarily described in [18].

Figure 4. Initial results from ABoVE field work and L-band airborne
Campaign in 2017. One-meter tall vegetation obscured inundation observed on
the ground in June from detection by an RGB camera on a sUAS, but this
inundation was easily detected on the same date by UAVSAR L-band. In
September, the wetland was no longer observed on the ground to be inundated
and easily confirmed from UAVSAR data. Changes in inundation extent
throughout the summer season were evaluated with Sentinel-1 C-band data at
12-day intervals (not shown).
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Abstract—Land policies aimed at directing land systems towards
sustainable development pathways need to be informed by a
better understanding of land system change. Here, we evaluated
combined L-band SAR and optical satellite datasets for mapping
land use/cover change using a multi-level, hierarchical, land
cover classification system. We assessed the classification
accuracies of combined ALOS/PALSAR, ALOS-2/PALSAR-2,
and Landsat series data for classifying land cover using a
Random Forests classifier, and analysed land cover changes in
2007, 2010, and 2015 at four protected areas situated in central
Philippines. Our results showed that overall accuracies were high
for two-class level classifications (74.15% to 90.27%), moderate
for six-class level classification (53.33% to 65.78%), and low at
more detailed land cover classification levels (33.44% to 61.28%).
Both radar and optical data layers contributed to improving
classification accuracies, notably specific optical indices and
radar texture measures, and SAR polarisations contributing as
much as optical reflectance bands in more detailed classification
levels. From our analysis, we generated evidence of mosaic
deforestation occurring within all four natural parks during the
8-year study period, indicating weak law enforcement of forest
protection within the parks. The six-class land cover
classification provided more nuanced information about land
cover transitions, thereby facilitating a better understanding of
land use/cover change dynamics. Protected area managers can
utilise our results, complemented by in-depth studies exploring
the proximate causes and underlying drivers of land cover
changes, to formulate and design appropriate strategies leading
to more effective enforcement and management of protected
areas.
Index Terms—ALOS/PALSAR, ALOS-2/PALSAR-2, K&C
Initiative, L-band SAR, Landsat, Google Earth Engine, image
data fusion, land cover, land change, protected areas

I. INTRODUCTION
Land use/cover change is a central theme in the discussions
on sustainable development [1] and affects climate change,
biodiversity, and ecosystem services [2]. Land system changes
cause 30% of all anthropogenic greenhouse gas emissions [3],
with deforestation being the second largest anthropogenic
source of carbon dioxide to the atmosphere, next to fossil fuel
combustion [4]. Land policies aimed at directing land systems
towards sustainable development pathways need to be informed
by a better understanding of land system change.
Earth observation data can provide spatially explicit
estimates
of
land
use/cover
change.
Integrating
optical/multispectral and radar satellite image data have been
demonstrated to outperform data solely from individual sensors
for land cover classification and change analysis [5]–[7], given
that optical and radar sensors capture complementary aspects of
the Earth’s surface features [8]. Hence, combining these sensors
can significantly improve the discrimination and detection of
land use/cover types.
In the Philippines, remote sensing 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) [9], [10].
Persistent cloud cover and inclement weather conditions,
however, continually pose a challenge for acquiring optical/
multispectral data that can be used for either wall-to-wall or

site-level land cover mapping, consistent forest change
monitoring, and other natural resources management-related
applications.
Synthetic aperture radar, such as the Advance Land
Observing Satellite (ALOS) Phased Array L-band Synthetic
Aperture Radar (PALSAR), and its successor ALOS-2/
PALSAR-2, from the Japan Aerospace Exploration Agency
(JAXA) can provide an alternative, if not complementary,
standard data source to optical data, such as Landsat satellite
series, for mapping land cover and land cover change.
Developments in pixel-based image compositing approaches
nevertheless can now generate almost cloud-free Landsat image
composites. With the growing availability of geospatial cloud
computing platforms, combining these radar and optical satellite
datasets can greatly push forward the integration of multiple
satellite image data sources for land cover classification and
change detection.
II. PROJECT DESCRIPTION
A. Objectives
For K&C Phase 4, we intended to utilise JAXA’s earth
observation products, particularly ALOS/PALSAR and ALOS2/PALSAR-2 data, to demonstrate the utility and viability of Lband SAR for natural resources management applications in the
Philippines. We proposed to utilise the data under three
thematic applications: land cover mapping and change
monitoring; REDD+ and forest management; and mangrove
forest mapping and change monitoring. This report, in
particular, investigated the use of L-band SAR data in
combination with optical Landsat satellite imagery for the first
thematic application on land use/cover change analysis. The
main objective of this project is to assess the combination of
spaceborne L-band SAR and optical Landsat sensor datasets for
mapping land cover and land cover change using a multi-level,
hierarchical, land cover classification system (Table I) to
support efforts to improve the generation of baseline land and
forest cover map products. We pursued this objective by
analysing land cover change from 2007-2010 and 2010-2015 in
four protected areas situated in central Philippines. Here, we
aim to answer the following research questions: (1) What
classification accuracies can be achieved by combined L-band
SAR and Landsat data for land cover categories based on a
multi-level, hierarchical land cover classification system? (2)
Which SAR and/or optical predictor variables contribute to
improving classification accuracies at different classification
levels? (3) What changes in land cover and how much change
were observed in the study areas during the two time periods?
B. Relevance to the K&C Drivers
The thematic drivers of the Kyoto & Carbon Initiative
(K&C) intend to evaluate and demonstrate the potential of
ALOS/PALSAR and ALOS/PALSAR-2 in support of
addressing regional-scale information needs related to
International Conventions, Carbon Cycle Science, and

Environmental Conservation [11]. This specific thematic
application under the Philippines K&C project contributes to the
achievement of the K&C objectives specifically through the
following: (1) the baseline land and forest cover and change
maps generated from the combined SAR and optical datasets
can be used for generating activity data as an input not only for
local development plans, but also for national greenhouse gas
accounting reports, to comply with reporting requirements
under the United Nations Framework Convention on Climate
Change (UNFCCC); (2) the forest cover and change maps can
contribute to the implementation of the Philippine National
REDD+ Strategy, and other international agreements on
REDD+ and biodiversity such as the UNFCCC Cancun
Agreements (COP16) and/or the Warsaw Framework for
REDD+ (COP19), and the Aichi targets under the Convention
on Biological Diversity (CBD); and finally, the specific study
areas under this thematic application (this report) are identified
Key Biodiversity Areas (KBA; [12]) and have been established
as protected areas under the National Integrated Protected Areas
System (NIPAS) of the Philippines. The results of this study can
also provide useful information to improve the management of
these protected areas and key conservation sites and can also
support the country’s compliance to international conventions
such as the CBD.
III. STUDY AREA AND DATA
A. Study Areas
1. Northern Negros
The Northern Negros study area is part of the Negros
Island Region, in the western Visayas of central Philippines,
and is administratively part of Negros Occidental province.
The study area is bordered by the Visayan Sea to the north, the
Guimaras Strait to the west, the Tanon Strait to the east, and
Negros Oriental province to the south. Based on the KöppenGeiger climate classification [13], Northern Negros
experiences two dominant climates: the tropical monsoon
climate (Am) experienced by the eastern portion of the study
area is characterised by significant rainfall throughout the year
and precipitation even during the driest months, with average
annual rainfall ranging from 1600 to 1900 mm; and the
tropical rainforest climate (Af) experienced by the rest of the
study area is described by significant rainfall and a short dry
season, with average annual rainfall of 2300 to 2700 mm [14].
The average annual temperature is about 27 °C.
Two major protected areas were established in the Northern
Negros study area: North Negros Natural Park and Mt Kanlaon
Natural Park (Figure 1). The North Negros Natural Park
(NNNP), covering an area of 804.55 km2, is recognised
internationally as an Important Bird Area, home to about 140
species of birds, 40% of which are endemic (BirdLife
International, 2018). Furthermore, six species of large
mammals in the region are found in this area, of which two are
endangered. About 48% of the land covered by NNNP is
inhabited, and in 2001 it was reported that the remaining forest

Figure 1. Location of study areas, from top to bottom, specifically Northern Negros, Sibuyan Island, and Southern Negros in central Philippines. From left to
right, maps show locations of ground-truth reference points (red) collected during fieldwork in 2014-2015; Landsat-8 OLI color composite imageries; and ALOS2/PALSAR-2 color composite imageries with protected area boundaries (black) in each site (Landsat-8 OLI images by USGS; ALOS-2/PALSAR-2 images by
JAXA EORC).

cover within the protected area was approximately 222.89 km2
[15]. The Mt Kanlaon Natural Park (MKNP) was declared as a
protected area in year 1997, with an estimated 245.57 km2
land area, due to its valuable biological resources, and its
aesthetic,
ecological,
economic,
and
socio-cultural
contributions to the Negros Island Region. Mt Kanlaon is an
active volcano and the highest peak in the Visayas Region, at
an elevation of 2465 meters above mean sea level. Both
protected areas provide the water supply in the northern and
central areas of Negros, as well as delivering a number of
important ecosystem services contributing to the well-being of
the communities [16]. However, these areas are continuously
threatened by forest and habitat degradation, caused by
unregulated extraction of forest resources, illegal logging,
unsustainable fuel-wood collection, illegal hunting and the
intensive conversion of forest areas to agricultural and
residential areas [17].

2. Sibuyan Island
Sibuyan Island is the second largest island (445 km2) in the
archipelagic Romblon province, situated in the southern part
of mainland Luzon, and approximately 33% of the island is
classified as forest. The climate in Sibuyan Island is not very
pronounced, with a wet season typically occurring from June
to December, and a dry season from January to May [18]. The
southwest monsoon affects the months of June to August and
greatly influences the rainfall patterns in the island, and the
weaker northwest monsoon affect the months of October to
February. Frequent tropical cyclones are expected from
November to December. Mt Guiting-Guiting is the highest
peak on Sibuyan Island, with an elevation of 2050 meters
above mean sea level, and is classified as an ultramafic
mountain with relatively intact habitats along its gradient [19].

TABLE I.
MULTI-LEVEL, HIERARCHICAL LAND COVER CLASSIFICATION SYSTEM.
Level 1
2 classes (FNF)
Forest

Level 2
6 classes (IPCC)
Forestland

Level 3
14 Classes (Condensed)
Closed forest

Open forest

Non-Forest

Settlements
Cropland
Wetland

Other land
Grassland

Sibuyan Island is considered as a center of endemism and
biodiversity in the country [20]. The primary land cover types
dominating Sibuyan Island include lowland forest, mossy
forest, montane forest, mangroves, and heathland [21]. Mt
Guiting-Guiting Natural Park (MGGNP) was established as a
protected area in year 1996 with an estimated 152.65 km2 land
area (Figure 1). MGGNP harbors primary lowland forests on
its slopes from around 300 to 1550 meters, from which
grassland and shrubland slowly dominate the rest of the
mountain area [22]. MGGNP is known for its plant and
mammal biodiversity, which is one of the richest in the world
[19].
In the early 1990s, Sibuyan Island has been threatened by
illegal logging activities, particularly in Kuyasian Forest, the
only remaining lowland forest in the island, thereby
contributing to habitat degradation [21]. At present, smallscale mining is one of the major livelihood activities in the
island, which are considered by local communities as a danger
to the island’s ecology and culture [23]. Majority of the
island’s population practice subsistence farming and fishing,
which has led to unsustainable use of natural resources [19]. In
addition, forest degradation is further driven by the continued
and unregulated harvest of forest resources, such as charcoal,
poles, fuelwood, collection of non-forest products like wild
honey and opportunistic logging [24].
3. Southern Negros
The Southern Negros study area is similarly part of the
Negros Island Region, in the western Visayas of central
Philippines, and is administratively part of Negros Oriental
province. The study area is bordered by the Sulu Sea to the

Mangrove forest
Built-up
Annual crop
Perennial crop
Fishpond
Inland water
Marshland / swamp
Open / barren
Grassland
Fallow
Shrubs
Wooded grassland

Level 4
20 Classes (Complete)
Closed forest, broadleaved
Closed forest, coniferous
Closed forest, mixed
Open forest, broadleaved
Open forest, coniferous
Open forest, mixed
Forest plantation, broadleaved
Forest plantation, coniferous
Mangrove forest
Other land, built-up area
Other land, cultivated, annual crop
Other land, cultivated, perennial crop
Other land, fishpond
Inland water
Other land, natural, marshland
Other land, natural, barren land
Other land, natural, grass land
Other wooded land, fallow
Other wooded land, shrubs
Other wooded land, wooded grassland

south, the Tanon Strait to the east, and Negros Occidental
province to the northwest. Southern Negros experiences two
dominant climates based on the Köppen-Geiger classification:
the tropical monsoon climate (Am) is experienced in east and
southeast portion, and the tropical rainforest climate (Af) is
experienced by the north to west to southwest portions of the
study area [25].
Balinsasayao Twin Lakes Natural Park (BTLNP) was
established as a protected area in year 2000 with an estimated
80.16 km2 land area (Figure 1). Lake Balinsasayao and Lake
Danao, which are situated at 850 meters above sea level, are
found within the protected area and are surrounded by
submontane forests rising up to 1050 meters above mean sea
level [26]. Mt Talinis, a prominent geological feature of
Southern Negros with an elevation of 1903 meters above sea
level, is a complex volcano characterised by an altitudinal
zonation of forest—lowland dipterocarp forests dominate the
lower parts of the mountain, submontane forests at moderate
altitudes, and montane forests at higher elevations [27].
The BLNTP and Mt Talinis is also known as the Cuernos
de Negros range or the Southern Negros Forest Reserve. The
management of the area falls under the jurisdiction of the
Energy Development Corporation (EDC, formerly Philippine
National Oil Company) geothermal reservation, which covers
an area of about 1,330 km2 [28]. The Cuernos de Negros range
has received great attention due to the high endemism of the
fauna and flora found thriving in its forests, thereby being
considered as one of the most important but highly threatened
ecosystems in the country [29].

Figure 2. Photos of different land cover types observed in the three study areas, specifically (a) closed forest, broadleaved; (b) open forest, broadleaved; (c) forest
plantation, broadleaved; (d) mangrove forest; (e) other land, built-up area; (f) other land, cultivated, annual crop; (g) other land, cultivated, perennial crop;
(h) other land, fishpond; (i) inland water; (j) other land, natural, grassland; (k) other wooded land, fallow; (l) other wooded land, shrubs; and
(m) other wooded land, wooded grassland.

The area is a designated Important Bird Area, home to the
famous and critically endangered Negros Bleeding-heart [26]
and is the last known habitat of the naked-backed fruit bat
(Dobsonia chapmani), which is considered to be already
extinct [30]. Illegal logging, shifting cultivation, and clearing
for agriculture are the primary drivers of deforestation. In
addition, the collection of canes, rattans, and ferns also
contributed to the decline of forest resources, and hunting and
snaring are still common [29].
B. Satellite Data
We used a combination of radar and optical satellite data
for mapping land cover. For radar data, we used freely
available global L-band (~23 cm) Synthetic Aperture Radar
(SAR) mosaic datasets from the Japan Aerospace Exploration
Agency’s (JAXA) Advanced Land Observing Satellite Phased Array L-band Synthetic Aperture Radar (both
ALOS/PALSAR and ALOS-2/PALSAR-2), downloaded from
the JAXA ALOS Research and Application Project (WWW1).
The ALOS/PALSAR data were available from 2007 to 2010
and ALOS-2/PALSAR-2 was available from 2014 onwards
[31], [32]. Each 1x1-degree mosaic tile (4500 x 4500 pixels),
provided at 25-meter spatial resolution, consists of the
following data layers: backscattering coefficients (i.e.,
horizontal transmit – horizontal receive (HH) polarisation and
horizontal transmit – vertical receive (HV) polarisation),
observation date, local incidence angle, and processing mask
information [33]. The SAR backscattering coefficient layers
were pre-processed by JAXA, which involved radiometric and
geometric calibration, orthorectification, slope correction, coregistration, and intensity tuning of neighbouring strip data
[34]. We processed a total of 15 tiles consisting of two mosaic
tiles each for Northern and Southern Negros sites, and one tile
for Sibuyan site at each time point (2007, 2010, 2015). For
optical data, we used the Landsat-5 Thematic Mapper (TM),
Landsat-7 Enhanced Thematic Mapper Plus (ETM+), and the
Landsat-8 Operational Land Imager (OLI), specifically the
calibrated top-of-atmosphere (TOA) reflectance products
available through the Google Earth Engine (WWW2) public
data catalog. The PALSAR and Landsat datasets covering our
study sites were then imported as image collections into
Google Earth Engine, a cloud-based geospatial analysis
platform [35], for subsequent pre-processing tasks.

20-class level to a 2-class level (Table I). Level 1 consists of
two broad classes, Forest and Non-Forest (FNF). Level 2
consists of six classes: Forestland, Settlements, Cropland,
Wetland, Grassland, and Other Land, which are derived from
the broad land cover categories described in the
Intergovernmental Panel on Climate Change (IPCC) Good
Practice Guidance on Land Use, Land Use Change, and
Forestry document [36]. At Levels 3 and 4, the land cover
categories are based on the land cover classification system of
National Mapping and Resource Information Authority
(NAMRIA), comprised of 14 and 20 classes, respectively. For
each level, predictor variables from both radar and optical data
were tested during classification.

Figure 3. Overall workflow of land cover mapping and change analysis.

C. Land Cover Classification System and Reference Field
Data
The Philippines currently adopts a national land cover
classification system based on the Food and Agriculture
Organisation of the United Nations’ (FAO) land cover
classification system. Previous baseline land cover maps of the
country (e.g., 1987, 2003, 2010) have all been generated
through visual interpretation using optical/multispectral data,
with inherent limitations due to cloud cover. We adopted a
multi-level, hierarchical land cover classification system for
mapping land cover in the Philippines consisting of four
different levels of class aggregation, ranging from the original

We collected 2,213 ground-truth points of different land
cover types following the multi-level, hierarchical land cover
classification system (Table I). These reference field data were
assembled from field surveys conducted in the study sites
from 2014 to 2015 by the authors and their colleagues. For
each data point, we recorded the position (latitude, longitude)
and positional accuracy using a handheld global navigation
satellite system receiver and the dominant land cover type. In
forest areas, including mangroves, the forest type and
dominant species were recorded, and canopy cover was
measured using a spherical densitometer at each cardinal

direction measured at 5 meters from the centre of the point of
observation. Photos were taken at each point and in each
cardinal direction using handheld digital cameras to keep a
visual record of the land cover types present (Figure 2).
IV. METHODS
A. Overall Workflow
Our overall workflow consisted of four stages: image preprocessing, image classification, accuracy assessment, and
change analysis (Figure 3). Image pre-processing consisted of
two parts: for SAR data, tasks included creating regional
mosaics, speckle filtering, converting to normalised radar
cross-sections, and calculating texture measures and indices;
for Landsat data, pre-processing tasks involved creating the
best-available-pixel image composites and calculating indices.
Image classification involved creating image stacks from the
SAR and Landsat layers, delineating regions of interest, and
classifying images using a Random Forests machine learning
classifier. Accuracy assessments included calculating standard
accuracy metrics and uncertainty estimates. Finally, postclassification change analysis was done at two time intervals,
2007 to 2010 and 2010 to 2015, which involved constructing
cross-tabulation matrices and change maps.
B. Image Pre-processing
1. Pre-processing of ALOS-1/2 PALSAR-1/2 Mosaic Tiles
Both PALSAR-1 and PALSAR-2 tiles consisted of dualpolarised (HH and HV) channels. For two sites, Northern and
Southern Negros, the SAR backscattering coefficient tiles
were first mosaicked together to form a single mosaicked tile
for each year. A Refined Lee filter was applied to every
channel of the radar tiles for all sites to reduce the effects of
speckle apparent in raw SAR imagery and to preserve edge
information between adjacent land cover types [37]. The
digital numbers (DN) of HH and HV images were then
converted to sigma-naught values ( 0; units in decibel, dB)
using Eq. (1):
(1)
where 0 is the radar backscatter per unit area, DN is the
digital number, and CF is the calibration factor with a given
value of -83.0 dB for the PALSAR-1/2 tiles [33]. The mask
tiles corresponding to each SAR backscattering coefficient tile
per year were combined into a single mask layer per site and
were used to aid in delineating regions of interest during the
classification stage. Tile mosaicking and file format
conversion were done in Quantum GIS v.2.18 (WWW3);
speckle filtering and conversion to normalised radar crosssection were implemented using the European Space Agency
Sentinel Application Platform Toolbox v.6.0 (ESA SNAP;
WWW4). The sigma-naught and mask layers for each site

were then uploaded as image assets (TIFF file format) in
Google Earth Engine.
A set of texture measures and indices were derived from
the SAR layers to improve the classification accuracies of
broad land cover types [38]–[41]. We calculated eight secondorder texture measures from SAR data, such as Grey-Level
Co-occurrence Matrices (GLCM) that outline the distance and
angular relationships among a neighbourhood of pixels [42],
contrast (CON), dissimilarity (DIS), and inverse difference
moment (IDM), which describes the degree of contrast
between pixels; angular second moment (ASM) and entropy
(ENT), which describe regularity in the pixels within a
neighbourhood of pixels; and mean (AVG), correlation
(COR), and variance (VAR), which measure the statistics
derived from the GLCM [39], [42]. The textural attributes
were derived from the average of the directional bands within
a 3 x 3 neighbourhood size using the Google Earth Engine
scripting environment [43], [44].
We subsequently derived three additional indices from the
sigma-naught layers, including simple ratio of the HH and HV
polarisation channels (RAT, Eq. 2), which was demonstrated
to yield good accuracies for discriminating forest, non-forest,
and coconut palms [45], and for mapping broad land cover
types such as forest, cropland, urban areas, and water [46]–
[49]. We also calculated the Normalised Difference Index
(NDI, Eq. 3), which has been applied in detecting new fronts
of deforestation [50]; and the Normalised Surface Texture
Index (NLI, Eq. 4), which was demonstrated to improve
overall accuracies of L-band SAR data for land cover
classification [40]. The SAR indices are defined as:
(2)
(3)
(4)

2. Pre-processing of Landsat Image Composites
We generated Landsat image composites for 2007, 2010,
and 2015 by extracting the best available observations from
multiple Landsat images using pixel-based image
compositing, implemented through a user-defined rule-based
criteria (e.g., sensor preference, dates of acquisition, exclusion
of clouds and shadows) to generate the best-available-pixel
image composites [51]–[54]. To generate the best-availablepixel image composites using Landsat data, we adapted an
image compositing script within the Google Earth Engine
environment using the modified scripts by Mariano Gonzalez
Roglich (Conservation International) and Juan Doblas
(Instituto Socioambiental) based on the original Temporal
Dark Outlier Mask Compositing script developed by Carson
Stam and Ian Housman (Red Castle Resources Inc.; United

States Forest Service - Remote Sensing Applications Center).
The image compositing script executed user-defined criteria to
select the best-available-pixel in Landsat TOA images and
exported the resulting composite images for subsequent use in
image classification. Our user-defined inputs included the
extent of our study areas, the base year of the image composite
(i.e., 2007, 2010, 2015), the number of years (n=3) and Julian
date range (0 to 365 days, or from start to end of year) from
where the image composite was drawn, the thresholds for
excluding or masking clouds (10% or less) and shadows (zscore = -1), and the Landsat sensors used (i.e., Landsat 5 TM,
Landsat 7 ETM+, Landsat 8 OLI). We applied a median
reducer to the collection of images with unmasked pixels to
“reduce” the image collection into a single output image
representing the median of the images. The output was
generated pixel-wise such that at each pixel location in each
band of the output image, the pixel value was the median of all
unmasked pixels in the image collection at that location [55].
We then calculated a set of five optical indices from the
Landsat image composites of each year, including the
Normalised Difference Vegetation Index (NDVI; Eq. (5); [56],
[57]), the Enhanced Vegetation Index (EVI; Eq. (6); [58],
[59]), the Soil-Adjusted Total Vegetation Index (SATVI; Eq.
(7); [60], [61]), the Normalised Difference Tillage Index
(NDTI; Eq. (8); [62]), and the Land Surface Water Index
(LSWI; Eq. (9); [63], [64]), defined as follows:
(5)
(6)
(7)
(8)
(9)
where NIR is near infrared band, RED is red band, BLUE is
blue band, and SWIR is shortwave infrared band. These
optical indices were used owing to their demonstrated
capability in land cover mapping. For example, combining
NDVI and LSWI was shown to provide better separation of
land cover types, including croplands and forests [65].
Another study found that NDTI, SATVI, and LSWI were
influential predictors for discriminating between plantations
and forests [6]. Several studies investigating multi-temporal
optical data combined with PALSAR data also demonstrated
the utility of NDVI, EVI, and LSWI for mapping forests and
deciduous rubber plantations [47], [66]–[68].

C. Image Classification
1. Creation of Image Stacks
We resampled the 25-meter PALSAR-1/2 images to 30
meters to match the Landsat images. The final image stacks at
each time point contained of a combination of PALSAR and
Landsat data layers, which consisted of two radar polarisation
channels (i.e., HH, HV), six optical bands (i.e., BLUE,
GREEN, RED, NIR, SWIR1, SWIR2), three radar indices
(i.e., RAT, NDI, NLI), five optical indices (i.e., NDVI, EVI,
SATVI, NDTI, LSWI), and 16 radar texture measures (i.e.,
HH- and HV-derived textures including ASM, AVG, CON,
COR, DIS, ENT, IDM, VAR), totaling 32 data layers.
2. Delineation of Regions of Interests
We delineated regions of interest (ROI) for land cover
classification based entirely on the ground-truth reference
data. The land cover categories of each ground-truth point
were encoded according to the multi-level, hierarchical
classification system, wherein each field data point was
assigned four land cover categories corresponding to each
level of the classification system (Table I). We implemented a
series of steps to clean the ground-truth data points and to
create a robust training and testing dataset. First, we excluded
points with encoding errors and those that were located on
masked pixels. We then created a 30-meter radius buffer
around each point and excluded one point, for example, from a
pair of points that were within 60 meters distance of each
other, and those within 30 meters proximity of a masked pixel.
Finally, to check the consistency of land cover categories over
the three time periods between buffer polygons and imagery,
the polygons were examined by visual interpretation using the
time-series high-resolution imagery available in Google Earth
Pro (WWW5). A total of 1,871 ROI polygons based on
ground-truth data points across the three study areas remained
after the data cleaning process. The final polygons were
imported as feature collections in Google Earth Engine
scripting environment.
3. Sampling Design
We adopted a simple random sampling design to achieve
our accuracy assessment objectives, which involves
calculating unbiased accuracy and uncertainty estimates. The
required sample size was calculated using Eq. (10) [69]:
(10)
where O is the overall accuracy expressed as a proportion, z is
a percentile from the standard normal distribution, and d is the
desired half-width of the confidence interval or margin of
error. A minimum total sample size of n = 138 was required
given a target overall accuracy of 0.90, z = 1.96 for a 95%
confidence interval, and a 5% margin of error.

A 30-meter spatial resolution was used as the scale of the
ROIs used to classify the combined PALSAR and Landsat
image stacks. The ROIs were then partitioned into training and
testing polygons. Each polygon was assigned a random
number between 0 and 1 from within the Google Earth Engine
scripting environment, then polygons with assigned values ≤
0.70 were segregated as training data and polygons with
values > 0.70 as testing data. After splitting the ROIs into
training and testing polygons, we independently assigned a
random number between 0 and 1 to each pixel within each of
the training polygons and in each of the testing polygons.
Pixels within training polygons with assigned values ≤ 0.70
were selected as training pixels, and pixels within testing
polygons with assigned values ≤ 0.70 were selected as testing
pixels. We implemented this sampling design to avoid
potential bias from having spatially dependent training and
testing data [70]. The total number of pixels used for training
and testing the combined PALSAR and Landsat image stacks
are presented in Table II.
TABLE II.
NUMBER OF TRAINING AND TESTING PIXELS USED FOR
CLASSIFICATION AND ACCURACY ASSESSMENT, RESPECTIVELY.

Training
Testing
Total

Northern
Negros
1460
643
2103

Sibuyan
880
299
1179

Southern
Negros
588
168
756

4. Classification using Random Forests
We employed Random Forests, an ensemble, nonparametric, machine learning classifier [71], for supervised
land cover classification due to its improved performance in
accurately classifying land cover [72], [73], its computational
efficiency and ability to handle high-dimensional, multisource datasets [74], [75], and its robustness against
overfitting [71], [75]. The Random Forests classifier in
Google Earth Engine was trained using the training data
corresponding to each study site at each of the four
classification levels and the three image stacks for each time
point using parameters as follows: 100 decision trees created
per class, the square root of the number of variables as the
number of variables used for each node split, 10 as the
minimum size of a terminal node, and a 0.50 fraction of the
input to bag per tree.
We also calculated the variable importance feature of
Random Forests [71] to determine the important variables
used in the classification of the combined PALSAR and
Landsat image stacks. To implement the variable importance
feature, we first extracted the image statistics based on each
classification level and the image stacks for each time point
(i.e., 2007, 2010, 2015) per study site. Using the image
statistics extracted from the training pixels, we then
determined the important predictor variables used in the

classification of the sets of image stacks using the
randomForest package [76] in R Software for Statistical
Computing v.3.3.2 ([77]; WWW6), particularly using the
mean decrease in accuracy (permutation importance) as the
measure of variable importance. We then generated boxwhisker plots using the ggplot2 R package [78] to visualise the
distributions of the values of land cover category for each
predictor variables and to complement the results of the
variable importance calculations.
D. Accuracy Assessment
Using the testing data corresponding to each study site, we
evaluated the land cover maps at each classification level for
each time point using standard accuracy assessment metrics
including error matrix, overall accuracy, and user’s and
producer’s accuracies [79], following the good practice
recommendations for assessing classification accuracies [80].
For simple random sampling, we used the equations from [81]
to calculate the unbiased accuracy estimates and confidence
intervals. Unbiased accuracy and uncertainty estimates were
calculated only at Levels 1 and 2 due to lower accuracies
obtained at the detailed classification levels at Levels 3 and 4.
We reported the error matrices at Levels 1 and 2 in terms of
estimated area proportions, Levels 3 and 4 in terms of sample
counts.
E. Change Analysis
Each classified image was post-processed with a 3 x 3
mode filter in Google Earth Engine to smooth isolated pixels.
We then used these images for constructing cross-tabulation
matrices to summarize the area and percentage of land cover
change at two time intervals: from 2007 to 2010 and from
2010 to 2015 using the Land Cover Change function of the
Semi-Automatic Classification Plugin in Quantum GIS, which
implements map comparison to calculate the difference
between a reference and a new classification raster map [82],
[83]. We clipped the extent covered by protected areas within
the study sites, which we downloaded as shapefiles from the
World Database on Protected Areas (WWW7), and then
calculated the cross-tabulation matrices to analyse land cover
change within each protected area.
V. RESULTS
A. Accuracy Assessment
Results showed high overall accuracies were obtained at
Level 1 classification for all three sites (74.15% to 90.27%;
Table III). Northern Negros had highest overall accuracies
across the three sites (87.28% to 90.27%), followed by
Sibuyan Island (75.59% to 83.29%) and Southern Negros
(76.20% to 79.39%). Moderate overall accuracies were
obtained for Level 2 classification for all sites (53.33% to
65.78%), which were lower compared to Level 1 accuracies.
Low to moderate overall accuracies were obtained for Level 3
(33.44% to 61.28%) and Level 4 (33.44% to 60.03%) with

Sibuyan having lower accuracies compared to Northern
Negros at both levels.
TABLE III.
OVERALL ACCURACIES OF CLASSIFICATION RESULTS (X 100%)
AT THREE TIME POINTS FOR EACH STUDY AREA FOR EACH
CLASSIFICATION LEVEL. UNBIASED ACCURACY AND
UNCERTAINTY ESTIMATES WERE CALCULATED ONLY AT
LEVELS 1 AND 2 DUE TO LOWER ACCURACIES OBTAINED AT
DETAILED CLASSIFICATION LEVELS. LAND COVER
CLASSIFICATION WAS ONLY DONE AT LEVELS 1 AND 2 FOR THE
SOUTHERN NEGROS STUDY AREA.

Northern Negros

Sibuyan
Island

Southern
Negros

0.8728
0.0002
0.8900
0.0002
0.9027
0.0002

0.7559
0.0010
0.7415
0.0011
0.8329
0.0009

0.7939
0.0004
0.7757
0.0005
0.7620
0.0005

0.6356
0.0004
0.6602
0.0003
0.6578
0.0003

0.5481
0.0012
0.5333
0.0012
0.6186
0.0011

0.6221
0.0005
0.5358
0.0005
0.5998
0.0005

0.5816
0.6128
0.6112

0.3679
0.3344
0.3378

-

0.6003
0.5910
0.5941

0.3679
0.3344
0.3378

-

Level 1
2007
2010
2015
Level 2
2007
2010
2015
Level 3
2007
2010
2015
Level 4
2007
2010
2015

For user’s accuracies (UA) and producer’s accuracies
(PA), we summarised the results by reporting the median (x̃)
values across all years for all sites. At Level 1 classification,
Non-Forest (NON) showed both high UA and PA (x̃ = 0.810.96). Forest (FOR) had high UA (x̃ = 0.72) but low PA (x̃ =
0.33). At Level 2 classification, Forestland (FOR) and
Cropland (CRP) obtained moderate to high UA and PA (x̃ =
0.53-0.82). For other classes, Grassland (GRA), Settlements
(SET), and Wetland (WET) all had moderate to high UA (x̃ =
0.50-0.81) but low PA (x̃ = 0.17-0.28) values. The UA and PA
for both Level 3 and Level 4 classifications were generally
low. At Level 3 classification, only Annual Crop (AC) had
both moderate to good UA (x̃ = 0.58) and PA (x̃ = 0.76). Both

Built-Up (BU) and Fishpond (FP) had moderate UA (x̃ = 0.570.67) but low PA (x̃ = 0.33-0.36), while Wooded Grassland
(WG) had moderate PA (x̃ = 0.65) but low UA (x̃ = 0.41). All
other classes had both low UA and PA (x̃ < 0.50). At Level 4
classification, UA and PA were low overall (x̃ < 0.50), except
Cultivated Annual Crop (CAC) with moderate to good UA (x̃
= 0.57) and PA (x̃ = 0.75). Both Built-Up Area (BUA) and
Fishpond (FSP) had moderate UA (x̃ = 0.67) but low PA (x̃ =
0.27-0.34), while Other Land Wooded Grassland (OWG) had
moderate PA (x̃ = 0.65) but low UA (x̃ = 0.41). Given the low
accuracies obtained at classification Level 3 and Level 4, we
focused our land cover change analysis for all sites using the
classified land cover map results from Level 1, and Northern
Negros only for Level 2.
B. Important Variables for Land Cover Classification
At Level 1 classification, the most important predictor
variables were LSWI, HV SAVG, HV, SWIR2, and GREEN
(MDA > 10%). Optical Landsat bands increased their
contributions to improving classification accuracy at the more
detailed classification levels (Levels 3 and 4) compared to the
broad classification levels (Level 1). HV and HH polarisations
were contributing to improved classification accuracy
comparably as much as optical Landsat bands, with HV
polarisation being slightly more important in more detailed
classification levels.
In terms of SAR texture measures, HV SAVG texture was
prominently the most important variable for classifying land
cover at detailed classification levels (Levels 2-4). The SAR
texture measures, HH ASM, HH ENT, HV ASM, and HV
ENT were consistently the least contributing variables in all
classification levels, possibly due to small kernel sizes used
(3x3) which may have reduced the effectiveness of these
texture measures.
Both SAR and optical indices contributed to improved
classification accuracies, with their contributions further
increasing as classification levels became more detailed.
Among the indices, LSWI was consistently contributing to
improved accuracy (MDA > 10%) at all classification levels.
SATVI increased in variable importance as the classification
levels increased in detail, suggesting its prominent
contribution for discriminating land cover classes, specifically
annual crop (or cultivated, annual crop) in Levels 3 and 4,
when land cover categories were more detailed.

(a) Level 1

(b) Level 2

(c) Level 3

(d) Level 4

Figure 4. User’s and producer’s accuracies obtained for all years in all study sites at each classification level. Classes at Level 1 are Forest (FOR) and Non-Forest
(NON). Classes at Level 2 are Forestland (FOR), Settlements (SET), Cropland (CRP), Wetland (WET), Grassland (GRA), and Other Land (OTH). Classes at
Level 3 are Closed Forest (CF), Open Forest (OF), Mangrove Forest (MF), Built-up (BU), Annual Crop (AC), Perennial Crop (PC), Fishpond (FP), Inland Water
(IW), Grassland (GL), Fallow (FW), Shrubs (SH), and Wooded Grassland (WG). Finally, classes at Level 4 are Closed Forest, Broadleaved (CFB); Open Forest,
Broadleaved (OFB); Forest Plantation, Broadleaved (FPB); Mangrove Forest (MGF); Other Land, Built-up Area (BUA); Other Land, Cultivated, Annual Crop
(CAC); Other Land, Cultivated, Perennial Crop (CPC); Other Land, Fishpond (FSP); Inland Water (ILW); Other Land, Natural, Grassland (OGL); Other Wooded
Land, Fallow (OFW); Other Wooded Land, Shrubs (OSH); and Other Wooded Land, Wooded Grassland (OWG).

Figure 5. Importance of radar and optical predictor variables at each classification level calculated as the mean decrease in accuracy by the Random Forests
classifier. Variables with a large mean decrease in accuracy are deemed more important for classifying the data.

C. Land Cover Change within Protected Areas in the Study
Sites
1. Land Cover Change Matrices for Classification Level 1
a. North Negros Natural Park
North Negros Natural Park experienced net forest loss of
18 km2, from 2007 to 2010, decreasing from 43.52% to
41.04% coverage of the protected area (Table IV). Gross
forest loss during this period was 40 km2 and was offset by 22
km2 gross forest gain. From 2010 to 2015, the park
experienced a slight net forest gain of 3 km2, increasing from
41.04% to 41.47% coverage of the protected area. Gross forest
loss during this period was 33 km2 while gross forest gain was

36 km2. Satellite image analysis revealed that deforestation
occurred within the protected area, mainly at forest edges from
2007 to 2010, with larger mosaic patches of deforestation
occurring within forests at the southeast portion of the park
(Figure 6). From 2010 to 2015, forest gain was observed at the
southeast portion of the park where previous deforestation
within forests occurred from 2007 to 2010, suggesting forest
regeneration or rehabilitation. However, while forest gain was
occurring within the park during this period such as around
forest edges situated north of the park, large mosaic patches of
deforestation were still observed within forests also within the
northeast portion of the protected area.

Figure 6. Forest change in (a) 2007 to 2010 and (b) 2010 to 2015 of protected areas, specifically North Negros Natural Park (top) and Mt Kanlaon Natural Park
(bottom) in Northern Negros Island, Philippines.

TABLE IV.
FOREST COVER CHANGE MATRICES IN (A) 2007-2010 AND (B) 2010-2015 SHOWING LAND AREA (KM2) AND PERCENTAGE OF TOTAL
AREA (%) OF LAND COVER CLASSES IN NORTH NEGROS NATURAL PARK, PHILIPPINES.
(a)
2007

2010
FOR

(b)
NON

FOR
NON
Total

276
22
298

40
388
428

FOR
NON
Total

FOR
37.98
3.06
41.04

NON
5.54
53.42
58.96

Total
Land area (km2)
316
410
726
Percentage (%)
Total
43.52
56.48
100.00

For Mt Kanlaon Natural Park, net forest gain was observed
during both time periods within the protected area, from 2007
to 2010 (2.28%) and from 2010 to 2015 (2.11%), although
small patches of deforestation were also observed at 6 km2 and
5 km2 at each time period, respectively, mainly within the
southwest portion of the park (Table V). Satellite image
analysis showed that forest conversion into non-forest was

2010

2015
FOR

NON

Total

FOR
NON
Total

265
36
301

33
392
425

298
428
726

FOR
NON
Total

FOR
36.52
4.96
41.47

NON
4.52
54.00
58.53

Total
41.04
58.96
100.00

more widespread from 2007 to 2010, particularly at the
western portion outside the protected area, while forest gain
was observed within the park also during the same period,
suggesting that forest protection was being strictly enforced
within the park (Figure 6). Patches of forest gain was also
more prominently observed during 2010 to 2015 along forest
edges outside the western portion of the park.

TABLE V.
FOREST COVER CHANGE MATRICES IN (A) 2007-2010 AND (B) 2010-2015 SHOWING LAND AREA (KM2) AND PERCENTAGE OF TOTAL
AREA (%) OF LAND COVER CLASSES IN MT KANLAON NATURAL PARK, PHILIPPINES.
(a)
2007

2010
FOR

NON

FOR
NON
Total

102
12
113

FOR
NON
Total

FOR
42.10
4.82
46.92

(b)
2010

Total
Land area (km2)
108
134
241
Percentage (%)

6
122
128
NON
2.54
50.54
53.08

Total
44.64
55.36
100.00

2015
FOR

NON

FOR
NON
Total

108
10
118

FOR
NON
Total

FOR
44.70
4.33
49.03

Total
5
118
123

113
128
241

2.22
48.75
50.97

Total
46.92
53.08
100.00

NON

b. Mt Guiting-Guiting Natural Park

Figure 7. Forest change in (a) 2007 to 2010 and (b) 2010 to 2015 of Mt Guiting-Guiting Natural Park in Sibuyan Island, Romblon Province, Philippines.

TABLE VI.
FOREST COVER CHANGE MATRICES IN (A) 2007-2010 AND (B) 2010-2015 SHOWING LAND AREA (KM2) AND PERCENTAGE OF TOTAL
AREA (%) OF LAND COVER CLASSES IN MT GUITING-GUITING NATURAL PARK, PHILIPPINES.
(a)
2007

2010
FOR

NON

(b)
2010

Total

FOR
NON
Total

163
26
188

32
50
82

FOR
NON
Total

FOR
60.04
9.57
69.61

NON
11.98
18.41
30.39

Land area (km2)
195
FOR
76
NON
271
Total
Percentage (%)
Total
72.02
27.98
100.00

FOR
NON
Total

2015
FOR

NON

Total

171
43
214

17
39
57

188
82
271

FOR
63.17
15.83
79.00

NON
6.44
14.56
21.00

Total
69.61
30.39
100.00

A net forest loss of 6 km2 was observed within Mt GuitingGuiting Natural Park from 2007 to 2010, decreasing from
72.02% to 69.61% coverage of the protected area (Table VI).
Gross forest loss during this period was 32 km2 and was offset
by 26 km2 gross forest gain. From 2010 to 2015, the park
experienced a net forest gain of 26 km2, increasing by almost
10% from 69.61% to 79% coverage of the protected area.
Gross forest loss during this period was 17 km2 while gross
forest gain was 43 km2. Satellite image analysis revealed that
deforestation occurred within the protected area to a large
extent from 2007 to 2010, with large clusters of mosaic

deforestation patches occurring within forests at the central
portion of the park (Figure 7). From 2010 to 2015, forest gain
was observed in some areas where previous deforestation
within the park occurred from 2007 to 2010, suggesting forest
regeneration or rehabilitation. Large mosaic patches of forest
gain were observed from 2007 to 2010 at the southeast portion
of the island, both within and outside the protected area. Then
from 2010 to 2015, large mosaic clusters of forest gain were
observed at the northeast and eastern portion, both within and
outside of the park.

c. Balinsasayao Twin Lakes Natural Park

Figure 8. Forest change in (a) 2007 to 2010 and (b) 2010 to 2015 of Balinsasayao Twin Lakes Natural Park in Southern Negros Island, Philippines.

TABLE VII.
FOREST COVER CHANGE MATRICES IN (A) 2007-2010 AND (B) 2010-2015 SHOWING LAND AREA (KM2) AND PERCENTAGE OF TOTAL
AREA (%) OF LAND COVER CLASSES IN BALINSASAYAO TWIN LAKES NATURAL PARK, PHILIPPINES.
(a)
2007

2010
FOR

NON

Total

FOR
NON
Total

44
12
57

5
19
24

FOR
NON
Total

FOR
54.74
15.39
70.14

NON
6.26
23.60
29.86

(b)
2010
Land area (km2)
49
FOR
32
NON
81
Total
Percentage (%)

Total
61.01
38.99
100.00

Balinsasayao Twin Lakes Natural Park experienced net
forest gain during both time periods from 2007 to 2010
(9.13%), increasing from 61.01% to 70.14% forest coverage
within the protected area, and to a lesser degree from 2010 to
2015 (3.96%), increasing from 70.14% to 74.10% (Table VII).

FOR
NON
Total

2015
FOR

NON
50
11
60

FOR
61.09
13.01
74.10

Total
7
14
21

NON
9.05
16.85
25.90

57
24
81
Total
70.14
29.86
100.00

Mosaic patches of forest gain, mainly around forest edges
during 2007 to 2010, were observed from satellite image
analysis, although small patches of mosaic deforestation (5
km2) also occurred within the park (Figure 8). During 2010 to
2015, gross forest loss within the park increased by 2 km2,

mainly at the eastern portion, compared to the previous period.
Also, within 2010 to 2015, mosaic patches of forest gain along
forest edges were observed at the western portion of the park.

Forests situated north, outside of the protected area, were
observed to prominently experience forest gain during 2007 to
2010 and subsequently forest loss from 2010 to 2015.

2. Land Cover Change Matrices for Classification Level 2
a. North Negros Natural Park
TABLE VIII.
LAND COVER CHANGE MATRICES IN (A) 2007-2010 AND (B) 2010-2015 SHOWING LAND AREA (KM2) AND PERCENTAGE OF TOTAL
AREA (%) OF LAND COVER CLASSES IN NORTH NEGROS NATURAL PARK, PHILIPPINES.
(a)
2007

2010
FOR

FOR
SET
CRP
WET
GRA
Total

SET
313
0
12
0
12
336

FOR
FOR
SET
CRP
WET
GRA
Total
(b)
2010

SET
43.04
0.00
1.61
0.00
1.60
46.25

WET

CRP
Land area (km2)
0
7
0
0
0
133
0
0
0
29
0
169
Percentage (%)
CRP
0.01
0.98
0.00
0.00
0.01
18.31
0.00
0.00
0.00
3.95
0.02
23.24

WET

GRA
0
0
0
0
0
0

WET

Total
39
0
56
0
82
177

GRA
0.00
0.00
0.00
0.00
0.00
0.00

365
0
235
0
126
726
Total

5.31
0.00
7.70
0.00
11.31
24.32

50.29
0.01
32.37
0.00
17.33
100.00

2015
FOR

FOR
SET
CRP
WET
GRA
Total

SET
302
0
8
0
26
336

FOR
FOR
SET
CRP
WET
GRA
Total

CRP
Land area (km2)
0
14
0
0
0
167
0
0
0
32
0
213
Percentage (%)
CRP
0.03
1.90
0.00
0.00
0.00
23.06
0.00
0.00
0.00
4.42
0.04
29.39

SET
41.59
0.04
1.09
0.00
3.59
46.31

The forest change trends in Northern Negros Natural Park
based on classification Level 2 were broadly consistent with
classification Level 1 showing forest loss within the protected
area during the first period (2007 to 2010) and slight forest
gain in the second period (2010 to 2015). At classification
Level 2 (Table VIII), during 2007 to 2010, forestland
decreased from 365 km2 to 336 km2 (from 50.29% to 46.25%
coverage of the park), which were mainly due to conversion
into grassland (5.31%) and cropland (1.90%). In the same
period, cropland decreased from 235 km2 to 213 km2 (from
32.37% to 29.39% coverage of the park), mainly due to
conversion into grassland (7.70%) and forestland (1.61%).

GRA
0
0
0
0
0
0

WET

Total
27
0
72
0
122
221

GRA
0.00
0.00
0.00
0.00
0.00
0.00

336
0
213
0
177
726
Total

3.68
0.00
9.97
0.00
16.78
30.44

46.25
0.04
29.39
0.00
24.32
100.00

Grasslands during the same period experienced a net increase
in extent from 126 km2 to 177 km2 (from 17.33% to 24.32%
coverage of the park), which are attributed to the conversion
of forestland and cropland as stated previously. During 2010
to 2015, forestland slightly increased from 46.25% to 46.31%
coverage of the protected area. Cropland was observed to
decrease in extent from 213 km2 to 169 km2 (from 29.39% to
23.24% coverage of the park), mainly due to conversion into
grassland (9.97%) and forestland to a lesser degree (1.09%).
Similar to the previous period, grassland was similarly
observed to increase in extent from 177 km2 to 221 km2 (from
24.32% to 30.44% coverage of the park), which are attributed

to the conversion of forestland and cropland. The increase in
grassland extent within the park suggested either abandonment
of agricultural lands or fallow periods, or forest clearing.
b. Mt Kanlaon Natural Park
For Mt Kanlaon Natural Park, the forest change trends
observed based on classification Level 2 were generally
consistent with classification Level 1 showing net forest gain
observed within the protected area at both time periods. At
classification Level 2 (Table IX), forestland within the park
increased very slightly from 122 km2 to 123 km2 (from
50.60% to 50.89% coverage of the park) during 2007 to 2010,
and again from 123 km2 to 124 km2 (from 50.89% to 51.49%
coverage of the park) during 2010 to 2015. At both time

periods, cropland was observed to decrease from 81 km2 to 58
km2 (from 33.72% to 24.09% coverage of the park) during
2007 to 2010, and again from 58 km2 to 53 km2 (from 24.09%
to 21.99% coverage of the park) during 2010 to 2015. The net
decrease in cropland within the protected area was mainly
attributed to conversion to grassland during both time periods
at 10.73% (2007 to 2010) and 6.19% (2010 to 2015),
respectively. Grassland consistently experienced net increases
in extent during both time periods from 36 km2 to 59 km2
(from 15.10% to 24.56% coverage of the park) during 2007 to
2010, and again from 59 km2 to 63 km2 (from 24.56% to
26.10% coverage of the park) during 2010 to 2015, similarly
suggesting either abandonment of agricultural lands or fallow
periods, or forest clearing.

TABLE IX.
LAND COVER CHANGE MATRICES IN (A) 2007-2010 AND (B) 2010-2015 SHOWING LAND AREA (KM2) AND PERCENTAGE OF TOTAL
AREA (%) OF LAND COVER CLASSES IN MT KANLAON NATURAL PARK, PHILIPPINES.
(a)
2007

2010
FOR

FOR
SET
CRP
WET
GRA
Total

SET
114
0
5
0
4
123

FOR
FOR
SET
CRP
WET
GRA
Total
(b)
2010

SET
47.17
0.03
1.96
0.01
1.72
50.89

WET

CRP
Land area (km2)
0
1
1
0
0
41
0
0
0
11
1
53
Percentage (%)
CRP
0.01
0.48
0.29
0.06
0.06
16.87
0.00
0.00
0.03
4.58
0.40
21.99

WET

GRA
0
0
0
0
0
0

WET

Total
7
0
26
0
26
59

GRA
0.00
0.00
0.00
0.01
0.00
0.02

122
1
81
0
36
241
Total

2.90
0.06
10.73
0.00
10.87
24.56

50.60
0.56
33.72
0.02
15.10
100.00

2015
FOR

FOR
SET
CRP
WET
GRA
Total

SET
115
0
2
0
6
124

FOR
FOR
SET
CRP
WET
GRA
Total

CRP
Land area (km2)
0
1
1
0
0
51
0
0
0
6
1
58
Percentage (%)
CRP
0.08
0.45
0.32
0.15
0.03
20.99
0.00
0.00
0.01
2.50
0.44
24.09

SET
47.83
0.06
0.95
0.00
2.65
51.49

GRA
0
0
0
0
0
0

WET

Total
6
0
15
0
42
63

GRA
0.00
0.00
0.02
0.01
0.00
0.02

2.57
0.03
6.19
0.00
17.31
26.10

123
1
58
0
59
241
Total
50.89
0.44
24.09
0.02
24.56
100.00

VI. DISCUSSION
A. Combining PALSAR and Landsat Data for Multi-Level,
Hierarchical Land Cover Classification
Our study evaluated the combination of spaceborne L-band
SAR, specifically ALOS/PALSAR and ALOS/PALSAR-2,
and optical Landsat sensor datasets for mapping land and
forest cover and detecting change using a multi-level,
hierarchical, land cover classification system. As expected, the
overall accuracies achieved for a two-class level classification,
particularly forest and non-forest, were generally high using
combined SAR and optical sensor datasets. Moderate overall
accuracies were achieved for a six-class level classification,
while low accuracies were obtained for more detailed land
cover classification levels.
To the best of our knowledge, our study is the first attempt
at investigating combined L-band SAR and Landsat datasets
for multi-level, hierarchical classification of land cover types
in the Philippines; hence we did not have references to which
we could compare our results accordingly. Our findings were
nevertheless comparable with studies that mapped forest/nonforest cover and forest cover change (Level 1) in other sites in
the Philippines whilst utilising only single sensor satellite
images, particularly Landsat data ([84], [85] for Palawan) and
ALOS/PALSAR (e.g., [86] for Southern Palawan, [45] for
Leyte Island, and [87] for Sibuyan Island).
Our results at the six-class level classification (Level 2)
corroborated previous studies utilising PALSAR and Landsat
sensor synergies that yielded good overall classification
accuracies for mapping land cover and land cover change (i.e.,
using 8-9 land cover categories) in other tropical areas such as
West Africa [5], Kalimantan and Riau in Indonesia [88], [89],
and Southern Myanmar [7]. We noted, however, that the
accuracy metrics (overall, user’s, and producer’s) achieved in
this study were lower compared to those reported in other
studies, of which the low separability between classes could be
attributed to the aggregation of land cover categories from
more detailed classification levels. For example, in our sixlevel classification grassland was an aggregated class
comprised of grassland, shrubs, and wooded grassland from
more detailed classification levels, which involved a mix of
classes with either purely grass vegetation or woody elements.
Also, cropland was similarly an aggregated class comprised of
both annual crops (e.g., rice paddies, maize, sugar cane) and
perennial crops (e.g., banana or coconut plantations).
In this study, we hypothesized that exploiting the
complementarity of combined optical and radar data, in
particular Landsat’s and L-band SAR’s sensitivities to the
spectral and geometric/structural characteristics, respectively,
of various land cover features, may allow us to discriminate
land cover types in the Philippines based on the adopted
official land cover classification system. However, our
findings showed low classification accuracy metrics resulting
at more detailed land cover classification levels despite

utilising combined optical and radar datasets. These results
aligned with the findings by Walker et al. [90], whilst
evaluating the performance of individual Landsat and
ALOS/PALSAR data for multi-level, hierarchical land cover
classification, demonstrated that classification accuracies
decreased as the number of land cover categories became more
detailed. Our findings suggest that the combined sensors were
unable to discriminate the detailed land cover categories given
that the defined land cover categories involved physical
features that could not be easily distinguished by the sensors
(e.g., closed vs open canopy forest, grassland vs annual crops
such as rice paddies, maize, sugar cane).
A mix of both radar and optical data layers were observed
to be important predictor variables contributing to improving
classification accuracies. We found that for the SAR data
layers, the HV SAVG (sum average (mean) texture was
observed as an important predictor variable contributing to
improved classification of land cover at detailed classification
levels, consistent with the findings of previous studies (e.g.,
[5], [7]) utilising this GLCM texture measure for land cover
classification. We also found that the HV and HH polarisations
contributed to improved classification accuracy comparably by
as much as optical Landsat bands, with HV polarisation being
slightly more important in more detailed classification levels.
We also found both SAR and optical indices contributed to
improved classification accuracies, with increasing variable
importance as classification levels became more detailed.
Optical indices, most notably LSWI and SATVI, were
observed to be important predictor variables for the land cover
categories investigated in this study, consistent with previous
studies mapping forests and croplands (e.g., [65], [91]).
B. Forest Cover Change within Protected Areas
Our study investigated forest and land cover change in
protected areas, all of which were designated as ‘Natural
Parks’ under the Philippine National Integrated Protected
Areas System (equivalent to IUCN Category II). Natural parks
are one of the identified protected area categories where
extractive resources uses are restricted to maintain their
pristine states to protect their exceptional biological diversity
and ecosystems (Republic Act 7586). Based on our analysis,
we observed that deforestation occurred within all four
protected areas at varying degrees during the 8-year study
period, indicating weak law enforcement in terms of strict
forest protection and restriction of extractive activities within
the parks. For example, NNNP experienced the highest rate of
deforestation among all four protected areas in this study.
Very few studies were available in these protected areas
that had analysed land cover change estimates. In Northern
Negros, a forest change analysis done using the official
NAMRIA land cover maps from 2003 to 2010, which were
visually interpreted mainly from Landsat imagery (and
ALOS/AVNIR, where available), indicated that NNNP
experienced a net forest loss of 34.07 km2 with a gross forest
gain of 10.67 km2, whereas MKNP experienced a net forest

gain of 11.55 km2 with a gross forest loss of 2.60 km2 (De
Alban, unpublished). Whilst the land cover mapping dataset
and approach used by NAMRIA differed with ours, the overall
trend of forest decline and forest increase within NNNP and
MKNP, respectively, were consistently observed in the
unpublished analysis and our study.
In Sibuyan Island, Tumaneng et al. [87] used
ALOS/PALSAR mosaics from 2007 to 2009 and estimated a
decrease of approximately 21.25 km2 and 48.59 km2 in old
growth forest and advanced secondary growth forest,
respectively, whereas a significant gain of 67.34 km2 in early
secondary growth forest was also observed during this period.
Similarly, in Southern Negros, a land cover change analysis
done using ALOS/PALSAR mosaics of 2007, 2010, and 2015
indicated varying trends in forest cover change estimates for
the municipalities covering the Southern Negros Geothermal
Reservation, of which BTLNP is situated (FFI, unpublished).
We could not, however, directly compare our results with these
studies given the differences in geographic extent of analysis
or classification systems used—for example, Tumaneng et al.
[87] analysed changes in forest types while ours investigated
only forest cover change in general.
The analysis of forest/land cover changes at more detailed
classification levels, in this case from Level 1 to Level 2,
provided more nuanced information about land cover
transitions, i.e., flows of gross and net losses and gains from
which land cover category changed into another land cover
category during the periods of observation, thereby facilitating
a better understanding of land use/cover change dynamics.
Both forest/land cover change maps and data on land cover
change transitions that were generated in our study can be
utilised by the protected area management boards of these
parks to prioritise areas where protection efforts are most
needed.
However, remote sensing image analysis, as what we have
done, provides only part of the information required to
effectively manage these protected areas. There is a need to
determine the proximate causes and underlying drivers of
deforestation and land cover change within protected areas, in
complementation with spatially explicit remote sensing image
analysis, which when taken together can provide the essential
information for enabling protected area managers to formulate
and design appropriate strategies leading to more effective
enforcement and management. Understanding forest and land
use/cover change dynamics requires both quantitative spatial
analysis approaches complemented by studies exploring the
proximate causes and underlying drivers of these land changes.
VII. CONCLUSIONS
We evaluated the combination of PALSAR/PALSAR-2
and Landsat datasets for mapping land and forest cover and
detecting changes using a multi-level, hierarchical, land cover
classification system. We found that overall accuracies were

high for two-class level classification and moderate for sixclass level classification, whereas accuracies at more detailed
land cover classification levels were low. Both radar and
optical data layers contributed in tandem to improving
classification accuracies, notably specific optical indices and
SAR GLCM texture measures contributing prominently, and
SAR backscatter layers contributing as much as optical
reflectance bands in more detailed classification levels. Our
study showed that combined L-band SAR and Landsat data
had poor separability between land cover categories using the
detailed land cover classification system adopted by the
national mapping agency. A rethink of the currently adopted
classification system is recommended (i.e., redefining land
cover categories based on physical features detected by the
satellite sensor). Future research work should also explore
additional satellite image data sources such as C-band SAR
together with Landsat and L-band SAR for improving the
discrimination of land cover categories, which can require
extensive human expertise and knowledge of various satellite
sensors and computational resources for processing image
datasets. Finally, our analysis provided evidence of mosaic
deforestation occurring within all four natural parks during the
8-year study period, indicating weak law enforcement in terms
of strict forest protection and restriction of extractive activities
within the parks. We call on the protected area management
boards to implement stricter protection of remaining forests in
compliance with the law. The management boards can utilise
the result of our spatial analysis to prioritise areas where
protection efforts are most needed, cognisant that our remote
sensing analysis should be complemented by in-depth studies
exploring the proximate causes and underlying drivers of these
land changes. Taken together, these studies can provide the
essential information for enabling protected area managers to
formulate and design appropriate strategies leading to more
effective enforcement and management.
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Abstract— The methodology developed for the REDD project [1]
for forest cover and change mapping [2], [3] was improved in this
research to accommodate advances in data pre-processing,
classification and accuracy assessment techniques [4]–[6] before
it was implemented in the replication sites of the National REDDplus project [7]. Automation of the processing steps using
RSGISLib [8] was done so that the methodology can easily be
replicated at larger scales (provincial, regional and national). To
achieve a replicable methodology beyond the project life, ALOS1/2 PALSAR-1/2 25-meter mosaic data was utilized because it
was freely available with complete coverage of the country as the
data was cloud free [9]. Decision tree classifiers (DTC) were used
to generate 2007, 2010 and 2015 forest cover maps for the sites
and the 2010-2015 forest cover change maps. The thresholds used
for the DTC for the forest cover mapping worked best for the
radar images of Davao Oriental, achieving unbiased accuracy
measures, using Olofsson’s techniques [10], [11], of all classes of
at least 89%. Over-estimation of forests was observed for the
forest cover maps of Eastern Samar and Albay, although the
implementation of unbiased area estimation (UAE) kept
uncertainties below 10%. Only the Davao Oriental change map
was assessed for accuracy as change data in the other two sites
were not available. Unbiased accuracy measures of at least 91%
were achieved for the stable forest and non-forest classes and
only 50% for the deforestation class. The improved methodology
can be applied to other sites in the Philippines, but accuracy
assessment and UAE should be implemented to achieve erroradjusted estimates.
Index Terms— ALOS-1/2 PALSAR-1/2, Decision Tree
Classification, Unbiased Area Estimation, REDD-plus;
RSGISLib

I. INTRODUCTION
A. Project Purpose
The main purpose of this work focusing on reducing
emissions from deforestation and forest degradation, including
conservation and enhancement of forest carbon stocks and
pursuit for sustainable management of forests (REDD+) [12]
and forest management, was to improve and prepare for upscaling the developed methodology for forest cover mapping
initially started in Kyoto and Carbon Initiative (KC) Phase 3
[1] – [3]. ALOS-1/2 PALSAR-1/2 images [9] provided by the

Earth Observation Research Center (EORC) of the Japan
Aerospace Exploration Agency (JAXA) were again used to
map forest cover and forest cover change in the three REDD+
replication sites in the Philippines. The following goals were
expected to be achieved within the project duration: 1)
generate forest cover and change maps for selected REDD+
replication sites in Albay, Eastern Samar and Davao Oriental
and the Forest and Climate Protection Phase II (ForClim II)
Project site in the Panay Mountain Range; 2) establish
baseline carbon stock assessment from Forest Resources
Assessments in target sites in the provinces of Eastern Samar
and Davao Oriental for REDD+ and Panay Mountain Range
for ForClim II; 3) generate forest biomass maps covering the
provinces of Albay, Eastern Samar and Davao Oriental; 4)
provide JAXA with Python and Remote Sensing and
Geographic Information System Software Library (RSGISLib)
codes used for automated processing of the ALOS PALSAR
data; 5) provide documentation of the image processing
methodologies, including accuracy assessment; and 6) provide
JAXA with ground truth data from the Forest Resources
Assessments which have georeferenced ground measurements
of forest biophysical parameters. Field photographs over the
locations are to be provided whenever available.
Forest cover and change maps using radar data for the
ForClim II site could not been developed as no dedicated
remote sensing (RS) staff from the ForClim II Project has
been tasked to do the processing of the satellite images. Forest
biomass have also not been generated as the author focused
more on automating the forest cover and change mapping
procedure.
B. Objectives and Relevance to K&C drivers
The thematic application on REDD+ and forest
management can contribute to the achievement of the K&C
objectives specifically through implementation of the
Philippine National REDD-Plus Strategy (PNRPS) [13], other
international agreements on REDD+ and biodiversity such as
the UNFCCC Cancun Agreements (COP16) and/or the
Warsaw Framework for REDD+ (COP19); and the Aichi

targets under the Convention on Biological Diversity (CBD)
[14].

the Philippines and the REDD+ replication sites relative to
other South East Asian countries.

For the Philippines, a forest cover and change methodology
can be used to contribute to the two prerequisites under the
Cancun Agreements: 1) a Forest Reference Emission Level
and/or Forest Reference Level (FREL/FRL), and 2) a National
Forest Monitoring System (NFMS) [15]. A concept note for
the latter has been prepared for the Philippines, which
elaborated on what data, methods, services and product
specifications can be used to operationalize forest monitoring
(and reporting of REDD+ activities) at the national level [16].
The guidelines provided for developing countries have
suggested the use of both remote sensing and ground-based
forest carbon inventory to estimate greenhouse gas (GHG)
emissions and removals related to forests, as well as changes
in forest carbon stocks and forest areas (4/CP.15. Par.1).
From 2009 to 2013, the “Climate-relevant Modernisation
of the National Forest Policy and Piloting of REDD Measures
in the Philippines” (REDD) project [1] was implemented and
was in conjunction with the KC Phase 3. This project was
funded by the International Climate Initiative of the German
Federal Ministry for the Environment, Nature Conservation
and Nuclear Safety (BMU) through the Deutsche Gesellschaft
für Internationale Zusammenarbeit (GIZ). The project tested
RS techniques to determine site level estimates of
deforestation in Southern Leyte, one of the sub-national
REDD+ pilot sites. To achieve almost complete coverage of
satellite data for the study site, cloud-free radar satellite
imagery was the preferred dataset. In the follow-up project
“National REDD+ System Philippines,” [7] which was in
conjunction with KC Phase 4, the same radar dataset and an
improved version of the Southern Leyte methodology were
applied to estimate forest cover and forest cover change in the
new REDD+ replication sites.

Figure 1. REDD+ Replication Sites © Open Street Map and ESRI

B. Satellite data

II. PROJECT DESCRIPTION
A. Study Area
TABLE I
TOTAL LAND AREA INFORMATION OF THE THREE STUDY SITES
Province
Area Coverage
Province (km2)
REDD+ sites (km2)

Albay
2,575.77
498.09

Eastern
Samar
4,660.47
799.03

Davao
Oriental
5,679.64
1,278.28

The provinces of Albay, Eastern Samar and Davao Oriental
were selected to represent each regional area of Luzon, Visayas
and Mindanao, respectively. Two municipalities were selected
as REDD+ replication sites for Albay and Eastern Samar,
while three municipalities were selected for Davao Oriental
[17], [18]. The figures showing the total land area of the
province and the selected municipalities for REDD+
replication is found in TABLE I. Figure 1 shows the location of

Figure 2. The 2007 ALOS PALSAR HV mosaic scenes (© JAXA) covering
the Philippine archipelago. Red boxes indicate the location of the three REDD+
replication sites (study areas).

The radar remote sensing data used in this work were
acquired by JAXA’s ALOS-1 PALSAR-1 and ALOS-2
PALSAR-2 sensors. Although PALSAR-1/2 standard products
were downloaded, only the 25-meter mosaic products from
EORC were utilized in this research. Due to the intention of
generating a baseline forest cover map for year 2010, JAXA’s
L-band data was the preferred satellite data over the European
Space Agency’s Sentinel C-band data, which was launched
only in 2014 (WWW1).
The Philippines is covered by 93 mosaic scenes (Figure 2)
(longitude: 116–126 East, latitude: 5–21 North) and each
REDD+ replication site is covered by one mosaic scene (1x1
degree tile). TABLE II shows the scene IDs of the mosaic
scenes used in each site, the years when the mosaic datasets
were available, and the acquisition dates consisting each of the
mosaic scenes used in the analysis.
TABLE II
INFORMATION ON RADAR MOSAIC SCENES USED IN THIS STUDY
Detail
Site

Scene ID

Albay

N14E123

Davao Oriental

N08E126

Easter Samar

N12E125

2007
June,
July
June,
July
June,
July

Acquisition Dates
2010
September
July,
September
July,
September

2015
June,
July
July,
October
July,
October

Figure 4. The 2015 ALOS PALSAR HV mosaic scene (© JAXA) covering the
REDD+ replication site in the Province of Eastern Samar, Philippines.

The following figures present a close-up look of the mosaic
scenes covering majority of the province of Albay (Figure 3)
and the mosaic scenes partly covering the provinces of Eastern
Samar (Figure 4) and Davao Oriental (Figure 5), respectively.

Figure 5. The 2015 ALOS PALSAR HV mosaic scene (© JAXA) covering the
REDD+ replication site in the Province of Davao Oriental, Philippines.

Figure 3. The 2015 ALOS PALSAR HV mosaic scene (© JAXA) covering the
REDD+ replication site in the Province of Albay, Philippines.

C. Auxiliary and Ground data
Auxiliary data consisted of images from the Landsat
archive and Google Earth, the 2010 Land Cover (LC) Map of
the Philippines from the National Mapping and Resource
Information Authority (NAMRIA) and field data from the
Forest Resources Assessment (FRA) of the National REDD+
System Philippines project [19], [20]. These additional data
were needed for the following purposes:

1) Landsat data were used as base/reference images to
georeference all available radar data,
2) 2010 LC Maps were used to generate a sampling
design for the three study sites,
3) Field data from the FRA were used as forest samples
for the analysis, and
4) GE images were used to verify the actual land cover
as compared to the 2010 LC Maps from NAMRIA
and the field data from the FRA.

plots were also cross-checked in Google Earth to see if the
current land cover was still consistent with the field recorded
land cover. The FRA Panay Island under the ForClim II project
uses the same configuration [23].

Landsat
The Landsat datasets were downloaded from the United
States Geological Survey’s (USGS) Earth Explorer web tool
(WWW2). The path and row information of the Landsat data
downloaded for each site are found in TABLE III.
TABLE III
PATH AND ROW INFORMATION OF LANDSAT IMAGES USED FOR
GEOREFERENCING OF THE RADAR DATA

Information
Site
Albay
Davao Oriental
Eastern Samar

Path #

Row #

114
111
113

051
055
052

Land Cover Map
The 2010 LC map of the Philippines was generated by
NAMRIA and the documentation of the processing is being
finalized by the agency. The map initially had 21 land cover
classes aggregated into 14 classes: closed forest, open forest,
shrubs, fallow, mangrove forest, marshland/swamp, fishpond,
inland water, wooded grassland, grassland, annual and perennial
crop, built up, and open/barren land (Figure 10). It was
produced using visual interpretation of 116 ALOS Advanced
Visible and Near Infrared Radiometer type 2 (AVNIR-2)
scenes, 40 Satellite Pour l'Observation de la Terre (SPOT) 5
scenes, and 29 Landsat-7 scenes. Ground validation was applied
for accuracy assessment of the LC map [21].
Forest Resources Assessment
The field data used in this research was obtained from the
FRA of the REDD+ project and are available in multiple reports
from the Deutsche Forstservice (DfS) GmbH. The reports
contain the methodology of the FRA [22] and the results of the
FRA of Davao Oriental [19] and Eastern Samar [20]. 120
Sampling Units (SUs) were available for Eastern Samar while
81 SUs were available for Davao Oriental.
The configuration of the SUs are illustrated in Figure 6 and
within the 25-meter radius, field personnel checked the area for
forest homogeneity. The FRA data consists of a lot of
information but for this study, the most utilized information are
the actual latitude and longitude locations of the center and the
satellite plots, as well as the current land cover in each plot. The

Figure 6. FRA Sampling Unit Design (© GIZ) [22]

D. Work approach and Methods
KC Phase 3 methodology
The Southern Leyte methodology (KC Phase 3) also made
use of the ALOS PALSAR 25-meter mosaic data from JAXA
and majority of the processing was applied using the
commercial image processing software Environment for
Visualizing Images (ENVI) [2], [3].
To analyze the entire island of Leyte, mosaicking of six (6)
scenes was required. Image to image registration to a Landsat
image was applied and further pre-processing was done such as
land/sea masking, application of radar effects and a 3x3 Lee
filter for speckle reduction. Radar cross-section calculation was
applied on the HH and HV bands, and 5 additional
indices/ratios were calculated.
Training and accuracy assessment samples of at least 4
hectares each were obtained from Google Earth and since
samples were dependent on the availability of Google Earth
images, a sampling scheme and design was not employed.
Forest, non-forest and coconut palm classes were identified
using three supervised classification algorithms – Maximum
Likelihood, Support Vector Machine, and Neural Network. The
last algorithm could achieve the best results for the forest cover
maps of 2007 and 2010 for Leyte Island, after postclassification. Error matrices were generated for each map, but
unbiased area estimation was not utilized yet to achieve erroradjusted forest areas.

Post-classification comparison and analysis of the 2007 and
2010 maps were employed to detect changes in land cover
classes. This method is less preferred than a direct classification
for several reasons as discussed in the Global Observation of
Forest Cover and Land Dynamics (GOFC-GOLD) [6] and in
the Methods and Guidance Document (MGD) [5]. Accuracy
assessment was not done on the final change map of Southern
Leyte.
KC Phase 4 methodology
The methodology applied for the forest cover mapping in
KC Phase 4 follows the same approach implemented in KC
Phase 3, but with some major modifications to improve the
results of the analysis and to take into consideration advances in
techniques for data pre-processing, classification and accuracy
assessment based on the MGD [5]. Some of the major
differences were the following:
1) a multi-temporal speckle filtering (MTSF) technique
was applied;
2) a sampling scheme in selecting training and accuracy
assessment samples was used;
3) the classification algorithm used;
4) the application of an unbiased area estimation; and
5) the direct classification for change analysis.
The general processes (GP) done for the methodology of
this study are shown in Figure 7, which are then further broken
down into sub-steps in Figure 8.

Figure 7. General workflow of the methodology

1. Data preparation and pre-processing
The ALOS-1/2 PALSAR-1/2 25-meter slope-corrected
mosaic images used in the analysis were downloaded as
compressed folders (‘.tar.gz’) from the JAXA-EORC website
(WWW3). Since each replication site was covered by one radar
mosaic tile, the mosaicking of multiple radar tiles was not
implemented in this study.

Figure 8. Overall workflow of the study with the enhancements from the
Southern Leyte methodology highlighted by red borders

Multi-Temporal Speckle Filtering
Multi-temporal SAR speckle filtering was used in this study
since it was found to produce speckle filtered images (Figure 9)
with minimal radiometric accuracy loss and spatial resolution
[24]-[26]. Images taken at different dates for the same area were
required and needed to be perfectly georeferenced/geocoded,
which was ensured in all the radar data used in this study. The
multi-temporal speckle filtering process was implemented using
the Sentinel Application Platform (SNAP) tool from the
European Space Agency (WWW4).
Radar cross-section and additional ratio calculations
Standard to any ALOS PALSAR mosaic processing, the
Digital Number (DN) amplitude values of the polarization
bands (HH and HV) were converted into decibel (dB) values
through a radar cross-section calculation Eq. (1) [27], [28]:
𝐵𝑎𝑛𝑑(𝑑𝐵) = 10 ∗ 𝑙𝑜𝑔10 𝐷𝑁

2

+ 𝐶𝐹

(1)

As provided by JAXA, the calibration factor (CF) for both
ALOS-1/2 PALSAR-1/2 is -83.0 dB [27], [28].
Five additional ratios/indices were calculated from the
original HH and HV bands because it was observed that these
additional ratios/indices helped in improving the separability of

classes in the previous study and is therefore expected to also do
the same in this study. The ratios were calculated using the
following equations:
𝑟𝑎𝑡𝑖𝑜 1 = 𝐻𝐻 𝐻𝑉

(2)

𝑟𝑎𝑡𝑖𝑜 2 = 𝐻𝑉 𝐻𝐻

(3)

𝑟𝑎𝑡𝑖𝑜 3 = 𝐻𝐻_𝐻𝑉𝑎𝑣𝑒 =

𝐻𝐻 + 𝐻𝑉
2

may also refer to orchards, vineyards, palm plantations, coffee,
tea, sisal, banana and abaca [33], the samples of this class were
cross-checked on Google Earth to confirm if the area is really
coconut palm and the sample is removed if otherwise.

A

(4)

Eq. 5 shows the Normalized Difference Index (NDI) [29],
also known as forest degradation index (RFDI).
𝑟𝑎𝑡𝑖𝑜 4 = 𝑁𝐷𝐼 = 𝑅𝐹𝐷𝐼 =

[𝐻𝐻 − 𝐻𝑉]
[𝐻𝐻 + 𝐻𝑉]

(5)

To determine Ratio 5 (Eq. 6), Li et al.’s work [30] was used.
𝑟𝑎𝑡𝑖𝑜 5 = 𝑁𝐿 =

𝐻𝐻 ∗ 𝐻𝑉
𝐻𝐻 + 𝐻𝑉

(6)

Mask Band
The radar effects mask that accompanied the polarization
bands was converted into a binary mask, where pixels without
radar effects based on [27] are given a value of 1.

B

The entire data preparation and pre-processing, excluding
the speckle filtering, was automated using Python scripts and
RSGISLib [8].
Image to image Registration
The mosaic datasets used in this study, which were
geocoded by JAXA, were observed to have an offset of around
100 meters when features between the radar and Landsat
datasets were compared. Due to this, all the radar datasets, after
going through the pre-processing, were georeferenced to their
respective 30-meter Landsat datasets. At least 10 ground control
points (GCPs) were selected for each site and a root mean
square error (RMSE) of less than 0.45 was achieved for the
Albay radar datasets and at least 0.35 for Davao Oriental and
Eastern Samar.
2. Sampling scheme and selection
The 2010 LC map from NAMRIA was used to predetermine initial training and accuracy assessment samples. To
be compliant with the requirements of the Intergovernmental
Panel on Climate Change (IPCC) [31], the 14 classes of the
2010 LC map were aggregated into 6 IPCC classes (Figure 10)
[32] before a sampling scheme was applied.
To separately classify coconut palm and forest, an additional
class “coconut palm” was added to the pool of training classes.
The “perennial crop” from the NAMRIA LC map was used as
an indicative area of coconut palms and since perennial crops

Figure 9. Sample images of A) before and B) after multi-temporal speckle
filtering

“Other land” was absent in all sites, therefore only 6 classes
(forestland, wetland, grassland, cropland, settlements, and
coconut palm) were initially identified during the sampling and
cross-checking to Google Earth. In the separability analysis, it
was observed that the separability of the coconut palm, cropland
and grassland classes was very low therefore the classes were
aggregated into a single “non-forest” class [34]. The four
classes – forestland, wetland, non-forest and settlements – were
the initial classes used during decision tree classification and a
post classification aggregation of classes simplified the classes
into forest and non-forest. Figure 10 shows the aggregation of

14 Land Cover classes of NAMRIA to the final forest/nonforest classes.

samples were composed of 6 to 9 PALSAR pixels that
corresponded to the location of the FRA samples.
Sampling for Accuracy Assessment
To determine the required total sample size (n) for accuracy
assessment and achieve a specific confidence level, the methods
of Olofsson [10] were applied, which made use of Cochran’s
[35] equation for the sample size of a stratified random
sampling (Eq. 7). The process required the total mapped area of
each class to identify the stratum standard error of each class, as
well as the target standard error of a specific class (i.e. forest
loss). The better the standard error that is required, the higher
will be the total sample size.
𝑛=

Figure 10. Aggregation of the 14 classes of the 2010 National Land Cover map
into two classes

Forest training samples (from FRA)
The samples of “forestland” from the 2010 NAMRIA LC
map for Davao Oriental and Eastern Samar were replaced by
the more updated (~2014-2016) forest cover information from
the FRA. Fifty plots were used for training, and the rest were
used for accuracy assessment. The FRA plots were also crosschecked with Google Earth as the fieldworks were conducted on
dates that differed from acquisition dates of the 2015 PALSAR
images (TABLE IV).
TABLE IV
ACQUISITION DATES OF 2015 PALSAR IMAGES
AND THE DATES OF FRA FIELDWORKS
Province
Data
2015 PALSAR
Acquisition Date
FRA fieldwork dates

Davao Oriental

Eastern Samar

July,
October
August 2015 March 2016

July,
October
December 2014 July 2015

Majority of the samples for Eastern Samar could not be
verified in Google Earth because images were not available for
the forested areas of the province on Google Earth. Therefore,
since verification with Google Earth images was not possible,
the 50 training samples from the FRA were assumed to be
correct and consistent with reality.
For Davao Oriental, Google Earth images were available to
verify the FRA samples but out of the 81 FRA samples, only 61
were consistent with the images on Google Earth. The training

𝑊𝑖 𝑆𝑖

2

(7)

𝑆 𝑃

where: n =sample size
Wi = mapped area of category i
𝑆𝑖 = 𝑝𝑖 1 − 𝑝𝑖 = stratum standard error,
pi = proportion of the target class in category i, and
S ( P̂ ) = standard error of the target class
The following assumptions were made for all the forest
cover maps:
1) there will be 20 errors of omission of forest in nonforest per 100 units;
2) user’s accuracy for forest will be 90%; and
3) the target standard error for the forest estimate is 2.5%
(at 95% confidence interval (CI)).
The total number of samples varied depending on the area
classified as forest and non-forest in each of the replication
sites. TABLE V shows the required sample size for each
replication site.
TABLE V
SAMPLE SIZE REQUIRED FOR ACCURACY ASSESSMENT OF THE
FOREST COVER MAPS

Province
Year
2007
2010
2015

Albay
234
216
224

Davao
Oriental
195
191
202

Eastern
Samar
164
162
170

The major limitations of the number of forest samples were:
1) limited number of FRA data left for Davao Oriental
and Eastern Samar as the other FRA data were used as
training samples; and
2) limited availability of satellite images and/or aerial
photos that clearly showed forest areas in Albay and
Eastern Samar.

Accuracy Assessment Samples
The accuracy assessment samples for the forest cover maps
were simplified to two classes: forest and non-forest where the
latter was composed of samples from cropland, coconut palm,
grassland, settlement and wetland areas. TABLE VI shows the
actual number of samples that was available and used for
accuracy assessment.
As most of the samples for Eastern Samar could not be
verified in Google Earth because of limited image availability
for the forested areas of the site, all 77 accuracy assessment
samples based on the FRA were assumed to be correct.
Since only 61 samples from the Davao Oriental FRA were
consistent with Google Earth and 50 of these samples were used
to train the decision tree classifier, only 11 samples were left for
accuracy assessment. To have more samples for accuracy
assessment based on the FRA, 42 out of the 50 samples used for
training were expanded from 6 or 9 pixels to not more than 81
pixels. The training samples of forest covered 28 hectares while
the accuracy assessment samples covered 125 hectares of forest.
TABLE VI
NUMBER OF SAMPLES AVAILABLE FOR ACCURACY ASSESSMENT
OF THE FOREST COVER MAPS (2007, 2010 AND 2015)
Province
Class
Forest
Non-forest
Total

Albay
50
131
181

Davao
Oriental
61
136
197

Eastern
Samar
77
206
293

3. Region of Interest Separability Analysis
The normalized Jeffreys-Matusita distance was used to
determine the separability between two classes. The outcome
values signify how inseparable (0.00) or very separable (2.00)
two classes are from each other. The closer the values are to
2.00, the more distinguishable, statistically and spectrally, the
two classes are for a specific image. The six classes were
analysed (TABLE VII) and low separability was observed for
coconut palm, cropland and grassland, whose averages were all
below 1.90, while the rest were higher than 1.90. These three
classes were then combined into a single class called “nonforest.” [34]
The spectral separability of the remaining four classes
(forest, non-forest, settlement and wetland/flooded cropland)
were illustrated using boxplots (Figure 11). Since the presence
of water in croplands would make this class spectrally similar to
wetland, one class is identified as wetland/flooded crop.
Outliers for the non-forest (Figure 11 A, D-F), which
overlapped with the boxplots of wetlands, were most likely
flooded cropland at the time the radar images were acquired.
Compared to other classes, the radar backscatter
characteristics of the wetland/flooded crop class was very
different. Water, and other smooth surfaces, appeared very dark

in radar images [36] and this made it very separable to all
classes among the bands HH, HV, HH-HV average and NL
(Figure 11 A-B, E-F). The settlement class appeared very bright
in radar images and in this case, separable only in the HH band
when compared to the non-forest and forest classes (Figure 11
A). The HH band was expected to be good at separating classes
over low vegetation, clear cut and open water [37]. However,
since the non-forest class in this study was composed of
grassland, cropland and coconut palm, it was anticipated that
the non-forest class would not be separable at this band. As the
HV band was found to be sensitive to volume scattering of
forest canopy [36], the non-forest and forest classes were
separable at the following bands: HV, HH/HV and NDI (Figure
11 B-C, G).
4. Threshold Identification
Note that two sets of thresholds were identified to classify
images acquired by PALSAR-1 and PALSAR-2, as underestimation of forests was observed when the thresholds
identified for PALSAR-1 images were used to classify
PALSAR-2 images.
The zonal statistics (mean and standard deviation) used to
identify the thresholds were only from the classes with
separability values higher than 1.99 when compared to the
forest classes. This ensured that the classes selected to identify
the thresholds were very separable from forest classes among all
radar images for each study area. Separability analysis for the
2007 image of Albay was not included because the radar image
had diagonal lines, which may be attributed to sensor error.
An R code, which uses the “tree” package of the R statistical
software, used the zonal statistics information to automatically
calculate the thresholds to construct the decision trees [39], [40].
The design and framework of the package was based on
Breiman et al.’s [41] algorithm “Classification and Regression
Trees” (CART).
5. Decision tree classification
The decision tree classification approach used in this
research is similar to the approach discussed in the third part of
this KC Phase 4 report [42] and was also based on the radar part
of Reiche’s work [43]. A knowledge-based decision tree
classifier was used to classify the L-band images as this
algorithm has been observed to successfully classify remote
sensing data [44], [45] and has outperformed maximum
likelihood classification (MLC) and other linear discriminant
function classifiers [45], which were tested in KC Phase 3 [2],
[3]. This classifier is also robust, flexible and do not heavily rely
on the distribution of input data [45], which is favourable for
this research due to limited samples for some training classes.
The ability of this classifier to provide clear rules and specific
attributes (i.e. which bands or ratios) that are essential in
distinguishing the classes [46] is another reason why this
algorithm was selected over the traditional classification
algorithms.

TABLE VII
SEPARABILITY VALUES OF ALL LAND COVER CLASSES FOR ALL AVAILABLE IMAGES IN EACH SITE
Classes compared
Coconut Palm : Grassland
Grassland : Cropland
Coconut Palm : Cropland
Grassland : Wetland
Coconut Palm : Forest
Grassland : Forest
Coconut Palm : Settlement
Cropland : Settlement
Grassland : Settlement
Cropland : Wetland
Settlement : Forest
Coconut Palm : Wetland
Cropland : Forest
Wetland : Forest
Settlement : Wetland
Coconut Palm : Grassland
a
b

Albay
2010
2015
1.72250a 1.50973a
1.72295a 1.42366a
1.97092
1.58871a
1.99940
1.99894
1.96505
1.97427
1.97627
1.97323
1.97212
1.97087
1.85854
1.98713
1.86796
1.94770
1.99997
1.99260
1.99594
1.99483
2.00000
2.00000
1.99973
1.99986
2.00000
2.00000
2.00000
2.00000
1.72250a 1.50973a

2007
1.54956a
1.99648
1.98690
1.97796
1.91949
1.95653
1.99940
1.98204
1.99998
1.99781
1.99997
1.99026
1.99980
1.99920
2.00000
1.54956a

Davao Oriental
2010
1.52602a
1.94385
1.81564a
1.98586
1.77744b
1.74228b
1.97513
1.89243
1.99871
1.94234
1.99948
1.99455
1.99398
1.99926
1.99998
1.52602a

2015
1.58334a
1.98393
1.95173
1.99890
1.99211
1.96368
1.99908
1.99907
1.99988
1.97676
1.99999
1.99999
1.99998
2.00000
2.00000
1.58334a

2007
1.60486a
1.80623a
1.97261
1.77586
1.99342
1.99853
1.95805
1.98849
1.98702
1.99246
1.99948
1.99917
2.00000
2.00000
2.00000
1.60486a

Eastern Samar
2010
1.62556a
1.56489a
1.86115a
1.86413
1.95783
1.98694
1.93103
1.99098
1.99052
1.99157
1.96986
1.99955
1.99949
1.99999
1.99999
1.62556a

Average
2015
1.67864a
1.56343a
1.96027
1.79596
1.91404
1.99057
1.85686
1.98796
1.96375
1.98244
1.96744
1.99997
1.99994
2.00000
2.00000
1.67864a

1.60003a
1.75068a
1.88849a
1.92463
1.93671
1.94850
1.95782
1.96083
1.96944
1.98449
1.99087
1.99794
1.99910
1.99981
2.00000
1.60003a

Separability values between coconut palm, grassland and cropland that are lower than 1.90.
Separability values compared to the forest class that are lower than 1.90.

A

B

C

D

E

F

G
G
D

Figure 11. Spectral separability of Forest, Non-Forest, Settlement and Wetland classes for 3 different years (red – 2007, green – 2010, blue – 2015)
Boxplots show the mean Digital Numbers values of the (A) HH band, (B) HV band, (C) HH/HV ratio, (D) HV/HH ratio, (E) HH HV average, (F) NL and (G) NDI.

To classify the radar images, a multi-level hierarchy
classification (Figure 12) was done such that it initially
classifies each pixel as either wetland/flooded crop or land. The
pixels identified as land classes are then further classified as
either settlement/bare soil or vegetation. Finally, the vegetation
pixels are further classified as either non-forest or forest. The
actual thresholds used for the decision tree classification are
found in this technical report [47].
Post-classification processes were applied including
masking out of radar-effects, implementation of a majority
analysis of a 5x5 kernel filter to remove isolated pixels, and
combination of classes to simplify the classification into two
classes – forest and non-forest.

Only Davao Oriental had sufficient satellite imageries and
aerial photographs from Google Earth that matched the
acquisition dates of the radar imageries in both 2010 and 2015.
Due to this, deforestation sample collection and analysis were
only carried out for Davao Oriental.
After a deforestation sample was identified from Google
Earth, it was compared to the DCI image for the HV band (HVDCI). A sample was at least 1 PALSAR pixel and the largest
was 21 pixels. For the samples of the stable forests, the FRA
data were used.
Analysis for the forest cover change classification
For the direct classification of forest cover change for Davao
Oriental, the samples that were analyzed were deforestation and
stable forests. Like the forest cover mapping procedure, the
samples delineated for forest cover change detection underwent
separability and zonal statistics analysis.
Although Davao Oriental had images in Google Earth that
matched the acquisition dates of the radar imageries used in the
analysis, they were still quite limited. It was difficult to find
other samples that could improve the separability of the
deforestation class from the stable forest class, which achieved
only 1.45 out of the highest possible score of 2.0.

Figure 12. The multi-level hierarchy implemented on the radar images

6. Accuracy Assessment and Unbiased Area Estimation
A confusion/error matrix was generated using ENVI’s
‘confusion matrix tool (using ground truth ROIs)’. The
additional step of estimating unbiased areas was recommended
by the MGD [5] and the implemented process was based on
Olofsson et al. [10], [11]. Using the confusion/error matrices
from the accuracy assessments and the areas of each class,
error-adjusted estimates of classes with uncertainties at 95% CI
were achieved.
7. Direct Classification of Change
Due to limited images available in Google Earth in 2007 for
all three study sites, the focus of the direct classification was
between the years 2010 and 2015. The DN (backscatter) values
of each band of the 2015 image was subtracted from the
respective bands of the 2010 image, which is referred to here as
the “Difference Change Index” (DCI) image [43] (Eq. 8).
𝐷𝐶𝐼 (𝑏𝑎𝑛𝑑)𝑌𝑒𝑎𝑟 1−𝑌𝑒𝑎𝑟 2 = 𝐷𝑁 (𝑏𝑎𝑛𝑑)𝑌𝑒𝑎𝑟 1 − 𝐷𝑁 (𝑏𝑎𝑛𝑑)𝑌𝑒𝑎𝑟 2

(8)

Deforestation Samples
Samples of deforestation from 2010 to 2015 were identified
from Google Earth images, whose dates matched the acquisition
dates of the radar images used [28].

In Reiche et al. [43], the separability between deforestation
and stable forests based on the HV-DCI was at 1.98, which
could be attributed to their use of the raw dataset (standard
product) instead of the mosaic dataset.
Again, an R code automatically calculates and identifies
threshold values to separate the two classes [38]. The threshold
identified for the HV-DCI band was 2.0 dB and was also
identified in Reiche et al. [43] but at a value of 2.2 dB. The
threshold for this study means that all change pixels with values
greater than 2.0 dB were classified as deforestation and pixels
with values less than 2.0 dB were classified as stable forests.
Post-classification
Post-classification processes were applied to ensure that
only deforestation within areas initially forested in 2010 were
taken into consideration in the analysis.
8. Accuracy Assessment and Unbiased Area Estimation
Accuracy assessment and UAE were also applied in the
forest cover change maps, if deforestation accuracy assessment
samples were available. Error-adjusted estimates of change
(deforestation) with uncertainties were achieved for Davao
Oriental.
The forest cover change maps had three classes: stable
forest, non-forest and deforestation. To determine the required
total sample size for accuracy assessment, the following

assumptions were made for all the change maps (patterned with
Olofsson’s work [10]):
1) there will be 1 error of omission of deforestation in
non-forest and stable forest classes per 100 units;
2) user’s accuracy for deforestation will be 80%; and
3) the target standard error for the deforestation estimate
is 1% (at 95% CI).
TABLE VIII shows the required sample size for each
replication site and the actual number of samples that was
available for accuracy assessment. Fifty samples of
deforestation were targeted for all sites but only Davao Oriental
had Google Earth images that matched the dates of the radar
images. Due to the limited available images even for Davao
Oriental, no additional samples of deforestation were identified
for accuracy assessment. Therefore, the training samples for the
deforestation class used to determine the thresholds were also
used as accuracy assessment samples.
TABLE VIII
SAMPLE SIZE REQUIRED AND ACTUAL NUMBER OF SAMPLES FOR
ACCURACY ASSESSMENT OF THE FOREST COVER CHANGE MAPS

Minimum
samples required
Class
Deforestation
Stable forest
Non-forest
Total

Albay

Davao
Oriental

Eastern
Samar

209

190

232

Actual number of samples for
accuracy assessment
0
50
0
50
61
77
131
136
206
231
253
343

III. RESULTS
A. Accuracy of the forest cover maps
All measures of accuracies for Davao Oriental were
observed to be better than the other two study areas (TABLE
IX). This indicates that the decision tree classifiers for both
ALOS-1 PALSAR-1 and ALOS-2 PALSAR-2 worked better
for the radar imageries of Davao Oriental than for Eastern
Samar and Albay.
The UAE procedure also calculated unbiased overall
accuracies and producer’s accuracies for all classes. TABLE IX
shows the original measures of accuracies followed by the
unbiased measures of accuracies. The user’s accuracy did not
change after unbiased area estimation.
For Albay, only the 2007 forest cover did not reach an
unbiased overall accuracy of at least 90%. For the same year,
the unbiased producer’s accuracy of the forest class was only
60%, compared to the forest cover in 2010 and 2015 of more
than 95%. As previously mentioned, this could be due to the
observed “diagonal lines” present in the 2007 ALOS PALSAR
25-meter mosaic image of Albay.

Although the unbiased producer’s accuracies of the forest
class for 2010 and 2015 were higher than 95%, the user’s
accuracies were at around 75% only. Low user’s accuracies
mean that the class has been ‘over-mapped’ because a high
error of commission was achieved [48].
For the results of Eastern Samar, it was observed that the
overall accuracies decreased by 2-4% after UAE was applied.
The low unbiased producer’s accuracies of the non-forest class
(50-60%) indicates that the forest class was over-mapped in
compensation of areas that should be non-forest. The 2015
classification for Eastern Samar had the lowest unbiased overall
accuracy at only 82%, compared to the 2015 classification of
Albay at 92% and Davao Oriental at 95%.
Only the forest cover maps of Davao Oriental achieved
producer’s and user’s accuracies for both forest and non-forest
classes of at least 89%. This indicates that the decision tree
classifiers identified for the ALOS-1/2 PALSAR-1/2 images
should be improved for Albay and Eastern Samar.
TABLE X shows the performance of different forest cover
classification methods applied in various studies done in the
Philippines using ALOS PALSAR data [2], [49]–[51]. If only
the 2010 results of Davao Oriental (complete error matrices in
[47]) are compared to the 2010 results of Southern Leyte
(mosaic data) and Palawan, it clearly shows that the
methodology applied in this work may slightly improve the
results of the forest cover classification using ALOS PALSAR.
The last two columns of TABLE X illustrate how level 1.1
FBD and PLR ALOS PALSAR data can perform if more
classes are desired to be identified [40].
B. Forest cover map results
The computed forest areas (the second column of TABLE
XI) were based on the forest and non-forest cover maps. The
third column of TABLE XI shows the ‘Unbiased Forest Areas’
with a 95% CI in percent, which were computed using the UAE
method.
The general observation in both Albay and Eastern Samar,
after UAE was applied, was that the decision tree classification
overestimated forest areas. This is clearly illustrated in the last
column of TABLE XI, where the difference of the computed
forest area compared to the unbiased forest area is larger than
10%. For Davao Oriental, the forest area before and after UAE
is less than 5%.
With the implementation of UAE, forest area estimates
improved in the case of Albay, which initially had a very low
forest cover in 2007 of 8,600 ha then doubled in 2010 and
decreased slightly in 2015. The unbiased estimates gave
measurements that were more realistic, starting with around
11,200 ha in 2007, a slight increase to 12,200 ha in 2010 and
then a slight decrease to 11,600 ha in 2015.

2007
2010
2015
2007
2010
2015
2007
2010
2015

Study Area & Year

Albay
Eastern
Samar
Davao
Oriental

Forest Class
Producer’s Accuracy (%)
Original
Unbiased
Difference
[C]
[D]
[D-C]
70.66
60.74
-9.92
98.20
97.88
-0.32
96.41
95.42
-0.99
96.65
98.83
2.18
98.02
99.34
1.32
98.94
99.62
0.68
96.75
96.57
-0.18
98.95
98.90
-0.05
96.08
95.77
-0.31
User’s
Accuracy
(%)
78.67
74.21
77.03
85.76
84.41
79.43
93.88
89.93
94.82

TABLE IX
MEASURES OF ACCURACIES OF STUDY AREAS FOR EACH YEAR
Classification Map
Overall Accuracy (%)
Original
Unbiased
Difference
[A]
[B]
[B-A]
86.37
87.43
1.06
89.98
91.09
1.11
90.97
92.29
1.32
89.97
87.80
-2.17
89.74
86.83
-2.91
86.35
82.71
-3.64
95.04
95.17
0.13
93.83
93.93
0.10
95.19
95.35
0.16

89.97
96.65
82.95
89.74
98.02
81.07

Eastern
Southern
Samar
Leyte
ALOS PALSAR 25-meter Mosaic Data
Neural Network
83.96
91.83
87.17
72.71
89.45
90.98
89.32
88.04

User’s
Accuracy
(%)
89.28
99.22
98.50
95.95
97.51
98.50
96.52
98.79
95.88

70.0
61.0
62.7
85.3
82.6
40.0
86.1

FBD a
Wishart

86.0
84.3
79.1
95.8
82.5
76.8
98.9

PLR b
SVM

Southern Leyte

Non-forest Class
Producer’s Accuracy (%)
Original
Unbiased
Difference
[E]
[F]
[F-E]
92.31
95.20
2.89
86.88
88.86
1.98
88.91
91.33
2.42
82.95
62.73
-20.22
81.07
58.64
-22.43
73.19
49.90
-23.29
93.27
93.80
0.53
88.53
88.98
0.45
94.26
94.95
0.69

Palawan

Support Vector Machine (SVM)
90.70
87.28
99.54
96.77
67.07
76.79
89.33
91.60
94.95
96.83
74.39
85.71

Sibuyan

TABLE X
ACCURACY MEASURES OF FOREST COVER CLASSIFICATIONS FROM VARIOUS STUDIES IN THE PHILIPPINES
Davao
Province
Albay
Oriental
Dataset used
Classification method
Decision Tree
2007 Overall Accuracy (%)
95.04
PA c Forest
96.75
Non-forest
93.27
Coconut palm
2010 Overall Accuracy (%)
86.37
93.83
PA c Forest
98.20
98.95
Non-forest
86.88
88.53
Coconut palm
Built-up
Agriculture
Grassland
Water
a
ALOS
PALSAR Level 1.1 Fine Beam Dual Mode (HH & HV)
ALOS PALSAR Level 1.1 Polarimetric mode (HH, HV, VH, VV)
Producer’s Accuracy
b
c

TABLE XI
RESULTS FOR MUNICIPALITIES OF THE THREE STUDY SITES
Study Area
Year
Albay
2007
2010
2015
Eastern Samar
2007
2010
2015
Davao Oriental
2007
2010
2015

Computed
Forest Area
(ha) [A]

Unbiased Forest
Area (ha) [B] ±
95% CI

Difference (%)
[(A-B)/B]

8,608
16,076
14,326

11,149 ± 12%
12,188 ± 8%
11,565 ± 8%

23
32
24

63,696
64,898
65,869

55,271 ± 2%
55,149 ± 2%
52,522 ± 2%

15
18
25

64,243
69,020
62,587

64,808 ± 1%
66,516 ± 1%
64,840 ± 2%

0.87
4
3

The initial estimates for Eastern Samar was increasing forest
cover from 63,700 ha to 65,900 ha but through UAE, a
consistent decrease in forest cover was observed instead. The
estimates started from 55,300 to 52,500 ha with a 2%
uncertainty for each estimate.
For Davao Oriental, the unbiased forest area estimates
started from 64,800 ha in 2007, an increase of 1,700 ha in 2010,
then a decrease of around 1,700 ha again in 2015.
C. Accuracy of the change map of Davao Oriental
TABLE XII shows the measures of accuracies of the forest
cover change analysis for Davao Oriental. Both the original and
unbiased accuracy measures are shown, and it is clear that the
deforestation class needs to be improved. This is also seen in the
uncertainties computed for the estimate of deforestation, which
is 11.28%, as compared to the forest cover maps, which had less
than 10% uncertainties (except for the analysis of the Albay
image of 2007)
TABLE XII
MEASURES OF ACCURACY OF THE FOREST COVER CHANGE
ANALYSIS OF DAVAO ORIENTAL
Stable
Deforesta
forest
tion
OAa [A]
88.49
Original (%)
PA b [B]
88.49
91.50
63.76
UA c
96.54
92.15
44.65
OAa [C]
91.12
Unbiased (%)
PA b [D]
94.23
91.93
55.33
UA c
96.54
92.15
44.65
OA a [A-C]
-2.63
Difference (%)
PA b [B-D]
5.74
0.43
-8.43
a Overall accuracy, b Producer’s accuracy, c User’s accuracy
Measures of Accuracies

Nonforest

Like the forest cover mapping efforts in the Philippines,
there are also works focusing on forest cover change detection
using ALOS PALSAR data between years 2007 and 2010 [2],
[3], [49], [50]. Most of these existing works applied postclassification change detection but were not able to apply

accuracy assessment due to limitation of available historical
datasets that could show actual changes from forest to nonforest from years 2007 to 2010. Methods how to assess the
accuracy of these post-classified change detection maps are
mentioned in MGD version 2 [5].
D. Forest cover change map results
Decision tree classification was used to apply a direct
classification on change for all three sites. The computed
deforestation is the gross deforestation (TABLE XIII) because
in the analysis, reforestation, afforestation or any conversion of
non-forest areas to forest areas were not considered. TABLE
XIII also shows that only Davao Oriental has an unbiased gross
deforestation estimate based on the UAE procedure, because
only Davao Oriental had accuracy assessment samples for the
deforestation class. Forest cover change maps for the three sites
are shown in Figures 13-15.
TABLE XIII
GROSS DEFORESTATION ANALYSIS RESULTS BASED ON
DIRECT CLASSIFICATION
Gross Deforestation (ha)

Study Area
(2010–2015)
Albay
Eastern Samar
Davao Oriental

Original
[A]
3,350
5,650
7,994

Unbiased Estimate
[B] ± 95% CI
6,451 ± 769 (12%)

Difference
(ha)
[A-B]
1,543

(%)
[(A-B)/B]
24

MGD version 1 says that change cannot be directly
estimated for post-classification change analysis. Instead the
extent of the cover of interest can be estimated for each date and
the change is the difference between the estimates of the two
dates as was done to achieve the figures in TABLE XIV [4].
This procedure requires further accuracy assessment analysis
[5], which was not done in this study because direct change
analysis was the focus of this work. The results of TABLE XIV
will need to undergo a separate accuracy assessment to consider
errors of the post-classification change analysis.
TABLE XIV
NET DEFORESTATION RESULTS BASED ON UNBIASED AREA
ESTIMATES OF THE FOREST COVER MAPS
Study Area
(2010–2015)
Albay
Eastern Samar
Davao Oriental

Net Deforestation
(ha)
1,750
-971
6,433

Adjusted Net Deforestation
(ha) ± Uncertainty (%)
623 ± 16%
2,626 ± 5%
1,677 ± 3%

The net deforestation, based on the forest cover maps, is
listed in column 2 of TABLE XIV and the adjusted estimates
after UAE was applied to the forest cover maps are shown in
column 3. The uncertainties in the table were the sum of the
uncertainties of the estimates of each year and may vary if the
techniques presented in McRoberts [52] are applied. These
estimates are net deforestation considering both changes from
forest to non-forest and vice versa.

Figure 13. Forest Cover Change from 2010 to 2015 of the REDD+ Replication Site in Albay

Figure 14. Forest Cover Change from 2010 to 2015 of the REDD+ Replication Site in Eastern Samar

Figure 15. Forest Cover Change from 2010 to 2015 of the REDD+ Replication Site in Davao Oriental

IV. CONCLUSION AND RECOMMENDATION
The assessment that the thresholds of the decision tree
classification to generate forest cover maps were most effective
in classifying the radar images of Davao Oriental but requires
improvement for Eastern Samar and Albay, was further
supported by a supplementary analysis done by the author [53].
In the supplementary report, high-resolution optical data
(WorldView-2) for a small portion of Eastern Samar (41.87
km2) and Albay (40.13 km2) were visually interpreted and
compared with the forest cover maps generated in this study.
The visually interpreted maps affirm that the forest cover maps
for Eastern Samar and Albay were over-mapped. For the area
that was visually interpreted, it was observed that the radarbased forest cover maps had 15-32% more forest areas than it
should. Although, this limitation of the classifier is compensated
by the additional procedure of unbiased area estimation, which
then gives estimates of forest areas with uncertainties at 95% CI
of below 10%.

that is also available using RSGISLib. These new classifiers
have been found to achieve comparable results to national level
forest cover maps [54] and has also been tested in the first part
of this report [55]. Either way, L-Band SAR has given countries
with limited resources a chance to map their forests at a
complete country level coverage. Using PALSAR-1 and
PALSAR-2 to achieve forest cover and change information, two
prerequisites under the Cancun Agreements may be achieved –
FREL/FRL and the NFMS, which in turn contributes to the
achievement of the K&C objectives.

REFERENCES
[1]
[2]
[3]

The difference between the standard area calculations for
forest areas and the unbiased area estimation ranged from less
than a percent to 32% of the unbiased forest area estimate.
Again, this shows that the thresholds could not simply be
applied for all three sites and that additional work would be
needed to make the classification appropriate for the other two
sites that had greater difference in the area estimates of forest.
In terms of the accuracy measures, the difference between
the unbiased and the standard accuracy assessment
measurements reached up to 23% for the non-forest class, 2%
for the forest (excluding 2007 Albay) and 3.64% for the overall
accuracy. This again supports the observation in the previous
paragraphs, that in some cases, the decision tree classification
may not yield accurate results for all study sites.

[4]

[5]

For the three REDD+ sites, from 2010-2015, the total gross
deforestation accounted for by the analysis was 15,451 ha. The
net deforestation was calculated at 4,926 ha using the unbiased
area estimates of the forest cover maps for 2010 and 2015.
For the change classification, the results show that the
thresholds should also be further improved. Access to higher
resolution data may be helpful in identifying more samples of
where Deforestation have occurred that are matching the
acquisition dates of the radar images used. Again, through the
UAE, a corrected estimate of deforestation with uncertainties
was achieved for Davao Oriental.
Since the dataset used in this methodology is freely
available for the entire Philippines and the image processing
employed in this work has been successfully migrated to open
source software only (RSGISLib, SNAP Google Earth and
QGIS), a country level analysis is achievable. As obtaining
better thresholds for the decision trees that would work for the
national estimate might be difficult to achieve, another option
would be to try the Random Forest and Extra Trees Classifier

[6]

[7]
[8]

[9]

D. G. f. I. Z. GIZ, “REDD,” [Online]. Available:
https://www.giz.de/en/worldwide/18273.html.
M. T. Estomata, “Technical Report - Remote Sensing
Processing,” GIZ, Manila, 2014.
M. T. Estomata, “Forest Cover classification and
change detection analysis using ALOS PALSAR
mosaic data to support the establishment of a pilot
MRV system for REDD-plus on Leyte Island,”
Deutsche
Gesellschaft
für
Internationale
Zusammenarbeit (GIZ) GmbH, Quezon City,
Philippines, K&C Final Report - Phase 3, 2014.
Available:
https://www.eorc.jaxa.jp/ALOS/en/kyoto/phase_3/KCPhase-3-report_NDX-140008.pdf
G. F. O. I. GFOI, “Integrating remote-sensing and
ground-based observations for estimation of emissions
and removals of greenhouse gases in forests: Methods
and Guidance from the Global Forest Observations
Initiative”. Geneva: Group on Earth Observations.,
2013.
G. F. O. I. GFOI, “Integration of remote-sensing and
ground-based observations for estimation of emissions
and removals of greenhouse gases in forests: Methods
and Guidance from the Global Forest Observations
Initiative,” Food and Agriculture Organization, Rome,
2016.
G. O. o. F. a. L. C. D. GOFC-GOLD, “A sourcebook of
methods and procedures for monitoring and reporting
anthropogenic greenhouse gas emissions and removals
associated with deforestation, gains and losses of
carbon stocks in forests remaining forests, and
forestation. v.COP22-1,” GOFC-GOLD Land Cover
Project Office, Wageningen University, The
Netherlands, 2016.
D. G. f. I. Z. GIZ, “National REDD-plus,” [Online].
Available:
https://www.giz.de/en/worldwide/18259.html.
P. Bunting, D. Clewley, R. M. Lucas and S.
Gillingham, “The Remote Sensing and GIS Software
Library (RSGISLib),” Elsevier Computers &
Geosciences 62, pp. 216-226, 2014.
J. A. E. A. E. O. R. C. JAXA-EORC, “Global
PALSAR-2/PALSAR/JERS-1 Mosaic and Forest/Non-

[10]

[11]

[12]

[13]

[14]
[15]

[16]
[17]

[18]

[19]

[20]

Forest
map,”
[Online].
Available:
http://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.
htm.
P. Olofsson, G. M. Foody, M. Herold, S. V. Stehman,
C. E. Woodcock and M. A. Wulder, “Good practices
for estimating area and assessing accuracy of land
change,” ELSEVIER: Remote Sensing of Environment
148, pp. 42-57, 2014.
P. Olofsson, G. M. Foody, S. V. Stehman and C. E.
Woodcock, “Making better use of accuracy data in land
change studies: Estimating accuracy and area and
quantifying uncertainty using stratified estimation,”
ELSEVIER: Remote Sensing of Environment 129, pp.
122-131, 2013.
D. o. E. a. N. R. F. M. B. DENR-FMB, “REDD+
Philippines,”
2016.
[Online].
Available:
http://forestry.denr.gov.ph/redd-plus-philippines/whatis-redd-plus.php.
D. o. E. a. N. R. F. M. B. DENR-FMB, “Update of the
Philippine National REDD-plus Strategy,” Deutsche
Gesellschaft für Internationale Zusammenarbeit (GIZ)
GmbH,
Manila,
2017.
Available:
http://forestry.denr.gov.ph/redd-plusphilippines/publications/pnrps.pdf
U. N. F. C. o. C. C. UNFCCC, “REDD+ Fact Sheets,”
2018. [Online]. Available: http://redd.unfccc.int/factsheets.html.
UNFCCC, “Report of the Conference of the Parties on
its thirteenth session, held in Bali from 3 to 15
December 2007 – FCCC/CP/2007/6/Add.1, 14 March
2008; Decision 1/CP.13[BAP], paragraph 1(b)(iii),”
Bali, 2008.
J. Seifert-Granzin, “The National Forest Monitoring
System of the Philippines (Concept),” GIZ, Manila,
2015.
J. Seifert-Granzin, “Design of REDD+ interventions in
Project sites and further development of baseline and
MRV system for REDD+ in the Philippines,” DfS,
Manila, 2014.
DENR-FMB, “REDD+ Philippines Project Sites,”
2016.
[Online].
Available:
http://forestry.denr.gov.ph/redd-plusphilippines/project-sites.php. [Accessed 2018].
R. Lennertz, “Methodology and Results of the 20152016 Forest Resources Assessment in the Selected
Project Sites in Davao Oriental,” GIZ, Quezon City,
2016. Available: http://forestry.denr.gov.ph/redd-plusphilippines/publications/Davao_Oriental_FRA_Results
%20(web).pdf
R. Lennertz, "Methodology and Results of the 20142015 Forest Resources Assessment in the Selected
Project Sites in Eastern Samar," GIZ, Quezon City,
2016. Available: http://forestry.denr.gov.ph/redd-plusphilippines/publications/Eastern_Samar_FRA_Results
%20(web).pdf

[21]
[22]

[23]

[24]
[25]

[26]

[27]
[28]
[29]

[30]

[31]

[32]
[33]

[34]

D. R. N. Santos and N. M. B. Rocas, “REDD+ in the
Philippines,” DENR-FMB and NAMRIA, Manila,
2014.
R. Lennertz, J. Schade and V. Barrios, “Forest
Resources Assessment and Tools to Provide
Information for Forest Ecosystem Management,” GIZ,
Quezon
City,
2017.
Available:
http://forestry.denr.gov.ph/redd-plusphilippines/publications/FRA_and_Tools.pdf
J. S. Ralph Lennertz, “2015 Forest Resources
Assessment: Methodology and results in the project
sites of Aklan, Antique, Capiz and Iloilo adjacent to the
Panay Mountain Range,” GIZ, Quezon City, 2017.
Available:
http://forestry.denr.gov.ph/redd-plusphilippines/publications/2015_Forest_Resources_Asses
sment.pdf
S. Quegan and J. J. Yu, “Filtering of multichannel SAR
images”. IEEE Transactions on Geoscience and
Remote Sensing, 39,2373–2379, 2001.
S. Quegan, J. J. Yu and T. L. Le Toan, “Iterative multichannel filtering of SAR images”. IGARSS 2000 IEEE 2000 Geoscience and Remote Sensing
Symposium. Honolulu, Haweii., pp. 657–659, (2000)
E. Trouvé, Y. Chambenoit, N. Classeau and P. Bolon,
“Statistical and operational performance assessment of
multitemporal
SAR
image
filtering”.
IEEE
Transactions on, Geoscience and Remote Sensing, 41,
2519–2530, 2003.
A. Rosenqvist, “Interpretation Guide for ALOS
PALSAR / ALOS-2 PALSAR-2 global 25 m mosaic
data Version 1.1,” GFOI and CEOS, 2016.
J. A. E. A. E. O. R. C. JAXA-EORC, “ALOS/PALSAR
25m Mosaic Product Format Description,” JAXAEORC, 2012.
R. Almeida-Filho, Y. E. Shimabukuro, A. Rosenqvist
and G. A. Sánchez, “Using dual-polarized ALOS
PALSAR data for detecting new fronts of deforestation
in the Brazilian Amazônia,” International Journal of
Remote Sensing, 30: 14, pp. 3735-3743, 2010.
G. Li, D. Lu, E. Moran and L. Dutra, “A comparative
analysis of ALOS PALSAR L-band and RADARSAT2 C-band data for land-cover classification in a tropical
moist region,” ELSEVIER ISPRS Journal of
Photogrammetry and Remote Sensing, pp. 26-38, 2012.
I. P. o. C. C. IPCC, Good Practice Guidance for Land
Use, Land-Use Change and Forestry, Kanagawa:
Institute for Global Environmental Strategies (IGES),
2003.
R. Santos, “REDD+ in the Philippines - Presentation
for the 1st GFOI,” Chiang Mai, 2014.
D. o. E. a. N. Resources, “DENR Memorandum
Circular 2005-05 Adopting Forestry Definition
Concerning Forest Cover/Land Use,” DENR, Quezon,
2005.
J. A. Richards and X. Jia, Remote Sensing Digital
Image Analysis - An Introduction 4th Edition,
Springer, 2006.

[35]
[36]
[37]
[38]

[39]
[40]
[41]
[42]

[43]

[44]

[45]

[46]

[47]

W. G. Cochran, Sampling techniques (3rd ed.), New
York: John Wiley & Sons, 1977.
R. B. Smith, Introduction to Interpreting Digital
RADAR Images, MicroImages, Inc., 2012.
S. S. Saatchi and E. Rignot, “Classification of Boreal
Forest Cover Types Using SAR Images,” ELSEVIER:
Remote Sensing Environment 60, pp. 270-281, 1997.
J. De Alban, Evaluation of multi-year ALOS/PALSAR
data for mapping and monitoring of forest cover types
in the Philippines (Unpublished master's thesis),
Quezon: University of the Philippines, Diliman, 2017.
B. Ripley, tree: Classification and Regression Trees.
2015.
R Core Team, R: A Language and Environment for
Statistical Computing. Vienna, Austria: R Foundation
for Statistical Computing, 2015.
L. Breiman, J. Friedman, C. J. Stone, and R. A. Olshen,
Classification and Regression Trees. Taylor & Francis,
1984.
A. K. V. Monzon, S. R. C. Reyes, M. T. Parinas, R. K.
A. Veridiano, R. D. Tumaneng, D. M. G. dela Torre, P.
Sanchez, N. M. B. Rocas, and J. D. T. De Alban,
“Combined use of L-band SAR and optical data for
multi-temporal mapping of mangroves in the
Philippines”, Deutsche Gesellschaft für Internationale
Zusammenarbeit (GIZ) GmbH, Quezon City,
Philippines, K&C Final Report - Phase 4, 2019.
J. Reiche, C. M. Souzax, D. H. Hoekman, J. Verbesselt,
H. Persaud, and M. Herold. “Feature Level Fusion of
Multi-Temporal ALOS PALSAR and Landsat Data for
Mapping and Monitoring of Tropical Deforestation and
Forest Degradation”. IEEE Journal of Selected Topics
in Applied Earth Observations and Remote Sensing, 6,
2159-2173. 2013
J. Michaelsen, D. S. Schimel, M. A. Friedl, F. W.
Davis, and R. C. Dubayah, “Regression tree analysis of
satellite and terrain data to guide vegetation sampling
and surveys,” Journal of Vegetation Science, Vol. 5,
No. 5, Applications of Remote Sensing and Geographic
Information Systems in Vegetation Science, pp. 673686, Nov. 1994.
M. A. Friedl and C. E. Brodley, “Decision tree
classification of land cover from remotely sensed data,”
Remote Sensing of Environment, vol. 61, no. 3, pp.
399–409, Sep. 1997.
M. Simard, S. S. Saatchi and G. De Grandi, "The use of
decision tree and multiscale texture for classification of
JERS-1 SAR data over tropical forest," in IEEE
Transactions on Geoscience and Remote Sensing, vol.
38,
no.
5,
pp.
2310-2321,
2000.
doi:
10.1109/36.868888
M. T. Estomata, “Forest Cover and Change
Classification Using ALOS PALSAR Mosaic Data and
Decision Tree Classifiers,” Deutsche Gesellschaft für
Internationale Zusammenarbeit (GIZ) GmbH, Quezon
City,
Philippines,
2018.
Available:
http://forestry.denr.gov.ph/redd-plus-

[48]
[49]

[50]

[51]

[52]

[53]

[54]

[55]

philippines/publications/2018-1005_Forest_Cover_and_Change_Class_Using_ALOSPALSAR.pdf
D. G. Rossiter, “Technical Note: Statistical methods for
accuracy assessment of classified thematic maps,”
University of Twente (ITC), Enschede, 2014.
R. Tumaneng, A. K. Monzon, J. R. Pales and J. D. de
Alban, “Potential use of synthetic aperture radar in
detecting forest degradation in protected areas of the
Philippines: a case study of Sibuyan island,” in XIV
World Forestry Congress, Durban, 2015.
J. D. De Alban, A. K. Monzon, R. K. Veridiano, R.
Tumaneng, J. R. Pales and E. L. Rico, “Forest change
and biomass mapping using ALOS/PALSAR data in
Palawan Island in support of developing a national
forest monitoring and REDD+ MRV system,” in XIV
World Forestry Congress, Durban, 2015.
A. K. Monzon, J. D. De Alban and K. Veridiano,
“Comparative forest cover mapping using quad and
dual-polarization ALOS/PALSAR images in Southern
Leyte in support of REDD+ MRV development,” in
XIV World Forestry Congress, Durban, 2015.
R. E. McRoberts, “Post-classification approaches to
estimating change in forest area using remotely sensed
auxiliary data,” ELSEVIER: Remote Sensing of
Environment 151, pp. 149-156, 2014.
M. T. Estomata, “Comparison of visually interpreted
high-resolution optical images and radar-based forest
cover maps of Albay and Eastern Samar,” Deutsche
Gesellschaft für Internationale Zusammenarbeit (GIZ)
GmbH, Quezon City, Philippines, 2018. Available:
http://forestry.denr.gov.ph/redd-plusphilippines/publications/Comparison_Optical_Images_
and_Radarbased_Forest_Maps_Albay_and_EasternSamar.pdf
J. Devaney, B. Barrett, F. Barrett, J. Redmond, J.
O`Halloran, “Forest Cover Estimation in Ireland Using
Radar Remote Sensing: A Comparative Analysis of
Forest Cover Assessment Methodologies.” PLoS ONE
10(8): e0133583. doi:10.1371/journal.pone.0133583,
2015
J. D. T. De Alban, S. R. C. Reyes, A. K. V. Monzon,
M. T. Parinas, R. D. Tumaneng, R. N. M. Lorca, D. M.
G. dela Torre, C. J. Jasmin, and R. K. A., Veridiano,
“Integrating L-Band SAR and Landsat Data for
Mapping Land Cover Change in Protected Areas in the
Philippines”, Deutsche Gesellschaft für Internationale
Zusammenarbeit (GIZ) GmbH, Quezon City,
Philippines, K&C Final Report - Phase 4, 2019.
WWW REFERENCES

WWW1.https://www.esa.int/Our_Activities/Observing_the_Earth/Co
pernicus/Sentinel-1/Introducing_Sentinel-1
WWW2.https://earthexplorer.usgs.gov/
WWW3.http://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm
WWW4.http://step.esa.int/main/toolboxes/snap/

ACKNOWLEDGEMENTS
This work has been undertaken in conjunction with the
Department of Environment and Natural Resources – Forest
Management Bureau (DENR-FMB) under the National
REDD+ System Philippines Project, funded by BMUB under
its International Climate Initiative through the Deutsche
Gesellschaft für Internationale Zusammenarbeit (GIZ). ALOS
PALSAR data provided by JAXA-EORC and work undertaken
within the framework of the JAXA Kyoto & Carbon Initiative.
The author would like to thank Engr. Don De Alban of the
National University of Singapore (NUS), Engr. Angelica
Kristina Monzon of the Center for Conservation Innovations
PH, Inc. (CCI), Ing. Ubo Pakes of the University of the
Philippines Visayas / GIZ Centre for International Migration
and Development (CIM) Integrated Expert, Frances Mara
Mendoza and Dr. Klaus Schmitt of GIZ-Philippines for their
valuable input and feedback to this report. The author also
expresses her sincere appreciation to the JAXA K&C science
team meeting attendees for their advice on radar processing
techniques, most especially to Dr. Thuy Le Toan of the Centre
d'Etudes Spatiales de la BIOsphère (CESBIO) and Dr. Ake
Rosenqvist of solo Earth Observation (soloEO). In addition,
genuine gratitude is being extended to Engr. Ayin Tamondong
and Engr. Anjillyn Mae Cruz-Perez of the University of the
Philippines Diliman for their valuable insights as remote
sensing experts throughout the development of this research.
Mari Trix L. Estomata received her degrees in
BS Geodetic Engineering and MS Remote
Sensing from the University of the Philippines in
2009 and 2012, respectively. She has been
working for Deutsche Gesellschaft für
Internationale Zusammenarbeit (GIZ) GmbH
Philippines since 2012 as the National Advisor
on Remote Sensing of the National REDD+
System
Philippines
project,
developing
methodologies and automation procedures for
forest cover and change mapping. Currently, she
is the Geomatics Expert for GIZ-Ph’s Forest and
Climate Protection in Panay Phase II project. She
has also been the leader of the GIS/RS Working Group of GIZ-Ph’s Green
Sector Forum (GSF), whose goal was to achieve enhanced effective internal
coordination on RS/GIS inputs, related capacity building and provision of
RS/GIS services within GIZ. Prior to her work with GIZ, she has been active in
marine conservation and environmental awareness activities since 2004
through her university organization UP Marine Biological Society.

Improving Forest and Carbon Monitoring in the Pacific Island Region
Hirdeshni Gautam
Secretariat of the Pacific Community, SPC (Fiji)

K&C Final Report – Phase 4
Improving Forest and Carbon Monitoring in the
Pacific Island Region
Hirdeshni Gautam
GEMD, Secretariat of the Pacific Community (SPC), Fiji
hirdeshnig@spc.int

Abstract—the purpose of the project was to investigate the
possibility of SAR data to map forest degradation in the Pacific
Island countries by first investigating this mapping in Fiji.
The first step was to train a staff in SAR Image processing, who
would then serve as the SAR Image processing specialist for SPC.
All the work was carried out using Open Source software due to
financial constraints. This lead to interesting learning process, as
the software used, ESA SNAP, cannot handle all levels of SAR
data from all sensors.
Results of this study into usage of SAR imagery and the
difficulties faced in the learning process are presented.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, Pacific.

I.

INTRODUCTION

A. Establishment of the Pacific Radar image processing
facility.
The first step of this project was the establishment of a
dedicated SAR image processing facility at SPC.
This included the creation of a position for person to do
SAR Image processing, then training the person in the
required field.
B. The Project
To investigate whether logging tracks are visible using
SAR data.
To investigate other areas in which SAR imagery could
provide useful information, such as cloud patching and
detection of intertidal zones underneath the mangrove canopy.
C. Objectives and relevance to the K&C drivers
The objective of the project was to study the potential of
SAR image analysis to complement forest and carbon
monitoring, currently being carried out using optical imagery.

D. Work approach
The Initial phase of the project was learning about SAR
Imagery. This was done using self-study, using the internet and
textbooks.
In order to learn SAR image processing, an online course
was undertaken. The online course was Echoes In Space:
Introduction to Radar Remote Sensing, and it was available in
October 2017.
The course taught the use of ESA SNAP Toolbox for the
processing of SAR Imagery, and therefore this software was
utilised for all processing for this project.
Another course, GMAT9606 Microwave Remote Sensing
was undertaken in September 2018, at University of New
South Wales, Australia.
At the 24th Annual K&C Science meeting, the software
RSGISLib was suggested for this project. An attempt was
made to learn this software for data processing, however the
learning curve was too steep.
This required first obtaining competency in Linux
command line, Python Programming and then finally
RSGISLib. All of this was quite a lot to learn via self-study,
especially, no guidance or mentoring was available.
Given these circumstances, progress in the Establishment of
the Pacific Radar Image Processing Facility has been slow.
In order to identify logging tracks from SAR data, some
ground data was collected. A few small logging tracks were
mapped using a GPS device.
When this track is overlain on SAR imagery from Sentinel
1a and 1B, there was no visible structure difference in the
image that could be clearly identified as logging tracks. No
tracks could be identified in ALOS PALSAR data also. This
was data which had been processed at SPC prior to this project.
For comparison, a composite product obtained from
TerraSAR-X was used to detect logging tracks. The GPS
mapped logging tracks could not be overlaid on TerraSAR-X
data as the tracks are from a different location, and a different
year. However, features which are small tracks are clearly
visble in this image. As this image ios of an isolated forest
region, it can be inferred that logging tracks can be identified
on this image.

E. Satellite data
SAR imagery is freely available from the Copernicus Open
Access Hub. The data downloaded was from Sentinel 1A and
1B at a resolution of 10m x 10m. No request was made for data
over this region, therefore whatever data was available was
used.
SPC has one image available from TerraSAR-X. This is a
1m x 1m resolution Image of Drawa, Vanua Levu, Fiji,
recorded 7 years ago. In this image structures which could be
private or logging roads can clearly be seen, branching off
from main roads, or more important roads.
L Band SAR Imagery is available to SPC via an agreement
with K&C. For this project, Imagery already processed was
used by SPC.

Other uses of L Band SAR, such as detection of the
mangrove intertidal flats, could not be completed within the
time frame of this project.
With better resolution, L Band SAR would be able to detect
small features like logging tracks.
III. MISCELLANEOUS

F. Ground data
The Ground truth data provided is the raster layer
for forest cover for the islands Viti Levu and Vanua Levu, for
the year 2016.
The
layer
is
part
of
a
wall
to
wall forest change detection for Fiji REDD+. It is a raster layer
as it is part of an overlay analysis.
The data is derived from visual interpretation of Landsat 8
data recorded in 2016. The interpretation is at 1:50,000 scale
level and accuracy.
This is Landsat 8 data 30 m resolution re-sampled to 25 x
25 m.
Updated layers are now available.

II. RESULTS AND SUMMARY
It was difficult to process ALOS-2 and L-band SAR using
open source software ESA SNAP as there were problems using
the terrain correction tool. The data used was dual polarised,
L1.5 and some forums suggest that L1.1 data can be processed
using ESA SNAP, however, this was not verified.
Therefore, ALOS PALSAR data was utilised, which had
been processed previously. Logging tracks could not be
detected on ALOS PALSAR data, at 25m resolution.
Processing in RSGISLib was attempted, but could not be
completed in time for this project.

Figure 1: Drawa, Vanua Levu. Imagery from TerraSARX, showing clearly defined features where logging tracks
are expected.
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Abstract—In this study we present results of above-ground
biomass (AGB) estimation for Sweden based on ALOS PALSAR
backscatter data. The retrieval was performed within the
framework of the BIOMASAR algorithm, and the validation was
based on the Swedish National Forest Inventory (NFI) plots. The
main focus, however, is about the modelling framework on the
retrieval of AGB by integrating PALSAR backscatter, ICESAT
GLAS metrics and allometric functions to improve the estimation
of AGB. To evaluate the AGB retrieval, the average stem volume
for each Swedish county from the NFI plots and the corresponding
pixels covered by the inventory plots was computed. The result
show a high agreement in terms of an RMSE of 8.2%, a bias of
-1.9 m3/ha and a R2 value of 0.82. The results indicate that stem
volume derived from ALOS PALSAR data can be used to support
statistics for Sweden and spatially explicit give information on
stem volume distribution across the country, albeit local
fluctuations due to the still simplified modelling framework here
implemented. The AGB and AGB change maps produced using
the improved modelling framework for the epochs 2010 and 2015
covering Sweden were the main deliverables from this study.
Index Terms—ALOS PALSAR, ALOS-2 PALSAR-2, K&C
Initiative, boreal forest, forest theme, biomass, Sweden, Swedish
NFI.

I.

INTRODUCTION

Sweden covers approximately 450,000 km2, almost 60%
consisting of forests. More than 95% of the forests are
intensively managed, thus representing a major source of
income besides being a substantial carbon sink. Forest
resources in Sweden have been quantified since 1923 with on
ground surveys at inventory plots. The forest field inventory
allows for a broad assessment of forest resources; to capture the
spatial distribution of these resource, the use of remote sensing
has been fostered in Sweden already in the early days. In
particular, optical spaceborne remote sensing was
acknowledged to achieve detailed and complete coverage of the
whole country in a reasonable amount of time and at reasonable
costs compared to on ground surveys. More recently, elevation
information from laser waveforms and SAR interferometric
phase at X-band has been used together with Swedish National
Forest Inventory (NFI) data to generate two country-wide

datasets of biomass estimates. In order to achieve full coverage,
several years of acquisitions and detailed planning of the
acquisitions were necessary, which translates in high costs of
operation. Because of its relatively weak sensitivity to biomass
and, until recently, sparse availability, the SAR backscatter
from spaceborne missions has not been used as widely.
Nonetheless, there is an increasing attention paid by space
agencies to achieve full and repeated coverage with spaceborne
SAR missions and there is evidence that the estimation of
biomass based on SAR backscatter appears reasonable when
based on multi-temporal observations. In this paper, we
integrate ALOS PALSAR SAR backscatter, ICESAT GLAS
metrics and allometric functions to improve biomass
estimation.
II.

BIOMASS RETRIEVAL USING THE WATER CLOUD MODEL

The Water Cloud Model (WCM) with gaps, [1, 2], in
Equation (1) expresses the total forest backscatter as the sum of
direct scattering from the ground through gaps in the canopy,
ground scattering attenuated by the canopy and direct scattering
from the vegetation. In this case, multiple scattering
components (e.g., trunk-ground, ground-trunk and multiple
reflections) are neglected. Previous studies indicated that this is
a reasonable assumption for short wavelength radar data [3, 4].
0
0
0
0 (1 − 𝑇𝑇
𝜎𝜎𝑓𝑓𝑓𝑓𝑓𝑓
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(1)

In Equation (1), η represents the area-fill or tree cover factor,
i.e., the fraction of the area covered by vegetation. The
coefficients σ0gr and σ0veg represent the backscattering
coefficients of the ground and vegetation layer, respectively.
Ttree represents the two-way tree transmissivity. This can be
expressed as:
𝑇𝑇𝑡𝑡𝑓𝑓𝑡𝑡𝑡𝑡 = 𝑒𝑒 −𝛼𝛼ℎ

(2)

where α represents the two-way attenuation per meter through
the tree canopy and h is the depth of the attenuating layer. The
terms in Equation (1) can be grouped differently in order to
highlight the contribution from the forest floor and the
contribution from the vegetation

0
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or likewise
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𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓 + 𝜎𝜎𝑣𝑣𝑡𝑡𝑔𝑔
�1 − 𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓 �
𝜎𝜎𝑓𝑓𝑓𝑓𝑓𝑓

(4)

where
𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓 = 1 − η(1 − 𝑒𝑒 −αℎ )

(5)

expresses the two-way forest transmissivity, combining gap
fraction and two-way tree transmissivity. Equation (5)
expresses the forest transmissivity as a function of two forest
structural parameters, height and canopy cover, as well as a
parameter related to the capability of microwaves to penetrate
through the vegetation, α. For the purpose of estimating a forest
variable from an observation of the SAR backscatter, Equation
(1) is not useful since the area-fill factor is not a parameter of
interest to foresters. For retrieval purposes, the backscatter
should be expressed as a function of a forest attribute related to
biomass, i.e., above-ground biomass (AGB, unit: Mg/ha) or
stem volume/growing stock volume (V/GSV, unit: m3/ha). To
make the WCM invertible and allow for the retrieval of
biomass, the forest transmissivity in Equation (5) needs to be
expressed in terms of biomass only. Given a forest, the
waveform representing the reflection of the signal sent by a
laser instrument allows for an estimation of the two structural
variables and therefore for establishing functional dependencies
between the two variables. In addition, the dependency of the
forest transmissivity on height can be replaced by a dependency
on biomass (e.g., stem volume) by using allometric functions.
In other words, assuming that the area-fill can be explained by
height and, Equation (9) can be written in a general form as:
𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓 = f(η, h, α) = f(η(h(B)), h(B), α)

(6)

In previous studies, we used the following expression for the
WCM proposed by [5], relating the SAR backscatter to stem
volume
0
0 −𝛽𝛽𝛽𝛽
0
= 𝜎𝜎𝑔𝑔𝑓𝑓
𝑒𝑒
+ 𝜎𝜎𝑣𝑣𝑡𝑡𝑔𝑔
�1 − 𝑒𝑒 −𝛽𝛽𝛽𝛽 �
𝜎𝜎𝑓𝑓𝑓𝑓𝑓𝑓

(7)

In Equation (7), β is an empirically defined coefficient
expressed in ha/m3. Equation (7) was derived from a
formulation of the WCM assuming the forest to be an
homogeneous volume, with attenuation parameterized in terms
of number of scattering elements, thickness of the volume (i.e.,
vegetation height), attenuation per meter and look direction. In
addition, a linear relationship between height and stem volume
was assumed. The WCM with gaps proposed by [2] in Equation
(3) and the WCM expressing the total backscatter as a function
of stem volume as in Equation (7) become equivalent when
𝑒𝑒 −𝛽𝛽𝛽𝛽 = 1 − 𝜂𝜂(1 − 𝑒𝑒 −𝛼𝛼ℎ )

(8)

In previous studies [2, 6, 7], we demonstrated that the functional
dependency of height upon volume is non-linear. The
equivalence of the forest transmissivity definitions postulated
in Equation (8) does not seem to hold true in the range of stem
volume where the dependency between height and volume is
non-linear (i.e., low and medium biomass ranges). In other
words, the relationship between forest transmissivity and stem
volume needs to be reformulated to avoid propagating a
systematic error due to the assumption that height and stem
volume are linearly correlated. The same reasoning applies if
the biomass variable of interest in above-ground biomass since
AGB can be expressed as function of stem volume by means of
the biomass expansion and conversion factor (BCEF) as shown
in Equation (9). For a given forest, the BCEF is defined as the
product of a volume-to-biomass coefficient (wood density, ρ)
and a stem-to-total biomass expansion factor, which is a nonlinear function of stem volume [8]. The coefficient of the
expansion term, p1 and p2, depend on the branching system of
the trees.
𝐴𝐴𝐴𝐴𝐴𝐴 = BCEF ∙ V = ρ ∙ (p1 V p2 ) ∙ V

(9)

Relating Equations. (9) and (4), we have that the total forest
backscatter (observable, σ0for) is expressed in terms of i) the
backscatter coefficients of the ground and the vegetation,
respectively (σ0gr and σ0veg), which are unknown a priori, ii) two
forest attributes (area-fill, i.e., canopy density, and height, i.e.,
biomass), and iii) a set of coefficients modelling the two-way
forest transmissivity, which are related to scattering properties
of the medium (the two-way tree transmissivity, α) and the
allometric relationship of biomass and height (a and b, in the
case of Equation (10)). In this study, we revise the properties of
the WCM by looking at the following aspects: 1.
Characterization of the allometry linking the biomass variable
of interest (B, either AGB or V) and height, ℎ = 𝑓𝑓(𝐴𝐴), 2.
Characterization of the relationship between area-fill (canopy
density) and height to then reduce the number of forest
variables in the WCM to the biomass only using the allometry
developed in step 1, 𝜂𝜂 = f(h) = g(f(B)), and 3. Simulation of
forest backscatter with Equation (4) and benchmarking with
observations of SAR backscatter and stem volume to estimate
the two-way tree attenuation, α, 𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓 = f(α, B). We will outline
the modelling and model inversion procedure for Swedish
forests, assuming the biomass variable of interest to be stem
volume.
Height-to-volume relationship. For Sweden, the
relationship between tree height and stem volume has been
analyzed at local scale in previous studies [6, 9]; it was
concluded that an exponential function such as in Equation (10)
could explain the tree height, h, as a function of V.
ℎ = (𝑎𝑎𝑎𝑎)𝑏𝑏

(10)

In this study, we have tested the robustness of this relationship
with data from the NFI. Figure 1 shows the observations of tree
height and stem volume for NFI plots surveyed between 2009
and 2011. The red line represents the regression to the data.

Figure 1. Observations of tree height and stem volume at inventory plots of the
Swedish NFI surveyed between 2009 and 2011. The red curve represents the
regression obtained with Equation (10). The estimates of the parameters in
Equation (10) are: a = 8.7105, b = 0.3827. The standard deviation of the
parameters are 0.9140 and 0.0054, respectively (95% confidence interval).

The curve in Figure 1 represents the trend between height and
stem volume. However, the large spread of the measurements
indicated that the model shown in Figure 1 is a highly
generalized curve. In fact, it can be considered to represent an
average relationship between height and stem volume for the
entire country, including both sparse boreal forest and dense
hemiboreal forest from the North and the South of the country.
The relationship between height and stem volume depends
indeed on stocking density (see e.g., [7]), which in turn depends
on climatic and geographic patterns (macro-scale conditions) as
well as forest management practices (micro-scale condition).
Forests characterized by higher stocking levels are
characterized by higher stem volume for a given height. Even
by restricting to a smaller area with similar forest cover
properties, e.g., sparse boreal forest, a spatially detailed
parameterization of the height-to-volume function is impossible
due to the forest management practices. To illustrate the spatial
variability of the height-to-volume relationship, we subdivided
Sweden into 30 × 30 km2 large tiles and estimated the
parameters of Equation (10) for each tile; Figure 2 illustrates
the regression curves; the generalized curve shown in Figure 1
is also illustrated. The height predicted by one of the “local”
models can differ as much as 3 m compared to the height
predicted by the generalized model.
Canopy density-to-volume relationship. To reduce the
number of forest variable in the WCM, we investigated whether
the relationship between area-fill factor and vegetation height
can be described by a function and to which extent this
relationship is valid across Swedish forest landscapes. In this
study, we assumed that canopy density and height RH100
estimated from ICESAT GLAS waveforms represent area-fill
factor and vegetation height measured on the ground.
Unfortunately, we did not have in situ data to confirm the
validity of such assumptions as ICESAT GLAS footprints did
not cover the same area sampled by the Swedish NFI for their
measurements. To account for reflectance issues in the GLAS

Figure 2. In red, regression curves for observations of height and stem volume
in 30 × 30 km2 large tiles. The black curve represent the regression result to all
NFI plots, shown in Figure 1.

data, it was suggested that a more correct estimate of the canopy
density (CD) is obtained by rescaling the value estimated from
the GLAS waveform as follows:
𝐶𝐶𝐶𝐶 =

𝐶𝐶𝐶𝐶𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
𝐶𝐶𝐶𝐶𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 +0.5(1−𝐶𝐶𝐶𝐶𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 )

(11)

By visualizing the observations of canopy density as a function
of vegetation height over Sweden, the functional relationship as
in Equation (12) appeared to be reasonable.
𝐶𝐶𝐶𝐶 = 1 − 𝑒𝑒 −𝑞𝑞ℎ

(12)

Figure 3 shows observations of canopy density and height, and
the corresponding modelled canopy density, CD, as a function
of height, h, using Equation (12).

Figure 3. Observations of ICESAT GLAS canopy density and tree height
RH100 for Sweden arranged in the form of vertical bars representing the
interquartile range of canopy density for a given tree height range. The solid
curve represents the least squares regression of Equation (12) to the
observations. The curve has been extended to the cover the range [0, 40] m of
potential heights in Sweden. The coefficient q was estimated equal to 0.0611.

The spatial variability of the relationship was then tested by
fitting the model in Equation (12) to small areas, corresponding
to a specific region in Sweden. Given the forest structures
change according to a latitudinal gradient but also when moving
along a given longitude, it was assumed that a single value such
as obtained in Figure 3 was too general to describe precisely the
relationship between CD and height throughout Sweden. For
this reason, Sweden was divided into 30 × 30 km2 large tiles
and the coefficient q was estimates for each tile from the
measurements of canopy density and RH100 within the tile.
The estimates are shown in Figure 4 (left panel). The noisiness
was due mostly to a inhomogeneous spatial distribution of
footprints; for some tiles, the regression did not converge to a
solution given the very small number of footprints within the
tile. Figure 5 shows the estimates of the coefficient q plotted
against the number of footprints within the corresponding tile.
The dispersion of the estimates decreased for increasing
number of footprints. To avoid propagating an innatural spatial
distribution of the q coefficient in the retrieval, estimates
corresponding to a small number of footprints were excluded
and interpolated (interp_nan tool in Matlab). A median filter
was then used to smoothen the values obtained after
interpolation (Figure 4, right panel). As a trade-off between
removing estimation noise from the original set of q coefficients
and avoiding interpolation artefacts in correspondence of large
gaps, the threshold on the number of footprints used to reject an
estimate of the q coefficient was set to 60. The map of the q
coefficient shows spatial variability of the relationship between
canopy density and vegetation height. The areas appearing in
green correspond to regions with somewhat sparser forest
cover. On the other hand, forests in south Sweden were
characterized by more rapid increase of canopy density for
increasing height. Interestingly, the largest q coefficients were
found in correspondence of the border to Norway; even higher
values were found for Norwegian forests. It is unclear at this
stage what the reason for this behavior is.
Estimation of tree attenuation. Having set the functional
dependencies between height and biomass on one hand, and
canopy density and height on the other hand, the WCM
becomes invertible once the coefficients σ0gr and σ0veg have
been estimated (image specific) and the two-way tree

Figure 5. Number of ICESAT GLAS footprints within each tile and
corresponding estimate of the coefficient q in Equation (12).

attenuation coefficient has been set. According to the definition
of the two backscatter coefficients, they represent the
backscatter from an unvegetated surface and of a completely
opaque vegetation, respectively. Hence, σ0gr can be assumed to
be represented by the central moment of the backscatter
histogram for pixels that can be labelled as low canopy density
in a raster dataset of canopy density (e.g., MODIS Vegetation
Continuous Fields). Similarly, σ0veg can be assumed to be
derived from the central moment of the backscatter histogram
for pixels that can be labelled as dense forest, σ0df, and
compensating for the residual ground contribution, σ0grTdf. To
obtain the estimate of σ0veg, the WCM in Equation (4) is
inverted so to express the backscatter coefficient in terms of
observations (σ0gr and σ0df) and an estimate of the two-way
forest transmissivity of dense forests (Tdf).
0
𝜎𝜎𝑣𝑣𝑡𝑡𝑔𝑔
=

0
0 𝑇𝑇
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−𝜎𝜎𝑔𝑔𝑔𝑔
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In Equation (13), Tdf is obtained by defining a value for the
canopy cover of dense forest, ηdf, and a height for dense forests,
hdf. Our definition of a dense forest is “canopy cover greater
than 0.85 times the maximum canopy cover”.
𝑇𝑇𝑑𝑑𝑓𝑓 = 1 − 𝜂𝜂𝑑𝑑𝑓𝑓 �1 − 𝑒𝑒 −𝛼𝛼ℎ𝑑𝑑𝑑𝑑 �

Figure 4. Estimates of the q coefficient in Equation (12) over Sweden. The left
panel shows the results from the regression to ICESAT GLAS observations of
canopy density and height. The right panel shows the result of post-processing
after removal of noisy estimates, interpolation and median filtering.

(13)

(14)

Attenuation depends on the structural and dielectric properties
of the tree. In literature, we find a relatively small number of
studies targeting the quantification of tree attenuation; results
tend to indicate that at L-band α = 0.5 dB/m whereas at C-band
α = 2 dB/m. In this study, we simulate the WCM, i.e., the forest
transmissivity and the σ0veg coefficient, for different α values
and compare the predictions with backscatter observations. The
sum of the residuals between modelled and measured forest
backscatter is then used to indicate which α value is most suited
to reproduce the observed backscatter as a function of canopy
density and height. At first, we attempted to compare at
ICESAT footprint. Because the relationship between the SAR
backscatter and a forest variable, such as biomass, can present

spatial variability depending on environmental factors, it is
necessary to proceed with the estimation of a model parameter
on a “local” basis. Assuming that a tile of 30 × 30 km2 is
unaffected by the spatial variability of the backscatter, Figure 6
shows that the number of ICESAT footprints within most tiles
covering Sweden is rather small. The weak sensitivity of shortwavelength backscatter to forest variables implies that the
estimation of any model parameter based on a small number of
samples is quite uncertain. Indeed when attempting to estimate
α, the solution was mostly unrealistic and the uncertainty
associated with the estimate was large.

for each α value and image in a given tile. Because of the weak
sensitivity of L-band backscatter to stem volume, we decided to
average the mean residuals for each α across all images
available within tiles at a certain latitude. The analysis was
undertaken separately for HH- and HV-polarization. Figures 7
and 8 show example of the average residual as function of α for
66°N and 58°N, respectively. The smallest residual, i.e., the
model fit that on average was closest to the observations of
ALOS PALSAR backscatter and SGD stem volume, was
obtained for slightly higher α values in southern Sweden
compared to northern Sweden. The estimate for α was
somewhat smaller at HV-polarization compared to HHpolarization. From our analysis, we identified a constantly
increasing level of α from Lappland in the north (0.2 dB/m and
0.1 dB/m for HH- and HV-polarization, respectively) to the
Baltic Sea regions of South Sweden (1 dB/m and 0.8 dB/m for
HH- and HV-polarization, respectively). The value of 0.5 dB/m
reported in literature was obtained at HH-polarization for
forests in central Sweden, at about 60°N.

Figure 6. Histogram of the number of ICESAT GLAS footprints within 30 × 30
km2 tiles covering Sweden.

For this reason, we decided to use as reference a raster dataset
of forest stem volume produced by the Swedish University of
Agricultural Sciences and the Swedish Forest Agency from a
nation-wide coverage of airborne laser scanning (ALS) data
collected by the Swedish National Land Survey (Lantmäteriet).
The dataset will be referred to as Skogliga grunddata (SGD).
The WCM in Equation (3), rewritten to express all terms as
function of stem volume (Equation (15)) is then parameterized
as a function of varying α and predictions of the total forest
backscatter are evaluated with respect to the observations of
stem volume and corresponding backscatter values.
0
0
0
= 𝜎𝜎𝑔𝑔𝑓𝑓
�e−qh + e−αh − e−(q+α)h � + 𝜎𝜎𝑣𝑣𝑡𝑡𝑔𝑔
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(15)
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(16)

where height terms are written as a function of stem volume as
in Equation (10).
The WCM was simulated for α varying between 0.1 dB/m and
2 dB/m in steps of 0.1 dB/m for each SAR image available for
each tile. The mean of the squared residuals was then computed

Figure 7. Average residual as a function of α at 66°N for HH- and HVpolarization based on ALOS PALSAR multi-temporal observations of the SAR
backscatter acquired under unfrozen conditions.

Figure 8. Average residual as a function of α at 58°N for HH- and HVpolarization based on ALOS PALSAR multi-temporal observations of the SAR
backscatter acquired under unfrozen conditions.

Although Figures 7 and 8 show a clear minimum in the average
residual as a function of α, the range of the average residuals is
rather small, implying that the sensitivity of a retrieval of
biomass upon α is small. Simulations of the WCM with α = 0.5
dB/m were compared with simulations of the WCM for the
extreme cases of α (0.1 dB/m and 1 dB/m), resulting in at most
0.3 dB difference, which corresponded to a difference of
estimated stem volume of at most 20 m3/ha. The largest
difference occurred for forests of medium-high biomass where
the WCM tends to flatten as biomass increases. Although the
experimental results tend to indicate that α is spatially variable,
the spatial patterns of α derived here are uncertain because the
estimates of α were obtained on the basis of remote sensing
estimates of stem volume which furthermore had weak
sensitivity to the L-band SAR backscatter. Taking into account
the marginal effect of the value of α on the modelled

backscatter and on the retrieval as long as it is below 1 dB/m, it
is reasonable to assume that the 0.5 dB/m level is in principle
acceptable for retrieval purposes. Our investigation, however,
identifies a topic that needs to be addressed more thoroughly by
collecting measurements of signal attenuation in forests along
latitudinal, i.e., structural, gradients.
Validation of two-way transmissivity. Once the parameters
of the two-way forest transmissivity as in Equation (4) have
been defined, it is possible to evaluate the fit to observations.
Here, the definition of the two-way forest transmissivity in
Equation (4) is benchmarked with simulations obtained from
the canopy density and height estimates from the GLAS data
over Sweden. In addition, we compared with the forest
transmissivity defined as simple exponential of stem volume
(first term in Equation (8)). Figure 9 shows the two definitions
of the forest transmissivity model; for the model based on the
simple exponential, β = 0.004 ha/m3 has been used, i.e., a value
found to be valid for Swedish boreal forest [10]. The simple
exponential is not able to reproduce the trend of the
observations; the modelled forest transmissivity has a larger
gradient compared to the simulations, which causes
overestimation for low stem volumes and underestimation for
high stem volumes. The forest transmissivity modelled as a
function of canopy density and height, instead, follows the trend
of the observations. With respect to previous knowledge when
it was assumed that the forest transmissivity decreases almost
monotonically for increasing stem volume, we now understand
that the forest transmissivity has a rapid decay for increasing
stem volume in young regrowing forest but then the rate of
decay decreases for mature forest where, contrarily to what
previously assumed, the transmissivity still remains high.

Figure 9. Two-way forest transmissivity modelled with the two terms in
Equation (8) (dashed curve: simple exponential; solid curve: function of canopy
density and height) compared to simulations obtained with Equation (5) using
observations of canopy density and height from ICESAT GLAS waveform data
over Sweden. The simulations are grouped in terms of stem volume, in 10 m3/ha
wide classes, and represented by the vertical bars that show the interquartile
range per stem volume class. Stem volume classes containing less than 1% of
all ICESAT GLAS observations over Sweden are not displayed. The modelled
two-way forest transmissivity is extended to 800 m3/ha to display the trends
when approaching the highest values measured in situ in Sweden (see Figure
1).

To assess the goodness of the prediction by the WCM in
Equations (17) and (12), we use observations of the SAR
backscatter at L-band acquired by ALOS PALSAR at HH- and

HV-polarization and corresponding estimates of stem volume
from the SGD dataset. The predicted SAR backscatter is
compared with the predictions based on the assumption that the
forest transmissivity can be modelled as a simple exponential
function of stem volume. The assessment was undertaken on a
tile-by-tile basis, i.e., 30 × 30 km2 areas, to allow for a
characterization of the relationship between SAR backscatter
and stem volume within a restricted area where one may assume
that the SAR backscatter remains unaffected by spatially
variables environmental conditions and forest structures. We
are aware that systematic estimation errors embedded in the
SGD dataset might influence the conclusion of such an
investigation. However, the SGD dataset was considered to be
more reliable that the NFI dataset because the number of
samples of the NFI in an area as large as a tile was insufficient
to capture the dependence of the SAR backscatter on stem
volume. To verify that the definition of forest transmissivity in
Equation (5) is also able to reproduce the trend of backscatter
observations as a function of biomass, in Figures 10 and 11 we
illustrate two examples of L-band backscatter observations and
stem volume observations and the corresponding modelled
backscatter for a tile in northern Sweden and a tile in southern
Sweden, respectively. The observations of SAR backscatter are
illustrated in the form of median values per 10 m3/ha large stem
volume classes and corresponding vertical bars that represent
the interquartile range in each class. It should be noted that the
estimates of the model parameters for the curves in Figures 10
and 11 have been obtained thorough the self-calibration
approach described previously, thus being totally independent
from the stem volume observations. Figures 10 and 11 show
that the backscatter modelled in terms of canopy density and
height is closer to the mean trend in the observations both at
HH- and HV-polarization. The WCM based on a forest
transmissivity modelled as a simple exponential, instead, does
not reproduce the trend in particular for low stem volumes. The
consequence of using a WCM as defined in Equation (7), i.e.,
with a simple exponential expressing the forest transmissivity,
is a considerable overestimation of stem volume, in particular
in the low stem volume range, i.e., below 100 m3/ha. Figure 11
also shows that even the WCM expressed as a function of
canopy density and height is not perfectly reproducing the trend
in the observations. The HH-polarized backscatter is slightly
overestimated, however less than 1 dB, in the low stem volume
range. This behavior has been noticed at different locations and
is explained as a consequence the generalized models used for
representing the allometry relating canopy density with height
and height with stem volume. The backscatter is furthermore
slightly underestimated at both polarization in dense forests.
We interpret this result as a consequence self-calibrating
approach which sets the model parameter σ0veg based on an
average value of the backscatter for “dense forests”, these being
identified by means of the MODIS Vegetation Continuous
Fields dataset of 2010 and a canopy density above 85% of the
largest value identified in the tile of interest. Any error in the
MODIS VCF dataset (e.g., outdated information) or wrong
assumptions on the threshold to select dense forests affects the
estimate of σ0veg.

modelled backscatter from Equation (3) was smallest. For a
given tile, the stem volume could vary between 0 and a
maximum value defined as the stem volume of dense forests
(see above) plus a 50 m3/ha offset, similarly to what presented
in [11]. Finally, the individual estimates of stem volume
corresponding to the backscatter observations were combined
in a weighted averaging approach:

Figure 10. Modelled backscatter using the WCM in Equation (3) and in
Equation (7) (solid and dashed curves, respectively) for an ALOS PALSAR
image acquired over a 30 × 30 km2 tile in northern Sweden on 2010-06-28. The
backscatter observations have been grouped in 10 m3/ha wide stem volume
classes and illustrated in the form of average values (crosses) and 5th to 95th
percentile (vertical bars).

Figure 11. Modelled backscatter using the WCM in Equation (3) and in
Equation (7) (solid and dashed curves, respectively) for an ALOS PALSAR
image acquired over a 30 × 30 km2 tile in southern Sweden on 2010-08-09. The
backscatter observations have been grouped in 10 m3/ha wide stem volume
classes and illustrated in the form of average values (crosses) and 5th to 95th
percentile (vertical bars).

III. STEM VOLUME RETRIEVAL OF SWEDEN
The WCM in Equation (3) parameterized as discussed in this
report has been applied to estimate stem volume for Sweden
using an ALOS PALSAR multi-temporal stack of images
acquired in dual-polarization during 2010. The coverage of
Sweden was almost complete (99% of the land surface). The
gap was filled with a multi-temporal dataset acquired in 2008
since in 2009 the area was covered by only one FBD dataset.
The ALOS PALSAR imagery was provided by JAXA in the
framework of the Kyoto and Carbon Initiative. The images
consisted of multi-looked intensity data with a 25 m pixel size.
After terrain geocoding and normalization of the SAR
backscatter for local incidence angle and pixel area, the data
were tiled into the 30 × 30 km2 grid. For each image and tile,
the estimates of the model parameters σ0gr and σ0veg were
obtained as described previously. In case the estimates could
not be obtained because of too few “ground” and/or “dense
forest” pixels in the area of the tile covered by the SAR image,
they were obtained at a later stage by interpolating over valid
values obtained from neighbouring tiles with the interp_nan
tool. The tree attenuation α was set equal to 0.5 dB/m. One
single height-to-volume allometry was used. The values of the
q coefficient in Equation (12) relating height to canopy density
were those illustrated in Figure 4. Stem volume was estimated
for each backscatter observation by identifying the stem volume
for which the difference between observed backscatter and
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(17)

with wi = (σ0veg,i - σ0gr,i) being defined as the difference between
the backscatter coefficients of the WCM for the specific image,
i. To validate the stem volume estimates, we have used the NFI
stem volume measurements collected between 2009 and 2011.
An evaluation of the accuracy of the estimates at the highest
possible resolution would mean that pixel-based values are
compared against plot-based values. Inventory plots and pixels,
however, do not match in size and their biomass values are
obtained from two different survey points of view (side-ways
and sensing the canopy vs. vertically and measuring the trunk).
Furthermore, a plot may cover an area included in several
adjacent pixels. Finally, the coordinates of both the inventory
plots and the pixels have an uncertainty. Hence, a plot-to-pixel
comparison has little explanatory power to allow for a correct
assessment of the biomass estimates; assessing at the level of
aggregates is a more appropriate procedure. Still, a plot-to-pixel
comparison was attempted to understand to which extent plotlevel information on stem volume can help to understand the
properties of the retrieved stem volumes. For this, the pixels
under an inventory plot were identified and an area-weighted
average of the corresponding stem volume estimates was
computed. The procedure was repeated N times, each time
shifting the location of the plot and the stem volume map using
uncertainty information published for the inventory plots and
computed for the SAR imagery. The N weighted averages for a
given inventory plot were finally averaged to obtain the stem
volume estimate used to compare against the corresponding
stem volume from the inventory plot. Figure 13a shows the
plot-to-pixel comparison for Sweden. The slight tendency to
overestimation in the low stem volume range and the
underestimation for stem volumes above 200 m3/ha is
confirmed by a different way of illustrating the observations
(Figure 13b) where the stem volume estimates are grouped in
terms of stem volume classes and represented with average and
inter-quartile range. The apparently smaller biomass range
obtained with the ALOS PALSAR data compared to the NFI
measurements is a classical phenomena observed in validation
studies of remote sensing estimates of a forest variable (e.g.,
[12]. To confirm that averaging values from plots within a
certain area and averaging the corresponding estimates from
remote sensing leads to an improved correlation between in situ
and retrieved values, we plot tile-based averages in Figure 14.
Taking into account that the number of inventory plots was not
uniform across the whole country, we use different symbols in
Figure 14 for tiles containing a very small number of inventory
plots (dots), an intermediate number of inventory plots (crosses)

(a)

Figure 14. Scatter plot between NFI stem volume averages and corresponding
averages from the estimates based on the ALOS PALSAR dataset at tile level.

(b)
Figure 13. Scatter plot of stem volumes from the NFI and corresponding
estimates from the ALOS PALSAR dataset. Panel (a) shows a one-to-one
comparison, whereas panel (b) shows a comparison in terms average and
interquartile range of estimates for 10 m3/ha wide stem volume intervals.

and among the largest number of plots within a tile (circles).
The worst agreement between inventory and retrieved stem
volumes occurred for tiles that contain a very small or small
number of plots. The retrieval statistics in Figure 14 illustrate
unbiased estimates and a relative RMSE of 21.5%. It is here
remarked that each symbol in Figure 14 represents the mean
value over N inventory plots and the corresponding N pixels
covered by the area of the each plot. Hence, the scatter plot in
Figure 14 represents a validation at sub-hectare to hectare scale.
The importance of evaluating the retrieval at aggregated level
is further illustrated in Figure 15. The relative RMSE, the
coefficient of determination R2 and the estimation bias decrease
when excluding from the evaluation tiles containing a number
of inventory plots below an increasing threshold. Even for the
largest threshold of 20 plots within a tile, the retrieval statistics
were based on approximately 200 tiles. Finally, we compute the
average stem volume for each Swedish county from the NFI
plots and the corresponding pixels covered by the inventory
plots. Figure 16 shows remarkable agreement between the two
datasets, indicating that the ALOS PALSAR dataset of stem
volume is a candidate to support stem volume statistics for the
country and gives spatially explicit information on stem volume
distribution across the country, albeit local fluctuations due to
the still simplified modelling framework here implemented.

Figure 15. Retrieval statistics at tile level as a function of a minimum number
of plots within a tile.

Figure 16. Comparison of stem volume averages at county scale from the NFI
dataset and corresponding estimates from the ALOS PALSAR dataset.

The AGB and AGB change maps produced using the improved
modelling framework for the epochs 2010 and 2015 covering
Sweden were the main deliverables from this study (Figures 17,
18 and 19).

Figure 17. Stem volume maps (in m3/ha) of Sweden obtained from multi-temporal dataset of ALOS PALSAR (left) and ALOS-2 PALSAR-2 (right) observations
for the epochs of 2010 and 2015, respectively.

Figure 18. Standard error of stem volume (in %) maps of Sweden obtained from multi-temporal dataset of ALOS PALSAR (left) and ALOS-2 PALSAR-2 (right)
observations for the epochs of 2010 and 2015, respectively.

Figure 19. A stem volume difference map (in %) of Sweden obtained from multi-temporal dataset of ALOS PALSAR and ALOS-2 PALSAR-2 observations for the
epochs of 2010 and 2015, respectively (right). Comparison of stem volume estimated from ALOS-2 PALSAR-2 (2015) and ALOS PALSAR (2010).

IV. DISCUSSION
Our analysis suggests that the retrieval of biomass should be
parameterized as much as possible in terms of the original
scattering terms in the WCM, namely vegetation height,
attenuation and canopy density. Yet, the functional dependency
between canopy density, vegetation height and a biomass
attribute (stem volume, above-ground biomass) needs to be
characterized in order to allow for the usage of the WCM in a
retrieval scheme. From ICESAT GLAS observations, we
identified intriguing trends relating canopy density and a metric
of vegetation height, closely related to the total vegetation
height. Although not shown here, canopy density and the
RH100 metric were found to be strongly correlated in other
forest biomes and the dependency of canopy density upon
RH100 could be explained with the same function as in
Equation (12). The relationship between height and biomass is
more complicated. In the case of Sweden, such functional
dependency could be explored thanks to the availability of
extensive measurements from the Swedish National Forest
Inventory. More in general, for boreal and coniferous temperate
forest, a power-law function of the type in Equation (10) is able
to explain much of the relationship between vegetation height
and stem volume [6, 7, 9]. Stem volume can be replaced with
AGB by expressing relating to the BCEF given knowledge of
the tree species. For other forests, the allometry, no matter if

generalized or local, usually explains the above-ground
biomass as a function of height, diameter at breast height (dbh),
number of trees per unit area and wood density [13] or only as
a function of basal area, i.e. a product of dbh and number of
trees per unit area, and wood density. Characterization of
biomass with height-related proxies of basal area are
investigated when using LiDAR data; studies have suggested
that a simple linear function exists between height, as well as
canopy diameter, and above-ground biomass [14]. Future
studies shall investigate whether such functions can be used in
the framework here presented so to provide a forest biomass
retrieval approach that performs across forest types and can be
considered as candidate of forest biomass retrieval in a global
retrieval approach.
With ALOS PALSAR/ALOS-2 PALSAR-2 L-band backscatter (FBD), we could estimate for the first time from remote
sensing the magnitude of the carbon sink in Sweden. Here, we
estimated a 2.4% net increase between 2010 and 2015 (see
Figure 19). The corresponding figure in terms of carbon was
found to be 6 MgC per year. The estimates of biomass at pixel
level bear significant uncertainty (~50%). However, aggregated
values could be used by carbon and climate models and for
national statistics, supposedly unbiased and having a negligible
uncertainty. The key to these results is the multi-temporal
observations (unfrozen conditions). A single observation, as
from a mosaic, would not guarantee unbiased estimates.
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Abstract – Building on the results of phase 3, important
progress was made in phase 4 on methodological development,
validation efforts and development of demonstration products,
with a focus on Borneo [1, 7, 20-26]. Land cover mapping was
improved by combining PALSAR with other satellite data such
as Landsat-8 and Sentinel-1. This combination allows, for
example, very accurate classification of tree plantations types,
which is not possible with L-band only. The improved slope
correction methodology, using a multi-model approach, was
applied to a mosaic of entire Borneo. Corrections are especially
important for low to medium level biomass areas on slopes (up
to 1 dB for VH-polarization) and relate to biomass level
corrections of ±40%. Airborne LiDAR experiments were
conducted for 60 test sites across Kalimantan in the framework
of a NASA CMS project. Relations between forest height, HVand RFDI-backscatter were studied showing that results are
strongly
forest
type
dependent.
In
phase
3
deforestation/degradation monitoring with PALSAR was
studied, while in phase 4 the added value of Sentinel-1 and
TerraSAR-X was studied. It was shown these systems are all
very useful but are also complementary (this will be elaborated
further in the post-K&C phase). Flood frequency mapping (for
entire Borneo) was studied resulting in PALSAR-1 and
PALSAR-2 era flood frequency maps for Borneo. The L-band
is of special interest for peat swamp restoration monitoring
because of its unique sensitivity for sub-canopy hydrology and
drought (from canal drainage). First steps were made to
integrate several sensors for development of a “Tropical Peat
Watch” (to be further elaborated in the post-K&C phase).
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, forest
mapping, forest monitoring, forest degradation, biomass, flood
frequency, radar slope correction

I.

INTRODUCTION

A. Background and general research objectives /
Objectives and relevance to the K&C drivers
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/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. L-band radar can make relevant contributions
to biomass stratification. However, slopes modulate the
radar backscatter in a complex way depending on slope
steepness, slope aspect, land cover type and polarization.
When not taken into account properly this may lead to large
local error.
The project aims to continue the development of
techniques to improve time-consistency (and avoid error
propagation) and the use of ScanSAR data to support
classification in dynamic and irregularly inundated areas
(for more details see also K&C phase 2 and 3 final reports).
New elements are the continuation of the PALSAR-1 FB

series with new PALSAR-2 FB observations, and the
integration with C-band Sentinel-1 data. The latter will
significantly enhance thematic content and possibilities for
biomass stratification. The second main objective is the
wide-area application of the multi-model slope correction
model (developed during Phase 3 and validated for a site in
Brazil) to the entire area of Borneo using the 30m SRTM
DEM of Indonesia available at LAPAN. The third main
objective (done in collaboration with Bill Salas) is the
integration of PALSAR data, aerial LiDAR data (collected
through a NASA CMS project for some 60 sites in
Kalimantan) and field data to support the development of
carbon accounting methodology for the Indonesian REDD
agency [1]. Other objectives include improvement of forest
baseline mapping and decadal change mapping (using
PALSAR-1 and JERS-1) and study of forest degradation (in
combination with TerraSAR-X data of sites in Brazil and
Sumatra).
Phase 4 was extended by one year. The extension period
was used to prepare for monitoring in support of tropical
peatland restoration. Peat swamp forests are among the
world’s most threatened and least known ecosystems. In
Southeast Asia large areas of peat swamp forest have been
deforested (for timber), converted for agricultural projects
(even though the soil is too acid), or are converted into
plantations (such as oil palm, Borneo rubber), even though
peat systems are fragile and sensitive to hydrological
disturbance. Drainage through canalisation has frequently
severely disrupted water table level dynamics, causing the
peat layers to dry out and trees to collapse over large areas.
Besides resulting in CO2 emissions due to oxidisation this
process makes them particularly vulnerable to fire,
especially during ‘El-Niño’ years. Emissions from the fires
in Indonesia during 1997-1998 for example, have been
estimated at 0.8-2.5 gigatonnes (Gt) of carbon.
Water management is essential in addressing these
disturbances [2]. However, the relationship between spatial
and temporal dynamics of peat swamp forest hydrology,
carbon content and forest health would need further study.
Such understanding would not only support the
conservation of peat swamp forest, but also the
rehabilitation of degraded tropical peatlands, which may
significantly reduce carbon emission and fire risk.
The Indonesian government is committed to improve
peatland management and has established the peatland
restoration agency (BRG) to coordinate its efforts. This
commitment includes the rehabilitation of 3 million ha of
degraded peatlands, blocking 10,000 km of canals and
construction of 10,000 dams in the next few years. To
implement its mandate, BRG is critically dependent upon
up-to-date and accurate data on the location of existing and
new canals, occurrence of flooding, drainage and
occurrence of fires in Indonesian peat. Remote sensing data

is needed to obtain such information in a timely manner
over large areas.
B. Paper overview
Section II provides an overview of the PALSAR-1/2
data made available by JAXA for phase 4 studies and an
overview of field and reference data provided to JAXA.
Section III starts with a brief overview of phase 1, 2 and
3 achievements. In the remaining parts of section III the
progress during phase 4 is discussed on topics including (1)
forest and land cover mapping, (2) monitoring wetland
dynamics, (3) biomass estimation, (4) improving
classification and biomass estimation on steep slopes, (5)
deforestation and degradation monitoring and (6) tropical
peatland monitoring.
Sections IV and V conclude with a summary of phase 4
achievements and an outlook (for the post-K&C phase).
II.

DATA

A. Satellite data
Table 1 provides an overview of PALSAR and
PALSAR-2 data provided by JAXA for this study.
TABLE I
PALSAR/PALSAR-2 DATA ACCESS
Item
Requested/Received
Path data PALSAR-2 Cycle 2-88
ScanSAR Borneo
217 requested, 132 received (61%)
ScanSAR Guiana Shield 248 requested, 206 received (83%)
Fine Beam (both sites)
460 requested, 413 received (90%)
PALSAR/PALSAR-2 ScanSAR mosaics (both sites)
PALSAR-1/2 ScanSAR Completed until PALSAR-2 cycle
111
JERS-1
204 mosaics received
Standard ScanSAR data
PALSAR-1
Papua (27)
PALSAR-2
Papua (21); Sumatra (103); Borneo
(76)

B. Field campaigns and data delivered to JAXA
The following data collection campaigns
conducted/available during Phase 4.

were

Field data collection Mawas, Central Kalimantan
In the summers of 2013 and 2014 field data collection
took place along a transect in the peat swamp forest of
Mawas. About 20 plots of 0.2 ha were established 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. All data have been
delivered to JAXA.
Airborne lidar campaign, Kalimantan
An airborne campaign was conducted in the period of
end 2014 until early 2015. Aerial LiDAR and 14-inch aerial
photography of several test sites spread over the entire area
of Kalimantan, covering all major forest types (pristine and
degraded). Data have been collected within the framework of
a NASA Carbon Monitoring System (CMS) project. Some
restrictions may apply. More info: Bill Salas. Data over the
Mawas area have been delivered to JAXA.
Aerial photo campaign, Suriname
GPS-tagged oblique aerial photography (2010). All data
have been delivered to JAXA.
III.

MAIN RESULTS

A. Main Phase 1 & 2 & 3 achievements
The main achievement of Phase 1 is the production of the
forest and land cover map of Borneo. Borneo was one of the
main prototype areas for demonstrating PALSAR’s widearea mapping methodology in the framework of the GEOFCT. 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 [4, 5].
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 [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 [3]. In
addition some new methodological elements developed
during Phase 3 were used such as multi-temporal speckle
filtering, the application of rules based on models of land
cover change and multi-model slope correction [6, 7].
Results from a new airborne survey 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.
B. Forest and land cover mapping
During phases 1, 2 and 3 the potential for forest and land
cover mapping and consistent monitoring were studied for
PALSAR L-band data only. In phase 4 the possibilities for
further improvement by combining PALSAR L-band with
C-band (and other sensors) was studied. This is illustrated in
Figure 1 a-d (in the Appendix), which shows an area in
East-Kalimantan, Borneo. The L-band distinguishes forest
from oil palm plantation, however oil palm plantation
(depending on age) can be confused with low vegetation
such as shrubs and grass. The C-band (Sentinel-1) well
distinguishes oil palm plantation from other land cover,
however is less sensitive to variation in oil palm age. The
combination provides information to make more accurate
land cover classification and, moreover, can be used to
differentiate more age/biomass classes as well as more
plantation classes.
The latter is illustrated by the result shown in Figure 2.
On the basis of PALSAR-2 (FB mosaic), Sentinel-1 and
Landsat-8 a new baseline map was made for entire Borneo
(and entire Sumatra) at 25 m pixel size. Extensive validation
showed, for example, very high classification accuracies for
plantation types such as acacia (98.1%), eucalyptus
(84.2%), Hevea rubber (99.5%) and oil palm (99.6%). Such
good results cannot be obtained when using L-band only.
Figures 3a and 3b show a comparison (decadal change)
between the land cover map of Borneo for 2009 (PALSAR1) and 2017. The comparison is complicated by the fact that
the 2009 and 2017 legends slightly differ. However, some
features, such as the fast and rapid expansion of oil palm
plantation, are striking. The legend of 2009 was more in
accordance with Indonesian government standards, while
the new 2017 map is based on ecological characterization
and biomass levels in accordance to the FAO LCCS.

C. Flood frequency mapping
Because L-band waves have much deeper canopy
penetration as compared to the shorter C-band waves, Lband has major advantages for wetlands monitoring. While
C-band is useful to monitor the frequency and extent of
open water bodies, L-band, in addition, can monitor
flooding under a fully closed canopy. Open water flooding
is usually detected by a sudden drop in backscatter level
from a high or intermediate backscatter level into a very low
backscatter level, while flooding under the canopy is
detected by a sudden rise (depending on land cover type and
incidence angle; for L-band only) in backscatter level as a
result of increased double bounce between surface (in this
case a flat water surface) and vertical trunks. Discrimination
between flooded and non-flooded states can be made by
land cover and incidence angle dependant thresholding. One
of the major problems with this approach is the distinction
between open water and bare soil, which both have a very
low backscatter level in L-band.
In [12] flood frequency mapping using this general
approach is discussed for the Mahakam watershed in
Borneo. In [11] a similar methodology for flood frequency
mapping of the Amazon using PALSAR-1 is discussed
using thresholds given by [10]. It is noted though that in this
Amazon map a large savannah area (in Colombia) is
classified as open water. This study addresses a way to
avoid such confusion.
The methodology developed within this study differs
from the usual processing approach in several ways and
addresses, among others, the problem of the confusion
between bare soil and open water. The main difference is
the full exploitation of terrain type dependent incidence
angle behavior. PALSAR ScanSAR data have an overlap of
approximately 50% at the equator. This means that every
pixel is observed alternately in near range and far range.
Therefore, using this overlap, instead of limiting to a
smaller incidence angle range without overlap, it has the
advantage of doubling the observation frequency. For the
Borneo PALSAR-1 ScanSAR data set, for example, this
leads to 40-60 observations. However this mixture can
cause confusion because the near range observations can be
very different from the far range observations, even under
equal terrain conditions. In the approach developed here,
this quality is exploited. For example, for bare soil, the
backscatter levels in near and far range are more equal than
is the case for open water. Other differences relate to the
application of noise suppression techniques by applying
advanced techniques for masking non-inundatable areas and
(multi-temporal) segmentation. As a result three maps are
produced. The first map contains the open water frequency;
the second map the frequency of the flooding under the
canopy; and the third map the bare soil frequency. Certain
areas with short forest or shrub lands can experience under
the canopy flooding as well as open water in case the water
level rises further, i.e. the vegetation is submersed. Bare
soils often occur in grasslands with or without sparse or

small shrubs in dry periods because of fire. Such conditions
could be confused with open water occurrence (both have
very low backscatter level) but because of the dual
incidence angle approach a distinction is made.
Borneo flood frequency map results
For land cover class stratification purposes the map
published in [5] was used. Some details of the resulting
Borneo PALSAR-1 flood frequency map are shown in Figs
4 and 5.

Fig. 4. Map of the peatlands and lakes along the
Mahakam River in East-Kalimantan, Indonesia. Note that
Mahakam river water level varies over 8 meters. Cyan
areas (indicated by arrows) show occurrences of flooded
vegetation (i.e. flooding under vegetation) as well as open
water (vegetation fully submerged). Legend: Blue: Open
water frequency (0-100%); Green: Flooded vegetation
frequency (0-100%); Red: Bare soil frequency (0-100%)

Fig. 5. Detail of the South coast of West-Kalimantan
covering an area of grasslands, low-density shrubs as well
as peat swamp areas. Bare soil occurrence (in red) can be
monitored as well. Occurrences of bare soil are associated
with fire incidents during dry seasons in grasslands (alangalang) and low-density shrubs. Bare soil (smooth surface) is
distinguished from open water (smooth surface) because of
the dual inc. angle mapping approach.

Using the new Borneo 2017 baseline map (Fig 2) the
same methodology can be applied to PALSAR-2 ScanSAR
data (2014-2018). Results are shown in Figure 3d and can
be compared with PALSAR-1 era flood frequency shown in
Figure 3c. The PALSAR-2 era results seem to indicate
higher flood frequency in relation to new deforestation for
oil palm development.
Figure 6 illustrates the relevance of flood frequency
mapping for land use planning. Oil palm plantations are
sometimes developed in unsuitable areas with high flooding
occurrence. Sustained flooding destroys the young trees as
could be clearly shown through comparison of the
PALSAR-1 flood frequency maps and the results of the
December 2012 aerial photography campaign [6].
D. Biomass mapping
In the framework of a NASA-CMS project airborne
LiDAR data were collected during campaigns in the period
end 2014 until early 2015, coinciding with the first
PALSAR-2 acquisitions. In total 110,000 ha of LiDAR was
acquired at ±60 test sites in Kalimantan. Half of these sites
covered areas of special interest (such as ground data
availability) and the other half was selected in forest areas at
random. Very high-resolution aerial photography was
collected simultaneously.
Figure 7 shows one of these test sites. For this site a
simple biomass proxy map was made based on the
PALSAR-2 HV backscatter level or the Radar Forest
Degradation Index. The Radar Forest Degradation Index
(RFDI) [8] is a ratio between the power of the HH and HV
polarizations, designed to assess the strength of the doublebounce term. It is defined as: RFDI=(HH−HV)/(HH+HV).
Radar based biomass proxy maps as shown in Figure 8
can be made by establishing the relation between HV or
RFDI backscatter and the LiDAR derived Canopy Height
Model (CHM). The CHM can be converted in above ground
biomass (AGB) using CHM-AGB relationships, for
example as published in literature [9]. For final calibrationvalidation (LiDAR) vegetation height data as well as local
plot-based biomass data are needed. This was one of the key
objectives of our NASA-CMS study [1].
In Figure 9 some first results for the REA test area are
shown. These are very similar to results as published in [9].
It is noted that these results for the REA area relate to
secondary forest and plantations. However, the relationships
can be very different for other areas. For example, for a
(flat) area with kerangas and peat forest, for LiDAR tracks
13 & 243 it was found that peat forests exhibit an
anomalous low RFDI resulting in a large overestimation of
AGB. In another area with pristine Dipterocarp forest at
short steep slopes pristine and various degrees of
degradation, for LiDAR track 3 (a, b2 & c) the relation is
also different. It seems AGB estimates based on radar
compared to LiDAR is too low.

Fig. 7. PALSAR-2 Fine Beam standard image
comprising the REA test site in East-Kalimantan: HH- and
HV-polarisation; 10m resolution;
70km x 70km area;
dates of acquisition: 20140915 and 20150202. LiDAR path
136 (lower yellow area) coincides with REA test site (red
box). REA area is outlined in white. PALSAR data courtesy:
ALOS K&C © JAXA/METI.

Fig. 8. PALSAR-2 Fine Beam biomass proxy map of the
scene shown in Fig 7. This map is based on a specklefiltered, averaged (2 observation dates) and convoluted (1
ha MMU) image. For biomass mapping CHM-AGB
allometry from literature is used. Biomass scale from low to
high: blue – green – yellow – red.

In [1] the final results of the NASA-CMS project, a
wall-to-wall map of the aboveground biomass (AGB) of
intact and degraded forests of Kalimantan at 1 ha grid cells
by combining field inventory plots, airborne lidar samples,
and satellite radar and optical imagery is reported. More
than 110,000 ha of lidar data were acquired to
systematically capture variations of forest structure and
more than 104 field plots to develop lidar-biomass models.
The lidar measurements were converted into biomass using
models developed for 66,439 ha of dryland and 44,250 ha of
wetland forests [1].
(a)

(b)

(c)

(d)
Fig. 9 (a-b-c-d). Results for ssecondary forest and
plantations in LiDAR tracks 136 & 223. The radar-lidar
relationships HV-CHM and RFDI-CHM behave ‘normal’.
This relation, together with the CHM-AGB relation (such as
in [9]) is used to plot radar estimated AGB against LiDAR
estimated AGB.

E. Radar slope correction methodology
Steep slopes in SAR images are notoriously difficult to
handle. Even when an accurate DEM (Digital Elevation
Model) 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 polarization. Slope
effects are mentioned by many authors as they affect
applications such as bio-physical parameter estimation
(biomass, soil moisture), land cover classification and
complicate the combination of ascending and descending
images and multi-sensor analysis [16].
Simple physical models with exact solutions were
introduced by [15, 18]. These models compensate for slopeinduced variation in the amount of scatterers in a resolution
cell. Both models assume uniform isotropic scattering. In
[15] the terrain is described as an opaque volume scatterer
and in [18] as a surface scatterer, which leads to different
expressions [16]. Both models have a limited range of
applicability, however are independent of frequency and
polarization.
The notion that a single model is not sufficient is not
new. [13, 14, 19] state that slope corrections must be class
specific and introduced terrain type dependent correction
functions. These simple and local incidence angle dependent
corrections should be applied on pre-classified images.
In summary, there is a general consensus that a single
model will not suffice to describe SAR radiometric slope
effects. The need for a multi-model approach was
mentioned frequently and sometimes the need for
stratification or pre-classification was indicated. However,
practical solutions for such an approach were never offered.
In [16] an approach is introduced that can handle a wide
range of terrain and topographic conditions. Moreover, in
[16] a practical solution for the implementation of the
stratification is offered.
There are two models of particular relevance, which can
be regarded as reference models. The first model (N1)
describes the terrain as an opaque volume of isotropic
scatterers, with a constant scatterer density per volume unit
[15]. The second model (N2) describes the terrain as a
surface of isotropic scatterers, with a constant scatterer
density per (tilted) surface unit [18]. These two reference

models normalize the backscatter of tilted terrain in
different ways. It can be shown that the normalization of
reference model 1 equals the normalization of reference
model 2 when the latter is multiplied by a factor
, where the local incidence angle
is
defined as the angle between the backscatter direction and
the (tilted) surface normal direction and is the (nominal)
incidence angle. For more details see [16].
In general, backscattering is non-isotropic, meaning that
the two reference models not suffice to describe the slope
induced backscatter variation found in hilly terrain with
uniform land cover. To describe non-isotropic behaviour an
extra modulating factor M1 (or M2) is introduced. In [16] the
semi-empirical two-step approach, i.e. the product N1M1 (or
the identical product N2M2) is referred to as Model 3.
The reference models normalize the backscatter for the
slope-induced variation in the amount of scatterers per
resolution cell. In addition, as is illustrated in Fig 10 for an
open forest area, slopes can also change the type of
scattering. Open forest, as compared to closed forest,
features increased exposure of trunks and soil surface
through gaps. In uniform flat terrain the backscatter changes
slowly as a function of incidence angle (Fig. 10a). In
uniform hilly terrain backscatter can change over short
distances because the backscatter mechanism also depends
on the slope steepness angles in range and azimuth (Fig.
10b). The latter is also true when normalization for the
amount of scatterers (with one of the reference models)
already has taken place.

Fig. 10a. Example of change in scattering mechanism in
(open) forest as function of incidence angle: (a) At near
range the incidence angle θi = θa is small, the vertical
penetration depth is large, and the soil surface may be
visible through openings in the canopy. (b) At medium
incidence angle θi = θb the vertical penetration is less, but
may be sufficiently low to cause a strong contribution from
double bounce scattering between soil surface and trunk. (c)
At far range the incidence angle θi = θc is large and the
vertical penetration depth can be low; backscatter may
originate from the crown layer exclusively.

Fig. 10b Example of change in scattering mechanism in
(open) forest as function of local incidence angle: In
comparison with flat terrain, changes in backscatter
mechanisms in hilly terrain can occur at short distances,
even at identical incidence angles. Moreover, backscatter
mechanisms can differ from those found on flat terrain. (a)
At the front slope the local incidence angle θΔ = θa can be
small, and the vertical penetration depth can be large,
however, the double bounce contribution is absent because
of the tilt of the soil surface. (b) At the flat top the local
incidence angle θΔ = θb has a medium value and the double
bounce contribution is present. However, at the side slope
similar values for the local incidence angle are found, but
here the double bounce contribution is absent. (c) At the
back slope the local incidence angle θΔ = θc has a large
value, the vertical penetration can be low and, even though
the double bounce contribution is absent, the situation may
be comparable to the flat terrain case where the incidence
angle θi = θc.
Case study Rupununi
A small case study is appropriate to elucidate the theory
and its ramifications. The selected 27 km x 21 km study
area is located in the Rupununi savannah in Brazil near the
Pakaraima Mountains and near the border with Guyana
(59.60W; 4.03N). It features mountainous areas with dense
closed canopy forest and open woodland; and flat areas with
grassland. The vegetation in the adjacent Guyanese part of
this area is described by [17] as tall/medium pre- and lower
montane evergreen forest, with forest height in the range of
24m – 36m, and terrain height up to 800 m, and as upland
shrub savannah, up to 5m tall. The selected radar image is a
fine-beam dual-polarization PALSAR image acquired at
August 13, 2009. The SRTM 3 arc-second (90 m) DEM was
used to derive slope angles. The slopes in this area are
relatively long and steep, with slope angles up to 25
degrees, and have a fairly uniform slope direction
distribution.
A section of this radar image is shown in Fig. 11a. In
this image the facing slopes are very bright. After
normalization using reference model 1 (or N1) the different
land cover types show up clearly in Fig. 11b: forest in
green, woodlands in purple, and the grassland savannah in
black. The effect of normalization (N1) for a section of the
woodland area, for HH-polarization, is shown graphically in
Fig. 12. Numerical results for woodland (in HH-pol) are

summarized in Table 2, as well as results for woodland in
HV-polarization and forest (HH- and HV-pol).
The selected woodland and forest sections are
sufficiently large to cover the complete range of slope
aspect angles and slope steepness angles. Fig. 12a shows
backscatter as a function of slope aspect and Fig. 12b slope
steepness in range. Backscatter dependency as a function of
slope aspect shows a sinusoidal type of behaviour with the
maximum backscatter when uphill direction and radar look
direction match. This effect is arbitrarily quantified by the
amplitude (A) of the sine best fitting the data. Backscatter
dependency as a function of slope steepness in range shows
a linear type of behaviour, with negative values for the back
slope, and positive values for the facing slope. This effect is
arbitrarily quantified by the slope (S) of a straight line best
fitting the data. The values A and S are summarized in Table
1, together with the mean (m) and standard deviation (s.d.)
of the data. These four values are used to evaluate the
performance of the models. For a good model A and S
should decrease to a value approaching zero, while the s.d.
of the backscatter should decrease to a value approaching
the s.d. of the same land cover type on flat terrain.
Table 2 shows the following results for Model 1 (N1)
and Model 2 (N2). For forests Model 1 is clearly better then
Model 2. For HV-polarization Model 1 is near perfect. For
HH-polarization small values for A (0.21 dB) and s remain,
which in most practical cases may be acceptable. Though
Model 2 also gives a large improvement, slope effects are
still prominent. This result may be expected because dense
closed forest acts as a volume scatterer, especially for HV–
polarization. Also for woodland Model 1 is clearly better
than Model 2. However, even for Model 1 the remaining
slope effects are too large to be acceptable (A is 1.77 dB for
HH-pol, and 0.58 dB for HV-pol). It can be noted that the
offset in mean backscatter level is much lower for Model 1
as compared to Model 2.The effect of applying Model 1 is
well illustrated by comparing the images in Fig. 11a and
11b. Results for Model 1 for woodland in HH-polarization
are shown graphically in Fig. 12 (middle row). In [16] the
development and stratification of Model 3 (N1M1) is
discussed. Table 2 shows that after application of Model 3
the slope dependence for woodlands (expressed by the
parameters A and s) is now almost completely removed.
This is shown graphically in the bottom row of Fig. 12 (for
HH-polarization); and in the image in Fig.11c. The
improvement obtained by Model 3 is nicely illustrated in
Fig.11d, which shows the difference of Model 1 (Fig.11b)
and Model 3 (Fig.11c) for HV-polarisation. In forest areas
there is no difference because Model 1 suffices; for the
grassland savannahs there is no difference because the
terrain is flat; but for the woodlands a prominent residual
pattern shows up.

Table 2. Slope effect statistics for forest and woodland
for HH- and HV-polarization at the Rupununi test area.
Mean backscatter (m); standard deviation of backscatter
(s.d.); backscatter increase per degree slope steepness in
range (s); amplitude of backscatter modulation as a
function of slope aspect angle (A); for original data, after
application of Model 1 (N1), Model 2 (N2) and (woodland
only) Model 3 (N1M1).

(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. PALSAR data
courtesy: ALOS K&C © JAXA/METI.
Other case studies
The multi-model slope correction technique has been
applied successfully for PALSAR HH-HV data in several
other areas. These include a softwood forest plantation
(Pinus caribaea) area located in the north-western part of
the Viti Levu Island, Fiji, with slopes up to 40 degrees (see
also [16]) and the entire island of Borneo. In both cases the
same two models (i.e. N1M1 for forest and woodland) and
the same stratification could be used. For another area, an
area with deciduous and coniferous forest in New
Hampshire, USA, the same models could be used but with a
different stratification. The latter is due to the presence of a
different scattering mechanism for some forest areas with a
larger degree of depolarization (or HV/HH ratio) than for a
completely random volume scatterer. This may be caused
by a more pronounced branch distribution.
Borneo wide mosaic
The multi-model slope correction technique was applied
to a mosaic of PALSAR-1 dual-pol FB path data covering
entire Borneo. A small section is shown in Fig. 13.
Compared to the single model (Model 1) technique, the
multi-model (Model 3) approach provides additional
corrections. Typical changes on slopes in areas with sparse
vegetation are up to ±1 dB. For biomass mapping this would
correct errors up to ±40%.

Fig. 11. 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 (γ0) is in
the range of -15.8 dB to -5.8 dB (magenta) and the HV
backscatter (γ0) is in the range of -22.3 dB to -12.3 dB

polarization. Model 3 gives further improvement. Typical
improvements on slopes in areas with sparse vegetation are
up to ±1 dB. For biomass mapping this corrects errors up to
±40%. PALSAR data courtesy: ALOS K&C © JAXA/METI.
WorldDEM4Ortho as alternative for SRTM
Further improvements of slope effects could be obtained
when higher resolution DEMs would be available. The
SRTM (horizontal resolution of 60m, pixel spacing 1.0
arcsec or approximately 30m) is a bit to coarse for accurate
slope correction of PALSAR images with resolutions in the
range of 10 m (FB standard data) to 25 m (FB path data).
This effect can be illustrated by comparing SRTM height
(data collected in February 2000) with WorldDEM4Ortho
height (data collected in the 2011 – 2014 period) for a stable
natural forest area. The latter has a horizontal resolution of
24m and a pixel spacing of 12m. In Figure 14 the difference
between these two DEMs are shown. The bright linear
features correspond to the deepest parts of valleys (SRTM
overestimates height) and the dark linear features
correspond to the highest parts of mountain ridges (SRTM
underestimates height). It seems that when using SRTM
long uniform slopes are not problematic but notably short
steep slopes and in particular the deepest parts of valleys
and highest points of ridges are problematic. For land cover
mapping these parts also have been the parts with lowest
quality (noisy classification). For biomass mapping, for
these parts in particular, large errors can be expected (see
also previous sections).

Fig. 13. Small section of multi-model slope correction
result for FBD 25m path image mosaic of entire Borneo.
(top) Model 1 correction; (middle) Model 3 correction;
(bottom) Difference between model 1 and Model 3 for VH

Fig. 14. SRTM height minus WorldDEM4Ortho height.
This small section in Sabah, Borneo covers a stable natural
forest area and shows the effects of improved resolution.
The bright linear features correspond to the deepest parts of
valleys (SRTM overestimates height) and the dark linear
features correspond to the highest parts of mountain ridges
(SRTM underestimates height).

F. Deforestation and degradation monitoring
Operational monitoring of tropical rain forest is best
done with radar satellites, which can work independent of
cloud cover. During phase 3 [6] a system based on
PALSAR FB data was developed. For the Guiana Shield
test area in Brazil it could be demonstrated that small areas
of deforestation and degradation could be monitored well,
such as shifting cultivation around indigenous settlements
(Fig. 15). Patterns of shifting cultivation with individual
plots of approximately 0.2 ha and larger are well visible.
Systems based on PALSAR could be compared (and
integrated) with systems based on other radar sensors such
as Sentinel-1 and TerraSAR-X. Such systems exploit similar
principles, but are partly different and complementary in
nature. Sentinel-1 has a slightly lower spatial resolution but
a very high temporal resolution (6- or 12-days repeat). The
advantages are better possibilities for speckle reduction and
better sensitivity for deforestation detection in case of fast
secondary re-growth. Note that for the PALSAR example
given in Fig. 15, the areas could be well detected because
re-growth is suppressed for several years in areas of shifting
cultivation. Other types of small-scale deforestation may be
easier to detect with Sentinel-1. The minimum mapping unit
for Sentinel-1 is slightly higher as compared to PALSAR
FB, viz. approximately 0.35 ha. The Sentinel-1 was also
shown to be sensitive for degradation, i.e. selective logging
of large canopy trees, while the forest area is still covered
by the lower canopy. This sensitivity relates to changing
patterns of small areas of radar shadow and foreshortening
in the canopy, even when the soil is still covered completely
with the lower canopy (Fig.16).
Another type of complementarity is provided by
TerraSAR-X (Figure 17). Its very high-resolution (3 m)
offers the possibility to detect logging of individual trees
that have crowns in the upper canopy. The signal is very
persistent (not very sensitive for re-growth) and can be
measured every 11-days (which is the repeat cycle of
TerraSAR-X). For practical applications one measurement
every 33 or 66 days could suffice.

implemented by LAPAN, supporting peatland restoration
policy analysis and monitoring for all peatlands in
Indonesia.
Sentinel-1 time series are used to detect changes in the
network of drainage canals in near real-time. Detection of
smaller canals (less than 5-10 m wide) may pose a challenge
(Fig. 18). The additional use of Sentinel-2 (higher
resolution) and PALSAR-2 (detection of drainage patterns
in peat swamp forest along canals) will be studied. In Figure
19 an example of fire damage and excess drainage after a
dam breach is shown. The combination of near and far
range L-band data reveals the existing remaining excess
drainage patterns (dry soil is dark in far range).
Historical patterns of degradation and restoration efforts
can be studied using historical sequences of JERS-1,
PALSAR-1 and PALSAR-2 data. An example is given in
Figure 20.

G. Tropical peatland monitoring

Fig. 18. The re-opening of old canals as well as the
construction of new canals can be followed by the near realtime Sentinel deforestation/degradation monitoring system
(see also section H). Example for Sebangau peat swamp
forest near Palangkaraya, Central Kalimantan. (Red:
deforestation, here canals; Yellow: forest degradation;
Green: forest).

During the phase 4-extension period a start has been
made with the demonstration of techniques that could be
utilized within a tropical peatland monitoring system. Such
a system could be used by LAPAN, BRG and other
potential users and stakeholders in Indonesia for the
development of a peatland monitoring system that provides
information on drainage canals, hydrology and fires through
innovative use and integration of multiple earth observation
data sources from JAXA (PALSAR-2, PALSAR-1, JERS1), the European Space Agency (Sentinel-1, Sentinel-2,
Sentinel-3) and other third party missions (Landsat,
MODIS, VIIRS). The phase 4 demonstration focuses on
sites in Central Kalimantan and Riau. After the project, it is
expected that the demonstrated system will be scaled up and

IV.

RESULTS AND SUMMARY

This paper discusses progress on several topics, including
(1) forest and land cover mapping, (2) monitoring wetland
dynamics, (3) biomass estimation, (4) improving
classification and biomass estimation on steep slopes, (5)
deforestation and degradation monitoring and (6) tropical
peatland monitoring.
Land cover mapping: During phases 1, 2 and 3 the
potential for forest and land cover mapping and consistent
monitoring were studied for PALSAR L-band data only. In
phase 4 the possibilities for further improvement by
combining PALSAR L-band with C-band (and other
sensors) was studied. The L-band distinguishes forest from
oil palm plantation, however oil palm plantation (depending
on age) can be confused with low vegetation such as shrubs
and grass. The C-band (Sentinel-1) well distinguishes oil
palm plantation from other land cover, however is less
sensitive to variation in oil palm age. The combination
provides information to make more accurate land cover
classification and, moreover, can be used to differentiate
more age/biomass classes as well as more plantation classes.
On the basis of PALSAR-2 (FB mosaic), Sentinel-1 and
Landsat-8 a new baseline map was made for entire Borneo
(and entire Sumatra) at 25 m pixel size. Extensive validation
showed, for example, very high classification accuracies for
plantation types such as acacia (98.1%), eucalyptus (84.2%),
Hevea rubber (99.5%) and oil palm (99.6%). Such good
results cannot be obtained when using L-band only.
Wetlands: A dual incidence angle approach is introduced
utilizing the 50% overlap areas of PALSAR ScanSAR data.
This approach provides an improved distinction between
bare soil and open water and can map open water frequency,
flood frequency under closed canopy and can detect
submersed vegetation conditions. The technique was applied
make flood frequency maps of Borneo for the PALSAR-1
era aw well as for the PALSAR-2 era. Changes in flood
frequency patterns could be associated qualitatively with
changes in land cover, indicating higher flood frequency in
watersheds with large-scale conversion of forest to
plantation.

Fig. 20. Effect of canal blocking: Peat swamp
degradation (B) and restoration (A) in the Mawas area
between 1998 (JERS-1) (Top) and 2006 (PALSAR)
(Middle). The red area is degraded; the blue area is intact
or regenerating. (Bottom) New fire damage (bright area in
yellow circle) was caused by a dam breach prior to the
2015 El Niño period. This damage is still visible in the 2018
PALSAR-2 image (see also Fig.19). PALSAR data courtesy:
ALOS K&C © JAXA/METI.

Biomass: In the framework of a NASA CMS study
airborne LiDAR data were collected over 60 sites in
Kalimantan. Relationships between L-band radar backscatter
(HV or RFDI) and forest height depend on forest type and
differ significantly for secondary forest, primary Dipterocarp
forest and peat swamp forest. Results for forest biomass in
Kalimantan and carbon storage potential in degraded forests
are published in [1].
Slopes: Practical approaches for the implementation of
terrain type dependent radiometric slope correction for SAR
data are discussed. Radiometric slope effects are modelled as
the products of two models. The first is a simple physical
model based on the assumption of a uniform opaque layer of
isotropic scatterers, which is independent of terrain type,
frequency and polarization. It accounts for the slope-induced

variation in the number of scatterers per resolution cell. The
second is a semi-empirical model, which accounts for the
variation in scattering mechanisms, dependent on terrain
type, frequency and polarization. An elaborate discussion of
the theory was published in [7]. PALSAR FBD (L-band,
HH- and HV-polarisation) data are used. Results for an area
with slopes up to 25 degrees, show that remaining slope
effects for the multi-model case are much smaller than 0.1
dB, for all land cover types. This is much better than the best
single-model approach where remaining slope effects can be
very small for forests but can be as large as 1.77 dB for
woodland in HH-polarization. Without proper slope
correction biomass change on slopes can be systematically
under- or overestimated because of associated change in
scattering mechanism [7]. The approach was applied and
evaluated for a large PALSAR FB dual-pol mosaic covering
the entire island of Borneo.
Deforestation and degradation monitoring: Operational
monitoring of tropical rain forest is best done with radar
satellites, which can work independent of cloud cover.
Already during phase 3 [6] a system based on PALSAR FB
data was developed. During phase 4 also systems based on
other radar sensors such as Sentinel-1 and TerraSAR-X were
studied. These systems exploit similar principles, but are
partly different and complementary in nature. Sentinel-1 has
a slightly lower spatial resolution but a very high temporal
resolution (6- or 12-days repeat). The advantages include
better possibility for speckle reduction and higher sensitivity
for deforestation detection in case of fast secondary regrowth. The Sentinel-1 was also shown to be sensitive for
degradation, i.e. selective logging of large canopy trees,
while the forest area is still covered by the lower canopy.
This sensitivity relates to changing patterns of small areas of
radar shadow and foreshortening in the canopy, even when
the soil is still covered completely with the lower canopy.
Another type of complementarity is provided by TerraSARX. Its very high-resolution (3 m) offers the possibility to
detect logging of individual trees that have crowns in the
upper canopy.
Tropical peatland monitoring: During the phase 4extension period a start has been made with the
demonstration of techniques that could be utilized within a
tropical peatland monitoring system. LAPAN, the peat
restoration agency BRG and other potential users and
stakeholders in Indonesia could use such a system. It could
provide information on drainage, the state of canals,
hydrology and peat fires and could eventually support
peatland restoration policy analysis and monitoring for all
peatlands in Indonesia. Demonstration currently focuses on
sites in Central Kalimantan and Riau. Sentinel-1 time series
could be used to detect changes in the network of drainage
canals in near real-time. The additional use of Sentinel-2
(higher resolution) and PALSAR-2 (detection of drainage
patterns in peat swamp forest along canals) is also studied.
Excess drainage after a dam breach could be identified using
a combination of near and far range L-band ScanSAR data.

Historical patterns of degradation and restoration efforts can
be studied using historical sequences of JERS-1, PALSAR-1
and PALSAR-2 data.
V.

OUTLOOK

During K&C phases 1-4 ample experience was gained in
the unique capabilities of L-band for wetlands monitoring as
well as in forest type and land cover mapping. It seems the
latter is best done with a combination of sensors, such as Lband (PALSAR), Landsat-8 and C-band (Sentinel-1), where
L-band plays an important role in the differentiation of
forest types, vegetation biomass levels and sub-canopy
flooding regimes. These land cover maps are indispensible
as baseline information for several kinds of monitoring such
as (1) deforestation/degradation monitoring and (2) tropical
peatland monitoring.
In the next few years, during the proposed post-K&C
phase (April 2019 – March 2022), these two types of
monitoring systems will be further developed. The
PALSAR (L-band) is an important element of these
monitoring systems and provides unique information,
however, complementary information from other sensors
such as optical (Landsat-8, Sentinel-2), infrared (for fire
detection) and other radar systems (such as Sentinel-1 and
TerraSAR-X) seems very important for practical and
operational solutions.
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APPENDIX: FIGURES

Fig. 1. Combining PALSAR-2 and Sentinel-1. Oil palm development area in East-Kalimantan, Borneo. (a) PALSAR-2 (RGB: HHHV-HH), (b) Sentinel-1 (RGB: VV, HV, VV), (c) combination Sentinel-1 and PALSAR-2 (RGB: HH, HV+VH, VV) and (d) land
cover classification of image combination. Oil palm plantations can be mapped much better and age classes can be distinguished
well compared to single sensor classification. The result is consistent with PALSAR-1 maps previously made. The map
distinguishes three types of forest, including peat swamp forest, riverine forest and degraded peat swamp forest. PALSAR data
courtesy: ALOS K&C © JAXA/METI.

Fig. 2. Borneo baseline map of 2017 based on PALSAR-2 (FB mosaic), Sentinel-1 and Landsat-8 data with 25 m pixel size. The
combination of sensors improves classification accuracy significantly (compared to maps based on PALSAR-1 only), such as for
plantations types: acacia (98.1%), eucalyptus (84.2%), Hevea rubber (99.5%) and oil palm (99.6%).

Fig. 3. Comparison of land cover classification and flood frequency maps for the phase-4 extension “Tropical Peat Watch” test
area (outlined in Fig 2.).
(a) LULC 2009 based on consistent multi-annual analysis of PALSAR-1 FB strip data (2007-2010).
(b) LULC 2017 based on PALSAR-2 FB mosaic data, Landsat-8 and Sentinel-1 VV.
In both maps the classes are aggregated to allow easier comparison of decadal change.
(c) Flood frequency PALSAR-1 based on PALSAR-1 ScanSAR strip data (2006-2011).
(d) Flood frequency PALSAR-2 based on PALSAR-2 ScanSAR standard scenes (2014-2018).

Fig. 6. Detail of PALSAR-1 flood frequency map for Central-Kalimantan. Oil palm plantations are sometimes developed in
unsuitable areas with high flooding occurrence. Sustained flooding destroys the young trees as could be clearly shown through
comparison of the PALSAR-1 flood frequency maps and the results of the December 2012 aerial photography campaign [6].

PLATE IV

Fig. 12. HH-backscatter (γ) for woodlands as function of slope aspect and slope steepness in range direction for: (top row)
original data; (middle row) after correction for isotropic opaque volume scattering (or Model 1; N1), and; (bottom row) after
tuning for additional (anisotropic) scattering effects (or Model 3; N1M1). The vertical lines in the left three images indicate the
backscatter and forward scattering directions; the horizontal lines in all six images indicate the mean backscatter level in the
original data. The numbers in the bottom left stand for amplitude (A), slope (s), mean (m), and standard deviation (sd) of the
backscatter coefficient γ [dB]. The parameters A and s are defined in the text.

Figure 15. 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 vast (about
300,000 km2), poorly mapped and has a very persistent cloud cover. 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 (red); (b) 11-Sep-2009
and (green); (c) 11-Sep-2009 (blue). PALSAR data courtesy: ALOS K&C © JAXA/METI.

Figure 16. The Sentinel-1 monitoring system can map deforestation (clear-cut) as well as degradation (destructive removal of
large trees). The latter is difficult to observe with optical satellite data.

Figure 17. Precision forestry using TerraSAR-X high-resolution radar. Tree logging monitoring system can map (legal and
illegal) logging of individual trees in near real-time. The image shows a section of a legal timber concession area in Para, Brazil.
The area is divided in logging sectors and protected areas along rivers. Trees logged in January 2018 are shown in yellow.

Fig. 19. Example of fire damage and excess drainage after dam breach; (left) Sentinel-2 September 23, 2018 showing year 2015
fire damage pattern along draining canals; (middle) PALSAR-2 ScanSAR near range October 17, 2018 and (right) idem in far
range October12, 2018. The near real-time combination of near and far range L-band data reveals the existing remaining excess
drainage patterns (dry soil is dark in far range). Area: Central-Kalimantan. PALSAR data courtesy: ALOS K&C © JAXA/METI.
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Abstract — Irrespective of whether remote sensing data
are acquired by active or passive sensors, the key
information is the temporal signature. This is
particularly true – but not limited – in forest
applications, where spatio-temporal dynamics can be
significant. Spectral – here meant in frequency and
polarimetric terms – textural and forest height
information complement the temporal aspect. In this
paper, two sets of remote sensing products are presented.
The first set of products – consisting of Land Cover
Change Map (LCCM) and forest biomass – is generated
using annual spaceborne Synthetic Aperture Radar
(SAR) and optical time-series. Results obtained in
diverse biomes ranging from boreal to tropical forest are
shown and discussed. The second set of products –
consisting of Digital Surface Model (DSM) and Land
Cover Map (LCM) – is derived from single-date stereooptical data. These products are demonstrated in two
different forest environments. While LCCM and forest
biomass are mainly useful for forest certification and
management purposes, DSM and LCM are primarily
meant for precision forestry.
Index Terms — K&C Initiative, ALOS PALSAR-1,
ALOS-2,
Sentinel,
Landsat,
temporal-spectral
descriptors, texture, forest biomass, Digital Surface
Model.

I. INTRODUCTION
Georeferenced forest (point) data collection is time
consuming and the perceived benefits of good data must be
weighed against the cost. In order to mitigate this dilemma,
improving data quality and quantity using conventional data
collection methods would require more intensive data
collection which adversely impacts costs. Alternatively, one
has to find alternative, more efficient ways of obtaining
suitable data without loss in data quality.
Land cover area estimation is one of the most logic Earth
Observation applications, because remote sensed images
offer geospatial, temporal and spectral information. Thanks

Paper presented to the JAXA Kyoto and Carbon Initiative, January 2018, Tokyo

to the availability of past (Landsat-5, ALOS PALSAR-1,
ENVISAT ASAR), current (Landsat-8, ALOS-2, Sentinel-1,
Sentinel-2) and forthcoming (NISAR) remote sensing
missions – where data at a spatial resolution ranging from 10
to 30 meters are today regularly and globally acquired – the
exploitation of multi-sensors time-series allows to generate
accurate information of forest area, the surrounding land
cover, when, where and the type of change occurred, and, to
some extent, to estimate forest biomass. The level of detail
can be enhanced when using very high resolution (one meter
and better) spaceborne stereo-optical data or image pair
series acquired by drone, where, besides DSM, the derived
land cover map includes a wider spectrum of thematic
information.
The purpose of the paper is to present and discuss two
complementary methods and related products which have
been extensively demonstrated and validated in diverse
biomes across the forestry sector.

II. METHODS AND PRODUCTS
1. LCCM and forest biomass using annual time-series
The data processing flow illustrated in Figure 1 can be
divided in three distinct components. The first one converts
the Single Look Complex (SLC) time-series into terrain
geocoded intensity ( °) and coherence ( ), while optical
images are transformed into ortho-rectified Top-ofAtmosphere (ToA) reflectance. It has to be pointed out that
the use of time-series is not only essential for data analysis,
but it is also crucial for data processing, where the data
quality is significantly enhanced – particularly for Intensity
– if compared to the single date data processing.
With respect to the processing of SAR data following steps
are performed:
Intensity
–
–
–
–

Co-registration including DEM;
Multi-temporal speckle filtering;
Terrain geocoding radiometric calibration/normalization;
Anisotropic Non-Linear Diffusion filtering;

– Temporal filtering;
– Mosaicing.
Coherence
– Co-registration including DEM;
– Generation of coherence including DEM;
– Terrain geocoding;
– Anisotropic Non-Linear Diffusion filtering;
– Mosaicing.
The optical data processing consists of following steps:
Conversion to ToA reflectance;
Radiometric
topographic
induced
illumination
correction;
Cloud and cloud-shadow masking;
General water mask extraction;
Derivation of Vegetation, Water, and Bare Soil Indexes;
Temporal filtering;
Mosaicing.
For each available frequency, polarization and index, a set of
temporal descriptors is derived. It is worth mentioning that
Temporal-Spectral Descriptors (TSD) are computed over
different periods depending on seasonality and land cover
phenology [1,2].

representative features (numerically describing the spectral
and temporal behavior for the considered period) are
ingested, instead of large, hardly comprehensible and
manageable time-series. Complexity is reduced, at the same
time data synergy is ensured. Within the knowledge based
classifier, rules – updated and extended depending on new
biomes and TSD combinations – are designed to detected
and extract the required land covers. It has to be pointed out
that the temporal evolution of the backscattering coefficient,
coherence or indexes can be also analysed using dedicated
detection algorithms [3]. In this case, a priori very specific
knowledge of the object characteristics must be well known.
The last step consists of the inference of forest biomass. The
relatively simple physically based Water Cloud model [4]
has been used for retrieval with C- and L-band backscatter
data [5]:
V = -1/ ln [(

veg

–

for)

/(

veg

–

gr)]

where V represents the retrieved forest biomass
corresponding to a backscatter measurement σofor, the
backscatter coefficient of the forest floor (σogr), the
backscatter coefficient of the vegetation layer (σoveg), and
is an empirically defined coefficient expressed in ha/m3. The
parameters σogr (representing the average backscatter of
unvegetated land surface) and σoveg (representing the average
backscatter of dense forest) are estimated through the
LCCM, while is determined by means of tzerrestrial based
estimated forest biomass samples. Since is related to the
dielectric properties of the vegetation and forest structure, it
is used only on those periods and areas where the forest as
the same condition (preferably the dry period, hence
significantly reducing the moisture contribution) and
structure.
2. DSM and LCM using single date stereo-optical data
The data processing flow illustrated in Figure 2 consists of
two independent components. In the first part a DSM is
generated from spaceborne stereo- (or tri-stereo) optical very
high resolution images (Pléiades, SPOT-6/7, WorldView).
This part has been further extended to support the processing
of image pair series acquired from drones.

Figure 1 – LCCM and forest biomass generation overview.
In the second step, the LCCM is generated by means of a
knowledge based classifier, where the most significant and
uncorrelated TSD (Fused TSD) are used. The advantage to
work with TSD is that in the classifier a limited number of
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In the second step, a LCM is produced by means of a naive
Bayes classifier based on a superpixel approach [6], i.e.
segments, obtained through watershed segmentation, which,
in turn, is performed on the intensity component of the
multi-spectral image. The naive Bayes classifier is used in a
supervised way by considering the most significant and
uncorrelated tonal (i.e. spectral), textural (i.e. second order
textural features) and, optionally, DSM derived features, all
determined in segment form. The advantage of this
approach, similarly to the previous one, is that the

complexity is scaled down while maintaining the tonal and
pattern characteristics of the image. Processing time is
additionally significantly reduced.

co-polarization. Urban and small settlements – areas not
changing over the time and strongly reflecting – are depicted
as white, since all selected TSD are significantly
contributing. The agricultural and grassland areas – bluish
colour – are largely represented by the high values of the
averaged HH coherence at L-band, even if the time span of
the ALOS-2 acquisitions is of several months. The resulting
high values are due, on one hand, to the acquisition dates –
fields in autumn and winter time are mainly bare soil or the
existing vegetation is mostly dry – and, on the other hand, to
the long wavelength, significantly reducing the temporal
decorrelation effects. It is worth mentioning that in addition
to the three mentioned TSD, other less significant features
have been included in the classifier. The obtained LCM –
including the forest, settlements, agriculture, grassland, bare
soil, and water class – has an overall (i.e. considering all
classes) accuracy of 93%.

Figure 2 – LCM and forest height generation overview.

III. PILOT AREAS, DATA SETS AND RESULTS
The methods described above have been demonstrated and
validated in boreal (Russia and Canada), nemoral (Sweden),
temperate (Wisconsin and United Kingdom), tropical
(Mexico) forest and in forest plantations (South Africa). In
this section, products examples in United Kingdom, Canada,
Russia, Mexico and South Africa are shown. In all these
examples, annual SAR (Sentinel-1A VV/VH 20m, ALOS
PALSAR-1 HH/HV 15m, ALOS-2 HH/HV 10m), and, as
far as available, optical (Landsat-8 30m) data have been
used. Sentinel-2 data couldn’t be exploited because still not
available during the pilot period. All datasets have been
processed according to the procedure described in Section
II.1 generating intensity, coherence, vegetation and bare soil
indexes time-series. These, in turn, have been used to derive
TSD, which may differ depending on data availability
(particularly optical due to the cloud coverage), seasonality,
and biome. In addition, for two pilot areas (Canada and
South Africa), DSM and LCM using single date stereooptical data – refer to Section II.2 – are demonstrated and
validated.
1. United Kingdom
The pilot area is the Sherwood forest. Sentinel-1 VV/VH 12
day times-series – January to November 2015 – are
complemented by three ALOS-2 HH/HV data acquired in
September 2014, January and September 2015. The two
colour composites in Figure 3 represent the most significant
TSD derived from Sentinel-1 and ALOS-2. Forest is clearly
identifiable as orange, resulting from a high minimum of the
radar backscatter at cross polarization, a relatively high and
constant backscatter at VV, and a low coherence at L-band
Paper presented to the JAXA Kyoto and Carbon Initiative, January 2018, Tokyo

Figure 3 – TSD colour composite (overview and detail)
derived from Sentinel-1 (minimum VH=red; median
VV=green) and ALOS-2 (mean HH coherence=blue) and
related LCM (forest=green; settlements=red; agriculture,
grassland, bare soil=yellow; water=blue).

2. Canada
The pilot area consists of natural boreal forest and wetlands.
The oldest areas are mostly little more that 250 years, and
some of the old growth forest dates from a major fire in the
19th century. Large areas remain unlogged, while logging
has started for the second time in some areas. Logging is
almost entirely by clear-felling, while regeneration is by a
mixture of natural regeneration (60%) and planting (40%).
Sentinel-1 VV/VH 24 day times-series – from September
2015 to June 2016 – are complemented by three Landsat-8
images acquired between May 2015 and May 2016. The
colour composite in Figure 4 represents the most significant
TSD, all derived from Sentinel-1.

Figure 4 – TSD colour composite derived from Sentinel-1
(span ratio VH=red; maximum VH=green; minimum
coherence VV=blue) and related LCM (natural forest=dark
green; scattered trees, bushland=light green; infrastructure=red; agriculture, grassland, bare soil=brown;
roads=violet; water=blue).

Paper presented to the JAXA Kyoto and Carbon Initiative, January 2018, Tokyo

Forest is clearly identifiable as green, resulting from a high
minimum of the radar backscatter at cross polarization;
agriculture, grassland and bare soil mainly as red, resulting
from a high span ratio; scattered trees and bushland mainly
as blue, resulting from a high minimum of the VV
coherence. It is worth mentioning that in addition to the
three mentioned TSD, the span difference of the Bare Soil
and Vegetation Index from Landsat-8 has been included in
the knowledge based classifier. The obtained LCM has an
overall accuracy of 89%.
Over a limited area of 10 x 10km, Pleiades tri-stereo images
have been additionally acquired. The purpose is to generate a
detailed LCM of the area damaged by a windblow event.
Figure 5 shows the resulting large scale (1 m resolution)
products. The damage (elongated pattern) is well identifiable
in the DSM and in the LCM.

Figure 5 – One meter resolution DSM (top) and LCM
(bottom) derived from Pleiades tri-stereo images.

3. Russia
Komi is a frontier area and very remote with a poor road
system: there are only 13 km of roads per 1000 sqkm of
forest. The majority of felling is done during winter when
the ground is frozen, impacts are minimised and access to
forests over frozen soil and rivers is optimum. Historically,
as forest resources were exploited new logging operations
moved into generally more inaccessible and remote areas
which then required the construction of new roads.

Particularly due to the limited amount and unsystematic (i.e.
acquired at irregular interval) Sentinel-1 acquisitions, the
availability of other data sources was relevant to
differentiate between diverse vegetated areas. Nonetheless,
as illustrated in Figure 7 top, natural forest (green), forest
regeneration (reddish), and clear fell (blue) could be
appropriately identified (overall accuracy 90%), as shown in
Figure 7 center. The use of ALOS PALSAR-1 2008-2010
acquisitions additionally enabled to determine, for those
years, when the clear fell occurred (Figure 7 bottom).

Given the still not full operability of Sentinel-1, only four
Sentinel-1 VV/VH images (April 2015 to March 2016) are
available. These are complemented by one ALOS-2 HH/HV
data (September 2015), six Radarsat-2 scenes (October to
December 2015), and three Landsat-8 scenes (July 2015 to
March 2016). Figure 6 shows a colour composite
representing the most significant TSD derived from the
Sentinel-1 dataset and the corresponding LCM.

Figure 6 – TSD colour composite derived from Sentinel-1
(span ratio VH=red; maximum VH=green; minimum
coherence VV=blue) and related LCM (natural forest=dark
green; forest regeneration=light green; infrastructure=red;
grassland, bare soil=brown; roads=violet; water=blue). The
white line corresponds to Intact Forest 2013 boundary.

Paper presented to the JAXA Kyoto and Carbon Initiative, January 2018, Tokyo

Figure 7 – TSD colour composite detail (top) derived from
Sentinel-1 and related LCM (center). Refer to Figure 6 for
captions description. LCM (bottom) clear fell occurred
between 2008 and 2010 – derived from ALOS PALSAR-1 –
are marked in magenta.

4. Mexico
The tropical landscape of Quintana Roo is a mosaic of
lowland and upland forest types at different successional
stages. Tropical forest ecosystems dominate the landscape.
These ecosystems lie atop a karst and rolling topography
with elevation ranging from sea level to 300 m. Sentinel-1
VV/VH 24 day times-series – from October 2014 to January
2016 – are complemented by three ALOS-2 HH/HV images
acquired between October 2014 and March 2016. The colour
composite (details) in Figure 8 represents the most
significant TSD – derived from ALOS-2 and Sentinel-1 –
and related LCM. As noticeable from the colour composite,
in tropical forest the main contribution is provided by
ALOS-2, particularly by the HH coherence (at 14 days
interval) and HV intensity. The contribution of Sentinel-1
TSD is essentially in the differentiation of low vegetated
areas and wetlands.

Figure 8 – Detail of TSD colour composite derived from
ALOS-2 (HH coherence=red; maximum VH=green) and
Sentinel-1 (maximum VH=blue) and related LCM (natural
forest=green; settlements=red; agriculture, grassland, bare
soil=yellow; roads=black; water=dark blue; wetlands=light
blue; swamp forest=magenta; wet shrubland=brown).
5. South Africa
The selected forest plantation, located in Mpumalanga
province, includes 64,000 hectares forest, of which 58,000
hectares are pine and 6,000 hectares are eucalyptus. In
addition to forest production, it has 28,000 hectares reserved
for conservation, streams, natural heritage sites, roads and
access routes. Individual stands consist of single species and
assessment of the inventory is done at the stand level.
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Sentinel-1A VV/VH 24 days time-series (April to October
2015) are used to monitor forest area changes, i.e. when and
where in the forest plantation harvesting and reestablishment occurred, and to identify locations of forest
areas burnt in and around the forest concession. Figure 9 left
illustrates a TSD colour composite derived from the
Sentinel-1A VH time-series. Forest is distinctly identifiable
in bright (high biomass) and dark (low biomass) green
represented as the median value of the temporal signature.
Two dominant colours, both related to soil practices, are
additionally distinguishable: red and blue. Red colour
(maximum ratio) indicates that the soil changed its
properties from flat to rough condition, while blue
(minimum ratio) the opposite. Finally, the cyan colour (in
the middle of the forest concession) corresponds to
harvesting: in a compartment, harvesting was done in
August, in the two adjacent ones, in September. Figure 7
right shows the resulting LCCM product: the semantic
information reflects the TSD colour composite.

Figure 9 – Detail of TSD colour composite derived from
Sentinel-1 (maximum ratio VH=red; median VH=green;
minimum ratio VH=blue) and related LCM (natural
forest=green; settlements=red; agriculture, grassland, bare
soil=yellow; roads=black; water=dark blue; wetlands=light
blue; swamp forest=magenta; wet shrubland=brown).
Current practices for forest inventory are based on a
systematic sampling process using circular plots. These plots
have a radius of 12.5 meter, giving a plot area of 500 sqm.
Normal practice is for one sample plot per hectare, leading
to the prerequisite 5% sampling intensity. A minimum of 5
plots per compartment is required. Occasionally the
sampling strategy and/or intensity may be changed to meet
particular requirements. The forest stand volume calculation
algorithms require as inputs the Diameter at Breast Height
(DBH) distribution in 2 cm intervals, and the number of
trees per hectare in each diameter class. A predicted tree
height is obtained for each diameter class through the

DBH/height relationship. The outputs of this process are
volume (m3) for the stand in pre-defined log classes.

plots (light green) a high level of fragmentation is
noticeable.

The Water Cloud Model (WCM) has been exploited to infer
timber volume – illustrated in Figure 10 top – from ALOS-2
HV data. The coefficient of determination, R2, between the
modeled timber volume based on in situ data and the
estimated one using ALOS-2 HV data is 0.68. Despite some
outliers, the estimated timber volume is more than
satisfactory, particularly by keeping in mind that the
reference one is also modeled. By analyzing the location of
the various samples, it has been noticed that the samples
showing a large deviation are those close to the forest
border, where typically the radar backscatter (10 meter)
tends to be close to layover or shadow condition.
Figure 11 – One meter resolution DSM and LCM derived
from Pleiades tri-stereo images. LCM classes: natural
forest=dark green; plantation=light green; infrastructure=
red; agriculture, grassland, bare soil=yellow; roads=violet;
water=blue).
IV. CONCLUSIONS
The use of multi-sensors times-series is fundamental from a
data processing and analysis perspective. Few or
sporadically acquired images are of little use for mapping
and, particularly, monitoring purposes. The pilot studies
clearly demonstrated that the best results – in terms of land
cover classes differentiation and accuracy – have been
obtained where long time-series systematically acquired
were available. The synergistic use of multi-source data
unquestionably contributes to enhance the land cover
differentiation and level of detail, particularly when the
temporal component is scarce. In those cases, note, the
automation level is significantly reduced. It has to be
pointed out, that SAR time-series have been exploited in
terms of intensity and coherence, the latter particularly
relevant in the dry period and in those areas where moisture
is relatively and constantly low. Moreover, due to the
constant baseline of Sentinel-1, multi-temporal coherence is
exploitable and comparable, since baseline dependence and
decorrelation is negligible.

Figure 10 – ALOS-2 HV inferred timber volume (top);
modeled timber volume vs. WCM timber volume (bottom).
Over a limited area of 10 x 10km, Pleiades tri-stereo images
have been acquired. The purpose is to generate a detailed
LCM and topographic map of a forest small growers area,
where the average size of the forest plots is significantly less
than one hectare. Figure 11 shows a 3D representation of the
obtained LCM. Besides the limited dimensions of the forest
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In this work, we have further shown that the use of TSD –
computed over different periods depending on seasonality
and land cover phenology – significantly reduces the
analysis complexity, while data synergy is ensured. It has to
be pointed out that the temporal evolution of the
backscattering coefficient, coherence or indexes can be also
analysed using dedicated detection algorithms, but, in this
case, a priori very specific knowledge of the object
characteristics must be well known. This is rarely the case.

Concerning TSD classification, a knowledge based classifier
has been preferred to a machine learning (or similar)
approach, since it ensures a comprehensive understanding
and control of this step. Essential is the input (in terms of
relevance and data quality) to the classifier, and not (or
much less) its complexity. Moreover, rules can be/are
continuously updated and extended depending on new
biomes and TSD combinations.
With respect to ALOS-2 Fine Beam, its use is unfortunately
limited, due to the bounded data availability (two images per
year). This was not the case for ALOS PALSAR-1, where
Fine Beam data have been acquired more frequently (on
average six images per year) and acquisitions were done
according to the seasonality. Even if the ALOS PALSAR-1
Fine Beam acquisition mode was not fully exploited, these
data played a significant role for forest and land cover
applications [1]. Given the ALOS-2 acquisition scenario, the
use of the Fine Beam mode data is definitely more
appropriate in such biomes where the land coverage is
confined to few classes and the land cover changes are slow.
Finally, concerning optical time-series and related indexes,
their contribution is relevant. However, it remains a fact,
confirmed in recent trials, that a repeat cycle of 5 days – as
in the Sentinel-2 case – is far away not sufficient to obtain
proper time-series. The use of indexes time-series is
primarily bounded to the dry season period or to indexes
temporal compositing during the rest of the year. In boreal
regions, their use is prevented during the boreal night, while
in tropical regions during the whole year.
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Abstract— The overall objective of our KC Phase 4 project was
the demonstration of L-band SAR data from ALOS-2 data for
improvements in National Carbon Monitoring systems as
required for example in MRV reporting under the UNFCCC
REDD+ convention. In particular ALOS-2 ScanSAR data offer a
denser time series of dual-polarimetric acquisitions and as such
allow for more detailed temporal resolution in tracking
deforestation, forest degradation, and regrowth with SAR’s cloud
penetrating imaging capability. We obtained time series data
stacks from the JAXA delivered K&C ScanSAR tiles over a suite
of test sites in various ecosystems in the Americas, Central
Africa, and Indonesia. Sentinel-1 SAR data were also obtained
for a comparison and evaluation of synergy between L- and CBand data. We tested the ALOS-2 ScanSAR and JAXA Mosaic
data for their geometric quality in building time series stacks and
the suitability to track forest change. With respect to geometric
accuracy, we found that both ScanSAR and the mosaic data
showed geolocation errors up to 200 m and 100 m respectively.
These geolocation errors were also not consistent within
ScanSAR tiles in a time series stack. This would result also in
radiometric terrain correction inaccuracies where sloping effects
on backscatter remained in the imagery. For flat terrain regions
we were able perform image matching in two steps: The ALOS-2
ScanSAR data were match to a selected master time step and
then the stack was matched to Sentinel-1 or ALOS-1 data
geocoded with our processor. The ALOS-2 Mosaic data were
matched similarly. The corrected time series data stacks for
ALOS-2 showed good radiometric stability in flat regions such
that time series change point detection could successfully be
performed and hence, could be deemed highly valuable for subannual forest change detection.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, ALOS-2 Mosaics and ScanSAR, Sentinel-1, Time Series.

I.

INTRODUCTION AND OBJECTIVES

In addition to data provision from JAXA, this project was
partly funded under a NASA Carbon Cycle Science Grant
titled: “Time Series Fusion of Optical and Radar Imagery
for Improved Monitoring of Activity Data, and
Uncertainty Analysis of Emission Factors for Estimation
of Forest Carbon Flux”.

The overall objectives were to:
- Understand temporal backscatter signatures from Lband and C-band to complement optical data-based
land cover monitoring for REDD+ and other
reporting agreements.
- Focus on K&C ScanSAR time series analysis which
provide to date the densest dual-polarimetric
observations of land at L-band which allows for
greater temporal resolution of the backscatter signal
of different land cover types
- Study the synergy and differences of backscatter
signals from C-band (Sentinel-1) and L-Band data.
- Study backscatter time series signals to be expected
from the NISAR mission.
As such this project supported the Kyoto and Carbon science
team objectives to monitor forest carbon dynamics (“Forest
Theme”) as well temporal dynamics in regional to global
inundation cycles (“Wetlands theme”).
II. PROJECT DESCRIPTION
A. Work approach
At the core of this project was the compilation of ALOS-1,
ALOS-2 and Sentinel-1 Time series data sets to study land
cover change dynamics. To analyse time series of any remote
sensing data set requires precise orthorectification of data into a
geometrically consistent data stacks. While relative accuracy is
somewhat usable when analyses are only conducted with one
repeat-pass sensor system, absolute geometrics accuracy is
imperative when combining and comparing data sets from
multiple sensor system and ingestion of ground reference data
into the analysis chain. Our approach intended the joint
analysis of SAR sensor data from the ALOS and Sentinel-1
missions, to feed into analysis streams with optical data from
Landsat.
To generate time series stacks from Sentinel-1 we used the
Earth Big Data production pipeline for orthorectification that is
based in Gamma Remote Sensing Software and scaled into

cloud based operations with Earth Big Data’s Software for
Earth big data Processing, Prediction modelling and
Organization (SEPPO). SEPPO allows for efficient throughput
in the building of time series data stacks into Application
Ready Data stacks (ARD). The standard chunking of Remote
sensing data is available into 1x1 geographic tiles as well as the
Military Grid Reference System (MGRS) that was adopted by
Sentinel-2 and the Project for the Harmonization of Landsat
and Sentinel-1 data (HLS). Orthorectification of all data stacks
use the 1 arcsecond SRTM data as baseline for DEMs.
Evaluation of the quality of orthorectification was performed
interactively by comparing linear and point features like
intersections of strong point scatterers with high resolution data
in Google Earth and Bing maps.

C. Ground data
We provided to JAXA maps of classification that we
obtained from collaborators or interpreted from ancillary data
sets which served as reference data of our classification
analysis. We also provided results of our location analysis
through the science team presentations where we evaluated and
compared orthorectification accuracies of JAXA processed and
SEPPO processed data sets. We provided examples of field
data collections in Colombia.
III. RESULTS AND SUMMARY
A. Geometric quality of ALOS-2 ScanSAR and JAXA 25m
mosaic data
We discovered geometric misalignment of the ALOS-2
ScanSAR data stacks in the tiles delivered to the KC teams.
The misalignment was two-fold: 1) ScanSAR data show
misalignment within the same tile (relative offsets) and 2)
misalignment with orthorectified data sets compared to
Sentinel-1, Landsat, and reference data from Google Earth and
Bing data layers (absolute off set). Figure 2 shows and example
of a test tile in Colombia at the Northern Edge of the Amazon
where Riparian Forests are misaligned. We applied an image
matching approach to correct the data relative to each other.

Figure 1. Location of test sites in North and South Americas
for ALOS-2 KC ScanSAR tiles where also ALOS-1 and
Sentinel-1 time series data stacks were analysed. Not shown in
the figure are three test tiles in Central Africa and Riau and
Kalimantan.
B. Satellite data
ALOS-1 data were either processed by SEPPO or retrieved
from the Alaska Satellite facility DAAC where orthorectified
products for the Americas were available at high resolution
(12.5m pixel spacing) or lower resolution (25 m pixel spacing).
ALOS-2 data were obtained from the AUIG interface and
processed with SEPPO. ALOS-2 ScanSAR data were obtained
from JAXA as data sets distributed for the KC Science Team.

Figure 2. Top: Misaligned ALOS-2 ScanSAR data.
Bottom: After alignment applying an image matching
algorithm

Figure 3: Temporal profiles of L-band HH andd HV from ALOS-2 ScansSAR data in Colombia for Tile N04W072.

Figure 4: ALOS-2 ScanSAR Backscatter profiles for logging events in the Northern Amazon forest in Colombia. The left profile
shows an earlier logging event and subsequent variation in the L-band cross-polarized data. The profile to the right shows the logging
event clearly in the cross-polarized time series profile. Like-polarized data are almost insensitive the logging event and have a more
pronounced seasonal backscatter profile.

Once data sets were aligned, time series profiles could be
extracted and studied. This revealed the suitability of dualpolarimetric backscatter data from ALOS data to for the

observation of inundation dynamics and forest change. As
can be seen in Figure 3, the seasonal flooding in the
Riparian streams in Colombia in tile N04W072 shows for a

two-year period from April 2015 to February 2017 how LHH backscatter has seasonal peaks during the rainy season,
while L-HV backscatter shows a flat backscatter curve.
This is rooted in the string double-bounce response of likepolarized data at L-band, and foremost volume scattering of
the cross-polarized data. Figure 4 shows the temporal
stability of the ALOS-2 ScanSAR signal and readily allows
detection of logging events. After logging disturbance, LHV backscatter drops from the flat profile on the order of 3
dB or more. We have observed this kind of drop in all test
sites.
In order to enable fusion of ALOS-2 L-Band time series
profiles with other sensor data, we performed analysis of the
geometric quality of ALOS-1/2 Mosaic and ScanSAR data
sets. Figure 5 shoes an example of RTC processing ALOS-1
data from SLC format with the SEPPO processor compared to
the data available from the ALOS-1 25 m mosaic data
distributed

Figure 5: Top: RTC processed data with SEPPO/Gamma software.
Bottom JAXA Mosaic data.

Figure 6: Comparison of Geometric offsets in SEPPO
processed data (top), JAXA KC ScanSAR data (center)
and JAXA ALOS-2 mosic data (bottom). Both ALOS-2
ScanSAR and 25 m mosaic data sets are geometrically
offset to the south east by 100-200 m.

by JAXA. It can be seen, that a geometric offset of up to 100 m
was observed in the JAXA data, which resulted also in
insufficient radiometric calibration of the backscatter in
moderate terrain in this test site located at the border of Guyana
and Brazil. The remaining terrain effects of the SAR
backscatter is seen as brightened stripes in the Jaxa mosaic that
has been corrected for in the SEPPO processed data. Figure 6
shows the analysis of offsets in the JAXA KC ScanSAR and
Mosaic data compared to data processed with SEPPO/Gamma.
The analysis was performed at an airport strip in Iquitos in
Peru. Similar effects were discovered in virtually all ALOS-2
ScanSAR products. Figure 7 shows statistics of image
matching points when matching ALOS-2 stacks to Sentinel-1
orthorectified data. The data stem from the automated
matching of 22 KC ScanSAR tiles. It can be seen the
maximum offsets are close to 150 m for automatically retrieved
matching points. Visual analysis has seed offsets up to 200 m.

Figure 7: ALOS-2 ScanSAR multi-temporal backscatter
metrics extracted from a 1x1 degree tile coverging the North
Rupununit Wetlands in Guyana (Tile: N 04W060). The RGB
composite shows in red the 95th percentile, in green the 5th
percentile, and in blue the difference of the 95th and 5th percentiles
of all backscatter observed during 2015-2018. The red box shows
the detailed area of backscatter profile studies in Figures 8 and 9.
Figure 7: Statistics of identified matching points in 22 KC ScanSAR
ALOS-2 tiles matched to orthorectified data from Sentinel-1.

We conclude, that the geometric offsets in the ALOS-2
ScanSAR and ALOS-1 and 2 mosaic data severely limit the
potential of the KC processed ScanSAR data and ALOS-1 and
ALOS-2 mosaics for integrative analysis with other sensor
data. For flat terrain, were the radiometric terrain correction is
less severely affected by the geometric offsets, an image
matching technique was applied rooted in the SURF algorithm.
This technique allowed us to co-register ALOS-2 ScanSAR
data, Sentinel-1 and optical data stacks. As such were able to
conduct analysis in time series profiles to monitor inundation
patterns and forest disturbance events.
B. Time Series Profiles from ALOS-2 ScanSAR data
Below are examples of backscatter profiles that we were
able to extract after image matching techniques were applied to
the ScanSAR data stacks. The examples demonstrate the strong
potential of land cover change tracking with the L-band data.
Relative stability of the data over time can be seen in the

examples and change events like inundation and forest
degradation have backscatter changes of several dB.
The first set of examples stems from analysis over a test tile
in Guyana at the border of Brazil, the North Rupununi
wetlands. This test site is characterized by the confluence of
three river systems which results in a complex inundation
pattern where inundation periods can be as short as half a day.
The test site was analysed with ALOS-2 ScanSAR time series
profiles and Sentinel-1 data. Examples of ALOS-2 and
Sentinel-1 backscatter characteristics are shown.
In Figure 7 an approach to visualize time series profiles in
RGB color space is shown. We choose to condense the time
series into metrics of backscatter over the entire time series as
the 95th percentile and 95th percentile. This is preferable over
showing minimum and maximum values in some cases where
the focus is less on monitoring backscatter extremes from
extreme wet or dry events. In particular at C-band, seasonal
heavy tropical rain can have temporary backscatter increases
from high soil moisture backscatter. At L-band these effects are
less pronounced, yet the percentiles still smooth an RGB
display. Using percentiles also eliminates some artefacts in the
data stemming from missing or corrupt time series steps.

Figure 8: Various backscatter time series profiles of the savannah/forest/wetland landscape of the North Rupununi wetlands
in Guyana. The x-axis shows the time range from October 2014 to October 2018.The y-axis shows the gamma naught
backscatter values of the ALOS-2 ScanSAR data at L-HH (red curves) and L-HV (blue curve) ranging from -30 to 0 dB. The
relative stability of the ALOS-2 backscatter can be seen over the years in targets where no change occurs. Seasonal dynamics
are visible relating to inundation and soil moisture changes.

A change point detection algorithm was applied to some of
the suitable data sets with flat terrain to detect changes from the
ALOS-2 ScanSAR time series. The change point algorithm is
based on cumulative sum analysis and is proposed as the
standard change algorithm for the NISAR science product for
forest disturbance detection (Kellndorfer et al. in NISAR
Science Handbook, 2018). Figure 10 shows for the Riau,
Indonesia tile an RGB composite displaying the 95th (red), 5th
(green) and 95th minus 5th (blue) percentile for the tile. In this
color combination, strong variations in the time series show in
purple colors, while areas of little change show in yellow-green
colors. Figure 11 shows an RGB composite of three selected
time steps for the same RGB tile. Colors in such a composite
relate to the relative backscatter changes in these time steps.
Gray white colors mean that backscatter has been the same in
all three time steps.
Figure 9: Observed breakpoint in the time series of ALOS-2
ScanSAR data where forest density has changed between
2016 and 2018 as evidenced by high resolution optical data
sets obtained from Google Earth. The break in 2017 is
clearly visible in both the L-hh and Lhv backscatter profile.

Figure 9 shows an example of change detected in the ALOS-2
ScanSAR where forest density has changed.
C. Time Series Change Point Detection

Figure 11: RGB Composite of three ALOS-2 ScanSAR
acquisition dates in Riau, Indonesia.
In Figure 12 the lower right section of tile N01E102 is shown
after classification into change points detected from the ALOS2 time series algorithm. The left panel is a zoom into a region
that has undergone significant change in 2018. The right panel
depicts the identified changed areas and change dates.
Figure 10: RGB impression of the time series of ALOS-2
ScanSAR backscatter in tile N01E102 in Riau, Indonesia.

were misregistered by up to 200 meters. This makes integration
with ground reference data and co-registration with other
remote sensing data sets difficult. While image matching
techniques can successfully be applied to co-register the ALOS
data to optical and other SAR data, the JAXA products have
inherence remaining terrain effects that cannot be corrected by
simple image matching. Reprocessing of the JAXA data from
SLC data is thus recommended. Because of the limitations we
focused in the final phase on the ALOS-2 only time series
analysis without detailed integration with optical data sets. We
hope to further this analysis in the next KC phase with
geometrically improved ALOS-2 time series data sets.

Figure 12: Change detection from ALOS-2 ScanSAR data with identified
change dates in Riau, Indonesia.

IV. CONCLUSIONS
Our project has demonstrated that ALOS-2 ScanSAR time
series data prove quite powerful in change detection of land
cover. Both wetlands and inundation dynamics and forest
disturbance were successfully tracked with time series of the
cross-polarized backscatter from ALOS-2 ScanSAR data. The
enhanced temporal resolution permitted a more refined
detection of timing of events compared to the less frequently
acquired fine beam resolution data. Like-polarized data of the
ALOS-2 ScanSAR time series showed the expected response
to seasonality in inundation and soil moisture patterns across
the analysed tiles. The cross-polarized data from ALOS-2
ScanSAR show good stability in undisturbed regions an exhibit
a clear backscatter drop in most cases where disturbance and
logging of forests occurred. To data, ALOS-2 ScanSAR are the
only L-band data record that provides cross-polarized
acquisitions at a temporal resolution of less than one month
acquisition frequency. This makes ALOS-2 ScanSAR data
suitable for rapid deforestation detection.
However, the ALOS-2 ScanSAR and ALOS-1 and ALOS-2
finebeam mosaic records have serious limitations in non-flat
terrain due to identified geo-location offsets. We found across
all test tiles that the KC ScanSAR tiles and JAXA Mosaic data
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Abstract –
The National Forest Monitoring System for REDD+ in
Mozambique has started its implemented under the Project for
the Establishment of Sustainable Forest Resource Information
Platform for Monitoring REDD+ in the Republic of
Mozambique with the support of JICA. Among many activities
developed one of the principal objective was to produce forest
base map (2013) has a reference forest based map using ALOS
data and Landsat 8 data. Forest classification was adjusted to
response the wall to wall method applied during the
interpretation of the satellite images to produce the forest map
of the country. This map was produced to facilitate the
National forest Inventory carried out in 2018. The ground
survey was carried out for data verification and validation of
the types of forest classification and changes caused by
deforestation detected using ALOS-2 data, PALSAR-2 with the
support of K&C initiative to support spatial analysis for
production of map of deforestation. From the data collection
using a GPS a threshold of boundary of deforested area was
taken and -3 dB was ensured as the best threshold of automatic
detection of deforested areas. Shifting cultivation was
considered as the major drivers of deforestation. Although,
continuous big areas are those where charcoal production is
taking place. The main challenge still to detect forest
degradation using satellite data.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
map, areas of deforestation.

I.

INTRODUCTION

A. About Phase 4 reporting
In 2009 Mozambique was selected by the Government
of Japan to benefit from technical and financial support for
the implementation of Forest Preservation Programs. This
support comes under the cooperation between the two States
and began with the provision of a donation by the
Government of Japan in 2010, equivalent to US $ 7 million
for the acquisition of materials and equipment including
ALOS satellite images.

From 2010 to date, the Government of Japan has been
providing technical support to the forest sector through the
sending of a technical advisor by the Japan International
Cooperation Agency (JICA), which has supported work on
climate change, reducing emissions from deforestation and
forest degradation (REDD +).
From 2013 to 2018, with technical and financial support
from JICA, Mozambique implemented the Project for the
Establishment of the Forest Resources Information Platform
for REDD + monitoring, in which the Provinces of Gaza
and Cabo Delgado were mapped and inventoried on the
scale of 1: 250 000, based on AlOS satellite images of 2008,
and produced historical series Landsat images of 2002,
2005, 2008, 2010 and 2013 for the determination of the
reference line for each of the Provinces.
From 2016 to 2018, the mapping of the remaining eight
provinces of the country was carried out in parallel with the
satellite images Landsat 8 of 2013. This work completed the
provincial forest maps which composed the national forest
map as the reference based map.
The mapping was followed by a new definition of
forests for Mozambique, which establishes a minimum area
of 1 ha, with a crown cover of 30% and a minimum height
of 3 meters.
This document briefly summarizes the conclusions of
the two studies carried out in terms of cartography in the
Country and forest inventory in the Provinces of Gaza and
Cabo Delgado.
In parallel to this project a cooperation with JAXA have
been carried out since K&C phase 3 and phase 4 (2016 to
2019) of initiative project. The National Directorate of
Forest have participated in K&C phase 4 and extension of
phase 4 from 2018 to 2019.
The main products of JAXA ordered during the phase 4
was used to confront the issue of land cover changes
specifically caused by deforestation. Also, it was used for
verification and validation of forest types during the
mapping of the two provinces (Gaza and Cabo Delgado) and
also checking forest types covering other provinces and

confront with the data collection from the ground in order to
improve the method used in forest classification.
In the phase of extension the National Directorate of
Forests (DINAF) did not order satellite data from JAXA.
Have concentrated the work to finalization of the national
forest base map with the technical support of JOFCA and
Kokusai Kogyo CO, LTD of Japan for the two provinces
and of the production of other eight provinces maps
conducted by PASCO COORPORATION consultant team
of Japan.
The ALOS 2 data have been used for calibration the
mapping of the changes (deforestation and forest gains).
Most of the areas fond was those areas affected by shifting
cultivation practices by small farmers and charcoal and
firewood production for domestic consumption.
Within the K&C phase 4 project of JAXA the National
Directorate of Forestry have been benefited with 50 scenes
of satellite imagery every year of the country, which have
contributed to improve the national forest map and
facilitated the applied method to detect deforestation in all
country. On the other hand we have been accessing mosaic
data for of radar which allowed to evaluate the level of
deforestation in the past yeas such as 2008 to 2010 and 2015
to 2016 as well as the time series (2001, 2003, 2005, 2008,
and 2010) of the two provinces where JICA project was
implemented.
II. DESCRIPTION OF YOUR PROJECT
A. Objectives and relevance to the K&C drivers
The Government of Mozambique thorough the National
Directorate of Forestry is one of the beneficiary of JICA
project for establishment the Project for the Establishment of
Sustainable Forest Resource Information Platform for
Monitoring REDD+ in the Republic of Mozambique. . The
aim of the project with the support of JAXA was to develop
a national system to monitor REDD+ in the country. The
support of JAXA comprised two phases. The report will
focus mainly in phase 4.
The JICA project had the following overview:
•

Duration Five years (February 2013-January 2018)

•

Implementing organizations National Directorate of
Forests (DINAF), MITADER

•

Target area Gaza and Cabo Delgado provinces for
inventory, FRELs/FRLs and Land Cover and
Land Use MAP National level for platform

•

Goal of the project

•

Additional work of mapping to accomplish the map
of the country was carried out in order to support
the national forest inventory.

The phase 4 project has contributed to start the
establishment of the national forest monitoring of REDD_ in
the country.

The forest cover area of natural forest from the recent
forest based map is estimated in 41. 959. 920, 00 ha about
53% of the coverage of the country.
During the work of mapping many ground activities have
been carried out for ground truth using ALOS-2, PALSAR-2
data provided to JAXA. The ground truth was mainly based
in detecting the deforestation and check it form the ground
and measurements of the real area detected from satellite
images and confront with data interpretation from the desk
and threshold taken in the ground by GPS. As well as
qualitative assessment such as interviews in the ground have
been carried out to ensure the year of occurrence of
deforestation and the cause of deforestation.
B. Work approach

Figure 1. Example of a one-column figure. Be sure to include copyright
information for satellite data, such as e.g. © JAXA/METI and acquisition
date (here: Jan 31, 2018)

C. Satellite data
Within the K&C project of JAXA the National
Directorate of Forestry have been benefited with 50 scenes
of Radar satellite imagery every year of the country in order
to develop a methodology to detect deforestation in all
country. On the other hand we have been accessing mosaic
data for of radar which allowed to evaluate the level of
deforestation in the past yeas such as 2008 to 2010 and 2015
to 2016.
To completion of the national forest based map Landsat 8
data of 2013 was used for other eight provinces.
For the comparison of the best or appropriate threshold of
the deforested areas, Sentinel images was used as well.
D. Ground data
We have provided ground data of deforestation from
ALOS2 images and adjusted the corrected threshold of the
boundary of the line of deforestation using GPS. Also we
have been confirmed the description of forest type of tropical
dry forest of the country in some provinces within 76 points
visited.
III. RESULTS AND SUMMARY
Using ALOS-2 images different threshold such as -2 dB,
-3dB, -4dB, and -5 dB within two periods (2014 and 2015)
was experimented and compared to the threshold from the
GPS taken from the ground where we found that the most
appropriate threshold to be used is -3dB. Also the minimum
area areas was selected to detect the deforestation caused by
shifting cultivation.

Achievements
Through the K&C4 the project the National Directorate
have carried out several ground truth within the all country.
76 points was visited to validate the accuracy of the
methodology developed to detect the deforestation using
Radar imagery.
The work done with the satellite imagery got from K&C
project have contributed for training and consolidation of the
methodology implemented by technical assistance of JICA
on the elaboration of the maps of deforestation including
gains of trees in some areas previously deforested.
So, this technique can be continuously be used within the
country to detect deforestation areas with more accuracy.
Later on we have to face the challenge for detecting forest
degradation which still under clearance process of
interpretation using Remote Sensing.
Using PALSAR and PALSAR 2 data to determine the
process clearance of vegetation caused by deforestation due
to shifting cultivation, fire, and charcoal production was the
major issue detected in the country. Also, ScanSAR data
have been used with the same purpose.
The results have shown that the level of deforestation
have increased sharply in the last few year since 2008 to
2013 to 0.53% of deforestation. The main drivers of
deforestation are shifting cultivation, charcoal and firewood
production for domestic consumption in urban areas.
The future perspective is to establish a solid national
forest monitoring system to the country in order to produce
systematically information related to the forest sector to
response the need of information by UNFCCC and other
organization including the domestic use with the provision of
consistent and reliable information.
IV. MISCELLANEOUS
Figure 1 was produced from the combination of ALOS-1
PALSAR-1 in conjunction with Landsat 8 data of 2013 as a
base map reference for the country

Work flow for elaboration of the forest cove mat
After the forest cover map is prepared as base map, only
areas which only land cover and land use types are changed
are detected by use of radar imagery at the national level and
the areas are reflected on the base map for update of forest
cover map.

Figure 1: Forest land cover map of Mozambique
The forest cover area of natural forest from the recent
forest based map is estimated in 41. 959. 920, 00 ha about
53% of the coverage of the country.
Methodology of ground based frest monitoring
- Survey points in the field
- Identification of forests/non-forests
- Basic information of the survey point (area
information, elevation, longitude/latitude, etc.)
- Current land cover condition (forest or non-forest)
and current crown cover rate
- Presence of deforestation
- In case of non-forests, area of the non-forested land
including the survey point (rough estimation or GPS
survey)
- In case deforestation occurred, the causes of
deforestation, timing of deforestation and forest
types before the deforestation is identified by
interviewing the field extension staff of SDAE
and/or local residents
- Photographs shot at the four directions
(east/west/north/south) on the ground
- Other points noticed.

Ground truth checking of deforestation
-

Slush and burned cultivation site.

-

As far as checking the image bellow, it seemed that
preparation of cultivation was started by cutting
some of trees before September 2014.

-

The crown cover rate of remaining trees was 5%.

-

According to interview, cultivation was conducted
from July 2015 after big trees were cut for fencing
and charcoal making in th image bellow.

-

There is almost no remaining trees and current
crown rate is about 1%.

The following map in figure 2 ilutrate the changes
between the period of 2008 and 2010 represented in red
color. Analyzing the areas it is evident that most of the areas
vary from 1 ha to 5 ha (table 1). This concentration of the
small areas have been found out that are cause of
deforestation due to shifting cultivation. Most of farmers in
the falimiar sector practice agriculture at small scale
manualy. In the period of 2008 and 2010 the totalarea
deforestated per year was 174 740 ha. The high number of
polygons are found from 1 to 5 ha.
Beside shifting cultivation there is a charcoal and
firewood production but this actvitiy to be detected needs a
time series images to compare the changes after a certain
period. Also it is considered as one of the big driver of
deforestation.

Figure 2: Deforestation map in the period of 2008 to 2010

The map in figure 3 forest land cover map associated
with the changes represented in red color which show the
places where changes have been detected.

Analysis of results of GBFM
Points confirmed through GBFM in Cabo Delgado province
Following deforestation drivers were confirmed.
ü

Agriculture (slash and burned cultivation)

ü

Agriculture (commercial)

ü

Construction of buildings

ü

Charcoal making is drivers of forest degradation

ü

In the northern Cabe Delgado province, the average
area of the slash and burned cultivation were larger
than area in other areas because the soil fertile is
low and there is custom that a few families practice
slash and burned cultivation together to prevent the
attack of large animals.

ü

Drivers of almost all deforestation were slash and
burned cultivation.

ü

While it was detected as deforestation in the radar
images with 6.25 m resolution, there are points that
has not been detected as deforestation in the radar
images with 25 m resolution.

In other areas such as Zambezia province
Figure 3: Forest land cover map of the province of Cabo
Delgado province with deforestation polygons in red (22585
ha in period of 2008 - 2010)

•

Drivers of all deforestation area were slush and
burned cultivation

•

80 % of slush and burned cultivation is for sesame
production

•

A deforestation area was developed by a family unit

•

Average area of a deforestation site in Zambezia
province was larger than the area in Cabo Delgado
province. One of the reasons why the area was
larger is that owners of land employed workers for
the development.

It is confirmed that radar images analysis was affected by
fallen trees kept to lie on the ground
In Gaza province:
•

Driver of all of deforestation was slush and burned
cultivation, while there were some sites where cut
trees were used for charcoal making.

•

While small slash and burned area were generally
many, many areas adjacent to the detected area are
also slash and burned cultivation land, it seems that
slash and burned cultivation were not developed in
a large area at a time but the cultivation were
developed over a period of several years.

In Manica province:

Figure 4: Forest land cover map of the province of Gaza
province with deforestation polygons in red (3770 ha in
period of 2008 - 2010)

•

Deforestation drivers were slash and burned
cultivation, construction, commercial agricultural
development and charcoal making.

•

By the automatic detection of deforestation areas,
some places where were wetland and agricultural
land before November 2014 were detected as

deforestation area after November 2014. Therefore,
it is important to conduct the mask filtering by some
methods to exclude non-forest land from
deforestation place candidates based on the land
cover and use map, etc.
•

The actual measurement area of deforestation
places were larger than deforestation area in the
automatic detection. Therefore, there is a need for a
modification of threshold for the automatic
detection.
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Abstract—This project has investigated the benefits of using SAR
imagery to generate woody structure datasets in Southern
African savannahs. Methods have been developed to retrieve
cover and biomass in low biomass environments, typically lower
than 50 T/ha, from ALOS PALSAR-1 & 2 L-band data and
Sentinel-1 C-band data. Methods used are based on machine
learning approaches (random forests) and semi-deterministic
approach such as water cloud modelling. A national/regional
woody vegetation monitoring system has been developed to map
woody structure at large scale. This system uses Random Forest
algorithms and ingests SAR or optical data layers, large tracks of
processed airborne LiDAR data, and field data. The system was
used mostly with ALOS PALSAR mosaics as these are the only
L-band data freely available over large areas. National maps
have been produced in Namibia and South Africa for the years
2010 and 2015. Bush encroachment or woody densification are
difficult to detect due to the slow rate of these changes. However,
debushing activities were well identified even over a one year
period. Non-flat environment were found to overestimate woody
cover, and striping issues were identified in the mosaic as
problematic. These results from the use of imagery with various
moisture level taken at different seasons. These could be reduced
by restricting in the mosaic the use of dry season images.
Recommended length of abstract some 150~250 words.
Index Terms—ALOS PALSAR, ALOS-2 PALSAR-2, K&C
Initiative, Forest Theme, savannahs, woody cover and biomass.

I.

INTRODUCTION

Vegetation has undergone drastic changes in South Africa
during the last few decades, which threatens to radically alter
ecosystem functions and services to the detriment of human
livelihoods, including biodiversity [1]. Savannahs are
threatened in some regions by clearing for cultivation or

degradation through timber and fuelwood extraction, but in
South Africa woody plants are now dominating large areas of
what is known as open savannahs, and trees and shrubs have
expanded into grasslands [1], [2]. Tree cover is believed to
have increased at a rate of 5-6% per decade in southern Africa
[3] and bush encroachment now affects 10-20 million ha in
South Africa. Bush encroachment is a global trend in
savannahs and woodlands [4]-[7], possibly driven by
atmospheric CO2 level increase [1], [8]. Rapid increases in
trees and shrubs have the potential to radically impact the flow
of ecosystem services that benefit humans, and biodiversity.
For instance, an increase in woody vegetation results in
reduced carrying capacity for livestock [9], modified wildlife
assemblages [10], increased evapotranspiration with negative
impacts on downstream water availability, and radical changes
to the natural biodiversity and species distributions [1], [11]. It
also holds potentially positive impacts in terms of carbon
sequestration and the provisioning of fuelwood, and unknown
impacts in terms of feedbacks into the climate system.
Generally, savannahs are critical to food and energy of
rural communities [12], [13], but their regional dynamics and
sustainability remain largely unknown. Information on woody
cover variability across southern Africa savannahs are only
available from products developed globally, for instance the
global Vegetation Contiguous Field [14], [15] or the 25 m
ALOS PALSAR global forest/non-forest JAXA datasets [16].
These products were developed primarily to monitor tropical
forest losses and largely underestimate the distribution of open
forests [17]. Due to the lack of quantitative data on the
distribution and changes of southern Africa’s woody
vegetation component, regional authorities are unable to
monitor, manage, and therefore use this resource sustainably.

Thus in this context the project has the following general
objectives:
Develop methods for retrieving woody above ground
biomass (AGB), height, and cover using L-band (ALOS
PALSAR, ALOS 2 PALSAR 2) and C-band (ENVISAT
ASAR, Sentinel-1) imagery
Generate large scale woody cover and biomass
products using JAXA ALOS PALSAR and ALOS 2 PALSAR
2 global mosaic product
II. DEVELOPEMENT OF METHODS
This section summarizes works which has been undertaken,
or is still underway, to assess methods for retrieving woody
structure metrics with L-, C-bands in southern Africa:
Winter dual polarized L-band ALOS PALSAR scenes are
more effective at mapping woody cover in deciduous
southern African savannahs than optical Landsat data,
acquired at any season, due to the phenological
complexities of southern African savannahs (sparse low
LAI shrub/tree, overlap green grass/tree canopy spectral
signal, deciduous species). Fusion of Landsat with ALOS
further improves accuracies of 5% the retrieval of woody
cover.
Dual polarized L-band ALOS 2 PALSAR-2 imagery is
effective to retrieve AGB across different forest types in
South Africa, especially for savannahs and indigenous
forests. Higher performances were obtained for imagery
acquired under dry conditions (leaf-on or leaf-off) and both
HH and HV polarizations were found to be useful.
Hypertemporal (>10 images / yr) C-band data (tested with
ENVISAT ASAR and Sentinel-1) produce similar accuracy
(~30% rRMSE) to one single dry season ALOS PALSAR
image for retrieving AGB and tree cover in deciduous
savannahs.
Semi-empirical water cloud model can be used effectively,
coupled with hypertemporal C-band data, to retrieve AGB
in southern African deciduous savannahs. The use of
variable transmissivity coefficients calibrated with ALOS
PALSAR-derived cover data and LiDAR data contributes
to significantly reduce retrieval errors for the low range of
AGB (<30T/ha), which is prevalent across wide areas in
southern Africa.of the K&C Initiative: Conventions,
Carbon, Conservation and Climate, i.e. the four C’s.
Burned areas in deciduous southern African can be detected
using time series of C-band Sentinel-1 data. Effect of
burned areas on the SAR backscatter recorded across the
landscape during the dry season may be an additional
source of noise for retrieving structural data with C-band
SAR data, but would not affect so much L-band.
Investigation are currently underway to assess if combining
ALOS 2 PALSAR 2 data with Landsat 8 data can
effectively be used for retrieving tree height across a range
of forest type in South Africa.

III. REGIONAL MAPPING OF WOODY RESOURCE
A number of global forest and tree cover datasets were
assessed for performance in the regional savannah and
woodland biomes, including the JAXA ALOS PALSAR Forest
Non-Forest dataset [16]. These were compared with an
extensive LiDAR dataset collated in the region through
collaboration agreements with a number of organization and
LiDAR companies. The LiDAR dataset has more than 400 000
hectares of data across the region, including in Namibia,
Zambia and South Africa (Figure 1). It was found that the FNF
product performs very well in detecting NF (99% accuracy),
but very poorly for detecting forest between 10 and 80% cover
(~5% accuracy), or even for denser forests with a cover > 80%
(~20% accuracy).Highlight the scientific findings and provide
a short discussion on their relevance to the ConventionCarbon-Conservation-Climate drivers. Elaborate on the role of
ALOS-2 and L-band SAR.

Figure 1 LiDAR coverage (red) compiled in southern Africa, including South
Africa, Namibia, and Zambia. LiDAR tracks are sourced at no cost from a
variety of providers including power utilities, conservation bodies,
municipalities, and private plantations.

Figure 2 compares the 2010 ALOS FNF dataset with the
2010 Landsat Vegetation Continuous Field [18] dataset and a
woody cover dataset derived the 2010 ALOS PALSAR mosaic,
but locally calibrated and validated with LiDAR tree cover data
[19]. Shortcomings of the global products in identifying
appropriate woody cover patterns in the savannah / woodland
region of the Kruger National Park (KNP) is evident, but only
given here as an example. The FNF product did not identify
any forest in KNP, while the majority of the western part of the
park is savannahs with woody cover > 20% on granitic
substrates. Dense evergreen forests (indigenous forests,
plantations) shown to the west of KNP are however well
depicted. It is recommended that JAXA should consider
revising the definition of the backscatter threshold used for
separating NF and F for a better inclusion of low cover African
savannahs and woodlands, if the NF / F threshold is to be used
at 10% as per FAO definition.

Figure 2. Comparison of (A) 2010 JAXA ALOS Forest Non Forest (forest
> 10% tree cover), (B) 2010 Landsat VCF (% tree cover for tree > 5m), (C)
2010 woody cover product using local LiDAR and ALOS PALSAR mosaic (%
tree cover for tree > 1 m) in the Kruger National Park region in South Africa.

Thus, the second core objective of our program seeks to
develop regional datasets of woody cover, biomass and height,
with a specific attention to savannahs which dominate in the
region. To date this work has been relying on the integration of
field, extensive LiDAR datasets (mentioned above), and ALOS
PALSAR and ALOS 2 PALSAR 2 global mosaics produced by
JAXA. Very high resolution airborne LiDAR data (1-2m), are
first processed to generate LiDAR-based woody cover maps at
25 m which is then used as training for Random Forest models
to predict and map woody cover using 25/50 m L-band
PALSAR data for 2007-2010 and 2015+. The methodological
flow used for the national woody vegetation mapping system is
shown in Figure 3. For national and regional scale mapping,
the system used the JAXA L-band ALOS PALSAR backscatter
annual mosaics produced for 2007-2010 and 2015+. The
overall accuracy of the woody cover maps expressed in R2
ranged from 0.64 to 0.76 for the 25m to 75m resolution. The
corresponding Root Mean Square Error (RMSE) was 0.16 to
0.13, indicating an absolute fractional cover error of 16%-13%.
The maps were further qualitatively assess through extensive
field trips (along road) in Namibia and South Africa.

Figure .3 Methodological workflow for the generation of LIDAR/SAR
forest datasets with machine learning algorithm.

Figure 4 and 5 show example of woody cover maps for
South Africa and Namibia. In South Africa (Figure 4),

intermediate cover follows the eastern north-south savannah
belt (A), with low cover dominating in the grassland plateau
(B) and the Karoo biome to the west (C). Higher cover is
generally visible in the Drakensberg slopes and in flatter areas
where plantations and dense indigenous forests are present (D),
and in the thicket biome (E). In Namibia (Figure 5) the bare
ground of the Etosha National Park pan (A) and Namib Coastal
Desert (B), are well visible as well as and the typical striped
patterns of woody cover running east-west of the fossilized
Kalahari dunes (C, see details in Fig. 4). The map shows the
generally high cover of the northern central section of the
country (D), and is likely an indication of the extensive reports
of bush encroachment and impact on cattle production in
Namibia.
Although the backscatter of the ALOS PALSAR global
mosaics were pre-processed to correct for terrain variation, the
woody cover on steep slopes (steeper than 25%) in some
instances were found to be overestimated and will required
additional processing/correction. In addition, the 2015 South
African cover map (Figure 4) shows evident scene bordering
effects which are likely due to moisture/seasonal variations
between scenes. Imagery used in the 2010 mosaic was
predominantly from the dry season, but this was not the case
for the 2015 mosaic. [20], [21] have shown that dry season
SAR imagery (June-September) produces by far better
accuracies for retrieving tree structure metrics in southern
African savannah landscape, and season variability may
seriously affect change assessment in these regions. Indeed
clear cut may still be visible despite moisture variability, but
most changes are gradual under the effect of bush
encroachment [22], [23] or fuelwood/timber use [13], [24].
Mosaic in this region should target in priority the month
between June and September. The capacity to select imagery
(according to preceding rain) for developing national or
regional would be an immense asset.

Figure 4. South African woody cover map produced using airborne LiDAR
tracks and L-band ALOS PALSAR-2 mosaics acquired in 2015. Woody cover
varies from 0 (light green, no cover) to 1 (dark green, 100% cover).

Figure 5. Namibian woody cover map produced using airborne LiDAR tracks
and L-band ALOS PALSAR mosaics acquired in 2009. Woody cover varies
from 0 (light green, no cover) to 1 (dark green, 100% cover).

Above ground biomass maps are also under development.
In this case, we use field AGB of 25x25m field plots (tree
height, basal diameter, and tree species) to generate LiDARbased AGB maps which are then used to calibrate and validate
the ALOS PALSAR mosaic. LiDAR height and cover metrics
were linearly related to field data [25], [26]. At this stage only
savannahs AGB plots were available concurrent to LiDAR
data, thus we restricted the AGB mapping to the South African
savannah biome (Figure 6). The map was produced for the
South African Carbon Sink Atlas, for the SA Department of
Environmental Affairs (http://carbon-atlas.dirisa.org/).

annual scenes, from which a reasonable number is taken during
the winter or the dry season.
Woody cover change assessment were attempted by simply
subtracting earlier woody cover map from later map (e.g. 2010
– 2015) in Namibia and South Africa. Changes in commercial
forestry (growth and clearing) areas were captured very
effectively. Also, in Namibia, large scale debushing
interventions leading to a complete removal of woody plants
using bulldozers were also very effectively detected, see
examples in the fossilised Kalahari dunes in north-east
Namibia (Figure 7). Extensive burned areas due to severe wild
fires also caused reductions in woody cover. Increases in cover
appeared to have taken place more intensively in historically
debushed areas. However, gradual, small changes due to
potentially bush encroachment or selective logging were found
to be more difficult to be detected. This was further
complicated by banding effects present in the woody cover
products retrieved from the global 2015 ALOSP PALSAR
mosaics (e.g. Figure 4).

Figure 7. Evidence of debushing in the north-eastern fossilized Kalahari dune
ridges and woodlands in Namibia. The ridges run east-west, giving a distinctly
striped pattern to the satellite imagery. (A) Woody cover map from 2010
ALOS PALSAR mosaics, (B) Woody cover map from 2015 ALOS PALSAR-2
mosaics, (C) Woody cover change products, and ( D) Field debushing using
mechanical bulldozing.

IV. ACHIEVEMENT AND FUTURE WORK
Figure 6. Above ground biomass maps produced for the South African
savannah biome using intercalibrated field data, airborne LiDAR tracks and Lband ALOS PALSAR mosaics acquired in 2010. AGB varies from 0 (red) to
~100T/ha (dark green).

Issues remain with the current dependence of the approach
on the availability of JAXA-generated global L-band ALOS
PALSAR mosaics, which can suffer from moisture-driven
noise. As mentioned above the opportunity to select the best
annual ALOS images for producing user-driven mosaics and
national or regional maps would be an immense asset.
However, the project has also shown that hypertemporal time
series of Sentinel-1 C-band, available for free regionally and
not limited by cloud cover, provide an alternative to map
national and regional AGB. The later now produce ca. 20

The LiDAR/SAR combined approach used here has the
potential to be expanded to the entire region and can improve
on global tree cover products, e.g. MODIS/Landsat Vegetation
Continuous Field [14], [18]. The latter are the only product
available regionally (and for the continent), and are widely
used for understanding vegetation patterns and dynamics [27],
[28] and potential effects of climate change e.g. biome shift,
despite significant limitations for open forests [29], [30],
prominent in the region. LiDAR technology is an important
option for improving the calibration and validation of southern
African forest products. Very high resolution optical data are
often used [17], [31] but they lack the vertical dimension can
be more difficult to use in “phenologically” challenged regions

(e.g., sparse and low LAI woody vegetation, green grass / tree
canopy confusion, deciduous species). Airborne LiDAR
technology is generally believed to be a costly solution, but
there is many, datasets already available in the region, acquired
for other purposes (asset management, coastal monitoring, etc),
and that can be collated at low cost to make it a viable option,
as demonstrated here. Targeted additional LiDAR acquisitions
can be made in biomes or vegetation types insufficiently
represented in the pre-existing LiDAR data as mentioned
above.
The processing platform for integrating field, LiDAR, and
SAR data was used for the development of woody cover map
in South Africa and Namibia, and AGB maps for the South
African savannah biome. In the future, these will need to be
tested and expanded for the early 1990s (JERS-1), and
subsequent years, 2018-20 (ALOS PALSAR-2). The approach
should be further expended to derive AGB at national scale.
This requires the acquisition of concurrent field AGB data and
LiDAR tracks for a variety of wooded landscapes, e.g. mopane
and bushveld savannahs, thicket, fynbos, indigenous forests,
plantations, alien invasive stands, for developing field-toLiDAR allometric equations and LiDAR-based AGB map for
the calibration and validation of the SAR data. A pan African
AGB map also using ALOS PALSAR mosaic was recently
published by [32]. They used field plots and modelling
approach combining a water cloud model and Bayesian
inversion. Finally, the system can be easily deployed to
produce maps of additional regional countries and the entire
region.
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I.

INTRODUCTION

Register of Public Forests and the main concept, and how to
maintain it updated yearly.

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 an motivation to study
the human induced changes in the world. 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, in the areas 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, define the concept the public forest in
Brazil and its management to be done by Brazilian Forest
Service. In order to recognize the public forest, it is necessary
to use digital geographic information and satellite images. In
2007 the decree 6.063 of March 20th, creates the National

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 Brazilian vegetation
classes ware defined as a Forest type of vegetation of Brazil.
The most relevant Forest maps of Brazil are the RADAM
made on the 70’s, and Vegetation Coverage Mapping on the
ambits of the Program of Biodiversity Monitoring – PROBIO
on the year 2002 covering all Brazil country. The updates of
this coverage are PRODES for Amazonian region by INPE,
yearly since 1984 and PMDBBS for all other biomes by
IBAMA yearly since 2008.

II. DESCRIPTION OF THE PROJECT
A. Objectives and relevance to the K&C drivers
To analyze the forest map we conduct a comparison the JAXA
Forest Non Forest Map and National Forest Inventory sample
points.
The project outline and objectives are: to use forest non forest
data from National Forest Inventory (NFI) to validate Forest
Non Forest Map Produced by JAXA; and improve the Forest
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Map used by Brazilian Forest Service using the ALOS FNF
map and ALOS images mosaics.
Besides the project objectives present opportunities for data
sharing and demands of Brazilian Forest Service with the use
of PALSAR data. Brazilian Forest Service is responsible for
the estimation of forest extension area and characterizes it as a
resource. For that purpose Brazilian Forest Service compiles a
Forest Map of Brazil every year and is conducting a National
Forest Inventory.
There other secondary goals for the project activity, one is the
operational use of ALOS PALSAR for the remote sensing
activities on Brazilian Forest Service. There an interest to use
SAR to monitor National Forest from illegal selective logging
as well as to test if is possible to detect the small impact
selective logging from legal concession (that are very well
monitored and with a good quality of filed data).
B. The data users on Brazilian Forest Service

the image to fit the size of the sample parcels demarcated in
the field). All 21940 were analysed using NDVI the possible
presence of the forest were considered when at least one of the
four quadrants have a minimum of 50% of the pixels with
NDVI higher than 0.5. Even use the low values of NDVI on
the areas of forests affected by seasonal drought the forest
were very sub estimated (high resolution images were used to
analyse a sample of testing points). On the second approach
we combine ALOS and Optical and we could indentify forest
in areas were Rapid Eye couldn´t due to the seasonal effect of
lose leafs during the dry season. These areas are Caatinga and
Cerrado, semi arid areas with deciduous and semi-deciduous
forests in Brazil.
The NFI and FNF Map was done using information collected
until january 2019. For 21940 samples grid points on regular
grid of 20km x 20km of Brazil, about 7000 are in restricted
access areas. Until january 2019 about 8464 points were
collected, these point information was used to compared with
JAXA FNF Map.

The mosaics of PALSAR data are available for all the
geoprocessing technicians of Brazilian Forest Service to be
used to identify Forest were optical data cannot be acquired
due to the cloud cover. Supporting systems for environmental
analysis in Brazil (governmental purposes) and enhance a
network with state governments (mainly in the Amazonian
region were optical images are limited by cloud cover). One of
this used were on the area in the south of Amazonas State
were Brazilian Forest Service did some analisys to support the
creation of 2 new National Forests.
As the series of data for all of Brazil are available the
composition of SAR and optical data can improve the
capability to identify forest regrowth with biomass
accumulation.
The purpose of the project is well correlated with
conventions mainly with the Climatic Change with the efforts
to keep the forest offering an alternative of economical use of
the National Forests. The Carbon is one of the goals to estimate
biomass of the forests in Brazil. The images are also useful to
analyse areas to be proposed to be Conservation Unit.

C. Work approach
For the planning of the field campaign for forest inventory an
approach using ALOS and Optical images ware used to
estimate the probability of forest occurrence. First of all
21940 points were used to sample a 300m by 300m (size of

Figure 1 – All grid points in gray, in yellow restricted areas and in green
sample points with field data collection finished (8464 points).

D. Satellite data
All mosaic data as well as all forest and non forest
data for all over Brasil were required and also get by Brazilian
Forest Service for 2007, 2008, 2009, 2010, 2015 and 2016.
Recently the data from ScanSAR also were downloaded. This
data are organized in image catalogues that can be easily be
accessed by the technicians. All these information are in use to
improve the forest map of Brazilian Forest Service.
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One hundred images of ALOS PALSAR 10m resolution,
most of them dual polarization were downloaded from AUIG2
website. From the total 48 were downloaded on the areas of the
public concessions, were are trying to get identify the areas of
legal selective logging (on the concessions) with very small
impact but very good field data (well controlled) and areas with
illegal logging with high impact and no good field data.

were compared with the Map classes. All JAXA FNF for years
2007-2010 (ALOS) and 2015-2017 (ALOS2).
These Map are a good source of information for all
countries interested on the measurement of forest gains and
losses.

For each sample plot there are 40 subunits of 10 x 10 meters,
and for each of them, there is a register if is forest or not. It
means that for each point we have and index varying from 0%
(0/40) to 100% (40/40) of forest. For the 8464 sampled points
only 3728 have forest, having 1474 points with more than 0%
to 50% of forest, 870 with more than 50% and less than 100%
of forest and 1384 full covered by forest (100%).

Figure 2 – All the location of the 100 images downloaded from AUIG2 all of
them in Conservation areas, and 48 on public concessions (National
Forests), arrows to show areas under concessions in the Amazonian
region.

The other part, 52 images were on the areas of conservation
units with well preserved forest. These areas will be used as
training areas because usually are intact and can be used to find
forest remnants with the same quality on each different type of
forest.
E. Ground data
All 8464 the points with the information of forest and non
forest obtained on Brazilian NFI were provided to JAXA as
ground truth data
III. RESULTS

Figure 3 – All points sampled until now by the National Forest Inventory of
Brazil, in green the points full covered by forest, in light green the
points with more than 50% and less than 100% of units covered by
forest and in yellow the points with more than 0% and less than
50% of units covered by forest.

For the JAXA FNF Map of the year 2017 for the 3728 with at
least one subunit with forest were compared with JAXA FNF
Classes: 41 ( 1,1%) on water, 2624 (70,3%) on non forest class
and 1063 (28,5%) on forest class. With regarding to the amout
of subunits with forest on FNI there 3 groups: on first with
1296 with less than 50% of forest: 16 ( 1,2%) on water class,
1112 (85,8%) on non forest class and 168 (12,9%) on forest
class; the second group with 870 with more than 50% of forest:
3 ( 0,3%) on water class, 604 (69,4%) on non forest class and
263 (30,2%) on forest class; for the third group with 1384 full
covered by forest: 18 ( 1,3%) on water class, 780 (56,3%) on
non forest class and 586 (42,3%) on forest class.

For the comparison analysis of JAXA Forest Non-Forest
Map (FNF) and Brazilian National Forest Inventory the points
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All collected data from Brazilian National Forest Inventory
were compared with all 7 JAXA Forest/Non-forest Maps
(2008-2010 and 2015-2017). The table 1 show the comparison
by number coincidences between the maps (7 of 7, 6 of 7, 5 of
7 or 4 of 7, only when the class are majority between the years)
and amount of forest sub units consdered as forest (1 for all 40
subunits).
Table 1 – Comparison between JAXA Forest/Non-Forest Maps with NFI
samples considered as Forest.
Map Class
1
1
1
1
1
2
2
2
2
2
3
3
3
3
3
4
4
4
4
4

Maps Coincidence
7
6
5
4
Total Result
7
6
5
4
Total Result
7
6
5
4
Total Result
7
6
5
4
Total Result
TOTAL

1

>0.5
59
61
143
348
611
413
171
90
56
730
0
0
1
2
3
18
6
4
3
31
1375

55
34
39
46
174
665
210
102
87
1064
1
1
1
1
4
29
6
3
3
41
1283

<0.5
65
58
81
134
338
365
163
78
66
672
0
0
1
3
4
16
3
3
1
23
1037

Total Result
179
153
263
528
1123
1443
544
270
209
2466
1
1
3
6
11
63
15
10
7
95
3695

It results shows that the differences observed may are related
with the scale of the JAXA FNF Map and the data collected on
the field data from NFI.
Besides the main objective of this project there were also the
academic production, three master dissertations with
collaboration of University of Brasilia.
Author: Leandro Meneguelli Biondo
Title: Estimation of Potential Forest Stock from the National
Forest Inventory.
Filiation: Forest Engineer Department
Finished: 2016
Abstract: Data from forest inventories and remote sensing was
interpolated with the intention of spatially estimating forest
storage on unvisited field areas. Using data from trees of 10cm
or greater DBH (Diameter at Breast Height) for biomass
estimation as part of the potential forest storage, processed with
geostatistics and orbital RADAR derived information. The
remote sensing together with kriging of the IFN (national forest
inventory) to rescale the information from 20km to 500m
resolution. Results from kriging were compared to field data
and then a filter mask of PALSAR was applied in order to
remove areas of low forest density from spatial estimatives.

The information was then overlapped with rural properties
registry from Rural Environmental Registry (CAR). The results
showed a total of 340 million tonnes of biomass on Ceara
State, with an average 33.8ton/ha for the most common
vegetation typology (Arborized Savannah) and other common
typologies ranging between 25.9 and 70.0 ton/ha. With 21.784
rural properties and 2.8 million hectares declared. Accounting
for 19.0% of Ceara area, containing 28.6% of estimated
biomass. The biomass average was distributed as 53.3% on
21.275 private registries, 41.7% on 507 settlements of agrarian
reform and 5.0% on two traditional communities areas. This
led to conclude that it is possible and feasible to use the
discrete IFN data associated to geostatistics and vegetation
indexes on forest storage spatial estimates. The results shown
in this work might help future studies on territorial distribution
and planning of forest or environmental managing and
recovery.
Author: Jorge Bohrer Marques
Title: Uso de serie temporal de imagens ALOS-2/PALSAR-2
para classificação de uso e cobertura do solo e detecção de
áreas úmidas na região da ilha do bananal, trecho médio do Rio
Araguaia.
Filiation: Geography Department
Finished: 2017
Abstract: The research evaluated the use time series of the
PALSAR-2/ALOS 2 to classify land use and cover and
detection of wetlands included in Bananal Island, the middle
stretch of the Araguaia River. The identification of flooded
areas of large rivers is an important tool for environmental and
territorial management and contributes to the current territorial
public policies. Four images of the PALSAR-2/ALOS 2, Lband sensor were used, with a resolution of 6.25 meters.
Complementary data were useful in order to aid the
interpretation of the SAR images, such as information from the
fluviometric station, optical images and DEM. The study area
is a site of intense land conflicts and presents
geoenvironmental peculiarities that make it a region of
environmental interest and land tenure. The applied
methodology known as Analysis of Density and Probability
Components (ADPC) served to generate components of each
SAR image and the MNF transform assists the improvement in
the signal-to-noise ratio. For the purpose of comparison the
Gamma adaptative filter was applied whose intention was to
compare with the results of the DPC-MNF. The SVM
classification algorithm was applied to both imaging methods
and the DPC-MNF method presented satisfactory results. With
the results obtained, it can be stated that the CDP-MNF
transformation reached a greater detail for the use of the SVM
classifier, because it presented a more complex and efficient
relation to separate different targets. The Kappa coefficient
results were 0.62 on the SVM/DPC-MNF result and 0.57 on
the SVM/Gamma result, being considered with substantial
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agreement. The flood estimation was calculated based on the
historical series of river flow rates and flows operated by the
ANA. The result of the variation in the flood area was in the
order of 10% between the image that presented the lowest
flood level with the image that presented the highest flood
level. This work contributed to the development of adequate
tools to identify wetlands.
Author: Maria Tereza Leite Montalvão
Title: Detecção de Extração Seletiva de Madeiras Usando
Dados de Radar
Filiation: Forest Engineer Department
Finished: 2019
Abstract: Besides its ecological importance, the Amazon
rainforest delivers important economic activities related to
agriculture, cattle and timber logging. However, forest
disturbance resulting from timber extraction activities have
been increasing in the last decade even on reduced-impact
logging (RIL) management strategy. Detecting and monitoring
these areas is a challenging task mainly because of cloud
coverage on often used optical satellite images. The potential
of RADAR satellite images for monitoring selective logging is
increasing as a possible and efficient tool due to its cloud and
canopy penetration capacity. The goal of this study was to
access the potential the sensor ALOS PALSAR (Phased Array
L-band Synthetic Aperture Radar) L-band for detecting
selective logging operations and mapping the extent of its
impact over the forest. The study sites were in 3 Brazilian
states in the northern part of Brazil and represents 03 different
harvesting areas: two national forests under RIL and 01 private
area under conventional logging. The dataset consisted of 15
dual-polarized scenes (FBD mode, HH+HV) acquired in 2015,
2016 and 2017. All scenes were geo-rectified and subset, and
its DN were converted to the normalized backscattering
coefficient (σ° dB) for both sensors. A speckle reduction filter
was applied to all scenes using a clump model and a texture
filter to detect subtle canopy changes. The mapping
methodology consisted on temporal images, acquired before
and after the selective logging operation to identify and
measure common infrastructure (decks, roads, skids and
canopy gaps) and the size of its impacts. Mapping accuracy
was measured using ground field data and the kappa index. The
visual mapping showed a better result on HV polarization
when compared to HH, especially after sigma calibration,
which the values range between -50 and +30dB. In addition,
the RGB composition HH-HV-HH can be better to do analysis
on location of the explored areas. The difference images (HHHV) and (HH / HV) ratio did not show improvements on the
image quality and mapping accuracy for the EIR regions. The
mapping overall accuracy for RIL areas was between 40% and
50%, and for the conventional logged areas, the global
accuracy was 85%, while mapping using ALOS PALSAR
images.
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Abstract—It is important not only to estimate the spatial extent of
changes in tropical forest cover but also above-ground biomass
(AGB) variations associated with those changes. L-band SAR, as
provided by ALOS PALSAR II and previously by ALOS
PALSAR I, is particularly useful in this regard since it operates
at wavelengths which are sensitive to the volume of larger
elements of the tropical forest canopy structure.
Several factors make the estimation of AGB from LBand SAR problematic: the influence of structural and
environmental parameters on backscatter, the observation that
L-band backscatter becomes increasingly insensitive to AGB
variation at the high biomass values observed for tropical forests
and the practical difficulties of ground-sampling in tropical
forest countries which can limit sample sizes, particularly at high
biomass.
In this study we have combined dual-band InSAR data
with PALSAR I and II data in order to model the variation of Lband backscatter with AGB for an area of tropical forest in
Papua New Guinea. Fine-resolution (~5m) dual-band airborne
InSAR data (from a JICA-funded 2012 campaign) have been
used to estimate forest AGB over a significant area. The observed
variation of L-band backscatter with the InSAR AGB estimates
has been used to recover estimates of forest AGB.
PALSAR II data for the area from observations
separated by an interval of two years have also been used to
provide insight into the changes in forest cover over that period
which may be associated with changes in estimated AGB.
Index Terms—ALOS-1 PALSAR-1, ALOS-2 PALSAR-2, K&C
Initiative, Tropical Forest Monitoring, Forest Height, National
Forest Monitoring Systems, Above Ground Biomass

I.

INTRODUCTION

A. Estimation of Forest AGB using SAR
Parties to the United Nations Framework Convention on
Climate Change (UNFCCC) are required to annually report
their greenhouse gas (GHG) emissions and removals by
sources and sinks. The Convention addressed assessment,
monitoring and reporting GHG emissions by sources and
sinks, while the Kyoto Protocol addressed the actual reduction
of emissions during its First Commitment Period.

Although Papua New Guinea was an Annex 2 country that
did not have to report to the Kyoto Protocol, the advent of
REDD and REDD+ created a requirement to Monitor, Report
and Verify GHG emissions from Land Use, Land Use Change
and Forestry (LULUCF) and it is important to apply adequate
inventory and monitoring systems that meet the requirements
of Good Practice Guidance (GPG)-LULUCF.
Methodological requirements for carbon pool reporting
are described in three tiers, with increasing reporting accuracy
from Tier 1 to Tier 3. In a Tier 1 approach remotely sensed
data are used to directly identify land use and land-use change,
as well as for deriving Carbon estimates for each unit of land
using empirical or process-based models. A potential Tier-1
approach was first demonstrated by PNG’s Department of
Environment and Conservation in 2013 [1].
Tier 3 methods are generally more complex, normally
involving modelling and higher resolution land use and landuse change data. Tier 3 modelling can also include the direct
estimation of AGB change (and hence GHG emissions) using
remote sensing techniques. The potential of such an approach
has been investigated here through the study of the
relationship between ALOS-1 and ALOS-2 PALSAR L-band
backscatter and AGB in Papua New Guinea.
The estimation of forest above-ground biomass (AGB)
using L-Band SAR has been the subject of many studies with
differing observations of the behaviour of backscatter at high
AGB. For example, in [2] Lucas et al. found that “Regardless
of moisture conditions, L-band HV topographically
normalized backscattering intensities increased asymptotically
with AGB, with the saturation level being greatest for forests
and least for open woodlands”. In [3] Mermoz et al. detected a
decrease in L-Band backscatter with biomass from dense
forests, and indicated that “after reaching a maximum value,
SAR backscatter correlates negatively with forest biomass”.
Recently [4] Yu and Saatchi found that “Different forest
biomes also present differing correlations between radar
backscatter and AGB” and that over eleven forest types the
“saturation level of L-band radar at HV polarization on
average remains ≥ 100 Mg/ha”. Sampling issues make it

difficult to decide whether or not the behaviour of L-band
backscatter with AGB at high biomass is truly as variable as
these results seem to suggest, or whether there is an
underlying, universal behaviour that is obscured by the limits
of sampling forests at high biomass.
An alternative approach to biomass estimation using SAR
was pioneered by Neeff et al. [5] who used dual-band InSAR
data at X-band and P-band from the OrbiSAR airborne SAR
system to recover an InSAR forest canopy height estimate
(hxp) that was combined with P-band HH backscatter to
recover forest AGB. This technique was adapted by Williams
et al. [6] who used a similar X-band-P-band airborne InSAR
dataset from the GeoSAR system to estimate tropical forest
biomass in Papua New Guinea.
GeoSAR was used again in 2012 to study forests in PNG a
campaign on behalf of the PNG Forestry Authority funded by
the Japanese aid agency, JICA. The objectives of this project
have been to use the 2012 airborne InSAR data in conjunction
with the PALSAR I and II L-band satellite SAR imagery to
help establish AGB-Lhv backscatter relationships and
techniques that will permit the detection and quantification of
deforestation and forest degradation in PNG.
B. Study Site: Milne Bay, Papua New Guinea
The site at Milne Bay / Orangerie Bay (Figure 1.) has a
forested area of around 700 sq km, as well as substantial areas
of oil palm plantation of various levels of maturity and large
areas of mangrove and riverine forests with additional areas of
grasslands and subsistence agriculture (Figure 2.). Forest
sample data for the area are available from PNG Forest
Authority (PNGFA). Study area centre coordinates: -10.50o
latitude, 150.25o longitude. The area was the subject of a study
funded by the PNG Forestry Authority in 2013 [7] which
generated a terrain-corrected proxy vegetation height (hxp)
map from GeoSAR X-P band InSAR data collected in 2012
(Figure 3.).

Figure 1. Extent of the study area (central rectangle) between Milne Bay and
Orangerie Bay with outlines of some of the ALOS-1 PALSAR I (blue) and
ALOS-2 PALSAR II (white) data used in this study.

II. DESCRIPTION OF THE PROJECT
A. Objectives and relevance to the K&C drivers
Our objective was to work with PNG authorities and
agencies to establish methodologies for monitoring
deforestation and forest degradation using PALSAR II data
which could be incorporated into PNG’s MRV activity.
Unfortunately agreements between the Japanese
International Cooperation Agency (JICA) and the PNG
Forestry Agency, and delays with the conversion of the
Department of Environment and Conservation into the
Conservation and Environment Protection Agency (CEPA)
resulted in a loss of opportunity for us to contribute to the
"Biodiversity Project" or to the "Enhancing Capacity to
Develop a Sustainable National Green House Gas Inventory
for PNG" activity beyond our initial work on preparation of
remotely sensed data. This resulted in limited access to ground
data from PNGFA.
However we have, using only our own resources, including
our own SAR analysis and feature extraction software
(SARFEX), so far been able to analyse PALSAR II data over
one site of interest (as indicated above).
B. Work approach
We have exploited the products and outputs of historical
remote sensing campaigns over Papua New Guinea to establish
a fine-resolution, proxy-AGB (Bxp) baseline in the study area
for 2012.
We have classified forests in the study area into three
classes (Figure 2.) corresponding to those classes employed by
PNGFA: lowland or low altitude forests on plains and fans
(typically below 400m altitude), lowland/low altitude forests
on slopes (usually between 400m and 1000m altitude) and
lower montane forests (above 1000m). Of the latter there is
little cover in the study area.
Using the proxy forest height (hxp) recovered from the 2012
GeoSAR InSAR data we are able to apply the model of AGB
as a function of this height from [6] to generate an AGB
estimate, Bxp, for the AOI posted at 5m intervals (Figure 4.)

Figure 2. 2012 land cover classification with relief shading obtained from
region-based support vector machine analysis on GeoSAR 2012 data
undertaken using HGC’s proprietary SARFEX workbench software. The
study site is largely forested.

indications are that although sensitivity of

γ hv0

to Bxp is

increasingly reduced at high biomass, there is an underlying
relationship between the two quantities that persists at these
high values and that the backscatter may decrease at the higher
biomass level.

Figure 3. Proxy vegetation height in metres recovered using the difference
between GeoSAR X-band and P-band InSAR DEM heights (2012 collection)
and corrected using terrain slope and imaging geometry information [7].

C. Satellite data and processing
We have analysed four scenes of PALSAR II L1.1 FBD
data collected in 2015 and four collected in 2017 from a similar
geometry and time of year (February). In each observation
period scenes corresponded to one of two orbits.
The PALSAR II data were initially processed using the
ESA SNAP toolbox [8] to calculate Sigma0 after first applying
calibration, multi-looking (2:1 in azimuth:range) and applying
radiometric terrain correction (ortho-rectfication against the
“30m” SRTM DEM). The high-accuracy of the PALSAR II
data did not require the SNAP “SAR simulation” for orthorectification. The Sigma0 data are displayed in Figure 5 and
Figure 6.

Figure 4. AGB estimate Bxp (Mg/ha) posted at 5m intervals based on the
proxy-vegetation displayed in Figure 3 above and calculated using the
method described in [6].

We have established a method of calculating the L-band

Figure 5. 2015 PALSAR II Lhv Sigma0.

HV channel backscattering coefficient, γ hv , corrected for
0

terrain dependence and matched between orbits and between
collection dates that provides a standard value over a large
time interval that is resilient to dependence on meteorological
factors. Our process for the preparation of PALSAR II L-band
data in a standard form compensates for the variation in
backscatter due to changes in moisture conditions and reduces
their influence on estimated change in signal. This preparation
has permitted the investigation of changes in backscatter and
the estimation of AGB from PALSAR II data, at least in as
much as the proxy AGB estimate, Bxp, is correlated with actual
above ground biomass.
We find that ALOS-2 PALSAR II data can be used to
detect forest changes over a two-year interval, and that
PALSAR II Lhv backscatter remains correlated with (proxy)
forest biomass even at high biomass levels. The large number
of independent Bxp samples and the resolution of the PALSAR
II data have permitted the investigation of the dependence of Lband HV backscatter on AGB at high biomass and the

Figure 6. 2017 PALSAR II Lhv Sigma0.

The Sigma0 data from 2015 and 2017 were then coregistered using Fourier Transform convolution (using the
HGC SARFEX software) which suggested a shift of no more

than 10m in any direction, applied to the 2017 data by altering
the geographic information in the associated TIF image files.
Following co-registration the Sigma0 values were
converted to Gamma0 values using the methodology proposed
by Small [9] as implemented in the HGC SARFEX workbench.
Whilst Gamma0 shows less dependence upon terrain and
incidence angle, it is not independent of incidence angle. We
make a further terrain correction by estimating the dependence
of Gamma0 upon the “projected incidence angle” reported by
the SNAP toolbox and compensating for this so that the terraincorrected Gamma0 shows minimal dependence on terrain slope
and imaging geometry and maximal dependence upon land
cover.
Following residual terrain correction we observed a
significant difference in mean brightness between orbits:
approximately 0.11dB in the case of the 2015 data, and 0.34dB
in the case of the 2017 data. This difference was evaluated over
the large area of overlap between orbits. Although this area is a
low incidence in one swath and high incidence in the
neighbouring swath the incidence angle dependence has been
largely removed so the difference is not due to imaging
geometry. Land cover is also the same: in each year the two
February collections were separated by only a few days and
there is no significant change in the land cover in the swath
overlap areas. These differences in residual terrain corrected
Gamma0 are therefore most likely due to variation in moisture
conditions due to an intervening rainfall event. Left untreated
the differences will skew change detection and biomass
estimates so that we have used histogram equalization
techniques to match the distributions of pixel values in the area
where the swaths overlap. In addition there was a smaller
difference in brightness between the 2015 and 2017 data after
internal matching that has also been corrected using histogram
equalization.
The resulting terrain-corrected Gamma0 images are
displayed in Figure 7 (2015) and Figure 8 (2017) and the
distribution of pixel values is displayed in Figure 9. The
variation of pixel brightness with terrain evident in the Sigma0
imagery (Figures 5 and 6) is no longer evident to a large extent
in the terrain corrected Gamma0 images. Some brightness
increase is still observed in areas of layover or significant
foreshortening so that biomass estimation and/or change
detection in these areas remains difficult. This is not a new
issue although additional work on the best treatment of such
areas is clearly required.
The large peak at low values in the histogram is due to the
large area water which has a low cross-polarization
backscattering coefficient.
Statistical cross-histogram-matching between widely
separated acquisitions is useful as long as there is no significant
change in the statistical distribution of land cover between
observation dates as is the case with the study area. Note that
the histogram matching method does not alter the relationship
between pixel values in the same image (bright pixels remain
brighter than dark pixels). However it does permit the direct
comparison of spatially averaged Gamma0 values and

therefore the estimation of change and variation in AGB
between observation dates.
A standardised production workflow is possible if we
recover a standard terrain correction as a function of incidence
angle. Otherwise we are restricted to extracting AGB
relationships that may be processing-specific as is the case
here.

Figure 7. 2015 PALSAR II Lhv terrain-corrected Gamma0.

Figure 8. 2017 PALSAR II Lhv terrain-corrected Gamma0.

Figure 9. PALSAR II Lhv terrain-corrected Gamma0 pixel histogram and
cumulative distribution.

D. Ground data
Since our activity on the remote sensing projects was
curtailed following the agreements between JICA and PNGFA
our access to ground data has been limited. However
agreements between JICA and PNGFA exist that should still
permit JAXA to have access to those datasets that we indicated
would be available to JAXA from Papua New Guinea Forestry
Authority (PNGFA). This includes the 2012 datasets (2012
LiDAR, 2012 P-band DTM and 2012 X-band DSM posted at
5m) for the Milne Bay Study area. JAXA may also request
access to the permanent sample plot data from PNGFA and any
additional ground data that was collected. HGC are able to
supply the 2012 land cover classification (Figure 2.) as
previously indicated and additional derived products including
the terrain-corrected proxy height map (Figure 3.) and the
InSAR forest biomass estimate (Figure 4.) Additional, recent
land cover and land cover change information derived from
LANDSAT data is available to JAXA via the PNG forestry
web-portal [9] and an example of the type of information
available may be found in Figure 10. Spatial logging and
concession data are available from PNG CEPA.

Figure 11. Underlying trend in 2015 PALSAR II Lhv terrain-corrected
Gamma0 against AGB estimated from 2012 InSAR. Left: linear root Gamma0
against Bxp, and right: Ln(Bxp) against Gamma0 (dB).

We observe a definite underlying relationship between
PALSAR II Lhv backscatter and the estimate of AGB even
though the data upon which these calculations are based were
collected more than two years apart using different SAR
sensors.
We see that, as reported elsewhere [2-4], there is a sharp
initial rise in backscatter at low biomass. The rate of change of
backscatter with biomass decreases but in our study is still
positive above 100Mg/ha. Rather than “saturating” above 100
Mg/ha our results indicate that PALSAR II Lhv backscatter
reaches a peak close to 250 Mg/ha after which backscatter is
seen to decrease.
By plotting Ln(Bxp) against

γ hv0 (dB)

we see that the

underlying relationship between backscatter and biomass is
modelled accurately by a linear relationship of the form

Ln( Bxp ) = m × γ hv0 (dB ) + c up

to

at

least

the

peak

backscatter level. Fortunately this appears to account for the
majority of forest, at least in the study area.
We have multi-looked the Lhv images by 5 pixels in both
directions and sampled the points (Bxp,
Figure 10. An example of recent data available from the PNG National
Forest Monitoring Portal.

III. RESULTS AND SUMMARY
A. PALSAR II Estimates of Forest AGB
We have investigated the dependence of terrain-corrected
2015 PALSAR Lhv backscattering coefficient

γ hv0

(Figure 7.)

upon our 2012 InSAR AGB estimate (Bxp, Figure 4.) initially
by sampling the AGB image onto the Gamma0 scenes and
averaging

γ hv0

and Bxp pixel values over bins of fixed AGB

width. The results are plotted in Figure 11. Although this
technique does obscure the large degree of scatter in the points,
by virtue of the very large number of independent pixel
samples available it does reveal the underlying trait in the
dependence of backscatter on AGB even at high biomass.
In the absence of extensive ground data, when making this
calculation we are forced to assume that there has been no
significant change in land cover in the forested areas as
identified in the 2012 land cover classification. It seems
reasonable to accept that this assumption is justified given the
strength of the relationship displayed in Figure 11.

γ hv0 (multi-looked)) and

fitted the preceding relationship to recover the values of the
linear parameters as m = 0.266 and c = 6.288. Having
ascertained these values using linear least squares fitting we
have applied the AGB inversion model to both the 2015 and
2017 terrain corrected PALSAR II Gamma0 data to recover
estimates of AGB (or at least Bxp) for 2015 and 2017 over the
Milne Bay study site.
We calculate AGB estimate from the multi-looked
PALSAR II data and the AGB estimates are displayed in
Figures 12 (2015) and 13 (2017). Although spatial biomass
distributions will vary over time, a mature tropical forest may
be expected to maintain a fixed statistical biomass distribution.
With this concept in mind it should be possible to refine the
PALSAR biomass estimate by statistical histogram matching to
the 2012 InSAR Bxp estimate using unchanged areas. The
PALSAR AGB estimates in Figures 12 and 13 have been
generated after this fashion. Figure 14 displays the histogram
of forest Bxp values recovered over the study site.
The 2012 InSAR data were posted at 5m and the Bxp
estimates were derived at the same posting. The PALSAR II
data were sampled at 10m and then multi-looked in a 5 pixel by
5 pixel moving average. The AGB estimates derived from
PALSAR II data are therefore derived over an area of 50m by

50m or 0.25ha, or approximately 100 times greater than that of
the airborne InSAR pixels. Thus some detail evident in the
airborne InSAR AGB estimates is obscured in the PALSAR II
AGB calculations; however this resolution is suitable for MRV
reporting purposes. The effects of terrain in the layover areas
have not been removed completely and are also reflected in the
PALSAR II AGB estimates.

Figure 12. Estimate of forest AGB (Bxp) obtained from PALSAR II data
acquired in February 2015 over the Milne Bay study site.

Figure 13. Estimate of forest AGB (Bxp) obtained from PALSAR II data
acquired in February 2017 over the Milne Bay study site.

Figure 14. Distribution of AGB (Bxp) obtained from PALSAR II data
acquired in 2012, February 2015 and February 2017 over the Milne Bay study
site.

B. Change Detection
In order to investigate changes we have performed a jointsegmentation of the terrain-corrected Gamma0 imagery from
2015 and 2017 using HGC’s SARFEX software which
employs a parallel Mumford-Shah algorithm. A relatively large
mean region area of 3.25ha was specified for the change
detection calculation as uncertainty in change is greater than
uncertainties in single observation values.
The average Gamma0 value in regions was then calculated
and the difference between the 2015 region average and the
2017 region average calculated. The results for the full AOI are
displayed in Figure 15-17, whilst Figures 18-23 show close-ups
of results for some particularly clear areas of regrowth and
clearing.
Since we have associated an increase in brightness with an
increase in AGB, at least below 270 Mg/ha, so we can reliably
conclude that an increase in brightness between 2015 and 2017
indicates an area of growth or regrowth, and a decrease may be
taken to indicate forest degradation or in extremum a clearing
event. The results of these Gamma0 change calculations are
therefore accessible to interpretation.
It is clear, from reference to Figures 2 and 15-17, that
mangrove forest has mostly been degraded in this time interval.
Whilst there appears to be significant forest growth in the
south-east corner of the AOI, there is a large area of forest
degradation in the central southern area, which is also apparent
on inspection of the biomass estimate images in Figures 12 and
13.
Figures 17 through 19 show a close up of scrub or “garden”
areas which appear to display regrowth and have been correctly
identified in the segmentation change calculation. Another
example which is dominated by an area of oil palm plantation
is shown in Figures 20 through 22. The calculation clearly
indicates those areas of the plantation that have been harvested
(red) and those where the young plantation has been permitted
to mature (green).
Overall much of the area identified as showing growth and
regrowth may be associated with agriculture and plantations.
IV. CONCLUDING REMARKS
We have shown how PALSAR II data may be processed in
a standardised way to recover terrain corrected, matched
Gamma0 pixel values that may be compared between widely
separated observation dates to indicate and quantify changes in
forest cover. Our results suggest that the relationship between
PALSAR II L-band cross-polarisation backscattering
coefficient and above ground forest biomass extends beyond
the traditionally accepted “saturation” limit of 100 Mg/ha and
can be used to estimate AGB at the high values found in dense
tropical forests in Papua New Guinea. Our results suggest that
PALSAR II data would be valuable in the estimation of forest
change and quantification of biomass and GHG emissions as
demonstrated in [1] and we recommend their incorporation and
integration with PNG’s reporting activity.
Further analysis would benefit from access to permanent
sample plot data in the Milne Bay area that would strengthen
the link between the various AGB estimates and ground data.

Figure 15. Mean 2015 PALSAR II Lhv terrain corrected Gamma0
calculated in segmentation regions of average area 3.25 ha.

Figure 18. 2015 PALSAR II Lhv terrain corrected Gamma0.

Figure 19. 2017 PALSAR II Lhv terrain corrected Gamma0 for the same
areas as displayed in Figure 17.
Figure 16. Mean 2017 PALSAR II Lhv terrain corrected Gamma0
calculated in segmentation regions of average area 3.25 ha.

Figure 20. Colour coded change in segments overlaid onto Lhv from 2015
for the same area displayed in Figures 17 and 18.
Figure 17. Difference in mean 2017 – 2015 PALSAR II Lhv terrain
corrected Gamma0 calculated in segmentation regions of average area 3.25
ha. The mean region average terrain corrected Gamma0 value is ~0.25.

Figure 21. 2015 PALSAR II Lhv terrain corrected Gamma0.
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Abstract—Robust and reliable information on the state of
forested ecosystems worldwide is needed to inform on
management and conservation strategies to better plan, manage
and protect our forests and address climate change concerns.
Satellite based forest information monitoring is key to providing
consistent wall-to-wall observations of forest, land cover and
change, that can feed into countries' national forest monitoring
systems (NFMS). The unique sensitivity of Synthetic Aperture
Radar (SAR) to forest structure and biomass can be exploited
independently or in combination with optical sensor data to
retrieve information on forest cover and change over annual and
decadal timeframes.
In this study, we demonstrate a suite of forest thematic
products that can be generated by classification, integration and
change analysis of L- and C-band SAR and optical (Landsat-8)
data. Existing forest cover maps and in situ data also form an
integral part of the calibration and validation process. Satellite
images were sourced from the JAXA's ALOS-1/2 PALSAR-1/2
L-band and ESA's Sentinel-1A C-band SARs. The integration of
SAR and optical data proved beneficial when discriminating
recently cleared plantations, the extent of different forest types
and scrub. Spatially and temporally consistent SAR data are a
fundamental requirement of change analysis; conditions which
were met on processing the ALOS-1/2 data. Clearing polygons
were reliably detected over a 5-year interval using L-band data,
while a dense time-series of C-band observations showed
potential to detect intra-annual clearing and regrowth. Change in
growth stage could also be detected over a 5-year timeframe
using ALOS-1/2 data, providing a potential method for
monitoring regrowth. Forest height retrieval was also attempted
using PolInSAR techniques. The methods employed in the study
are suitable for wall-to-wall implementation and regional to
national scale monitoring of forest cover and change.
Index Terms—ALOS-2 PALSAR-2, ALOS-1 PALSAR-1, K&C
Initiative, Forest Monitoring, Land Cover, Change Detection,
Regrowth, Forest Height, National Forest Monitoring Systems

I.

INTRODUCTION

A. Opportunities for spaceborne forest monitoring
Robust, comparable and sustainable national forest
monitoring and carbon accounting demands an accurate
baseline and spatio-temporal information on forest and land
cover. Traditionally, national forest monitoring systems
(NFMS) have been reliant on optical data due to greater
familiarity, extent of time-series and often free and open
access to data [1]. Synthetic Aperture Radar (SAR) on the
other hand is a relatively recent technology, coming into
prominence over the past decade. SAR offers several
advantages over optical sensors and is operational at specific
wavelengths and imaging modes that suit particular
applications.
SAR sensitivity to forest structure and biomass is unique,
as is its day-night, all weather operation capability [2]. A
wealth of studies have demonstrated SAR capability in
monitoring forest cover, structure and above ground biomass
(e.g., [3], [4, [5]). Wall-to-wall forest monitoring is possible
using SAR, providing better tracking of the longer terms
trends in forest cover. The synergistic use of SAR and optical
data has the potential to provide a new level of detail and
understanding of surface features and environmental processes
([6], [7]). With several launches of satellite SARs over the
next 5-10 years, SAR is one of the fastest growing sensor
types.
In this project, we aim to demonstrate a satellite based
mapping approach to forest information product generation in
Tasmania, Australia, in support of state-wide planning and
conservation initiatives. This will be achieved through the

production of forest thematic products that are relevant to
NFMS [8] and using data from the JAXA L-band SAR ALOS1/2 PALSAR-1/2, in combination with Sentinel-1A and
optical (Landsat-8) sensor data. Tasmania was selected as the
demonstrator site given previous work in the GEO Forest
Carbon Tracking (FCT) task and availability of earth
observation and ground data.
B. Study site: Tasmania, Australia
Tasmania is an island state of Australia with an area of
~68,000 km2. Around 49 % of the land area was forested in
2016, with native forest making up 91 % of this and
plantations 9 %. Tasmania is the most mountainous state in
Australia (Figure 1). Overall, the land mass is low-lying, with
the highest point at ~1,617 m.

Figure 2. State-wide vegetation community mapping 'TASVEG' for
Tasmania produced by DPIPWE [2]. Three calibration sites are indicated
where ground data was previously collected.

II. DESCRIPTION OF YOUR PROJECT

Figure 1.

Elevation of Tasmania (25 m DEM supplied by DPIPWE).

DPIPWE are responsible for state-wide vegetation
community mapping in Tasmania and have released the
TASVEG product (Figure 2). The mapping of vegetation
communities was largely achieved through air photo
interpretation and field verification [9]. The TASVEG will be
used to assist the interpretation of SAR data and for validation.
Three calibration sites are indicated on the map where ground
data was previously collected (in 2010) and are the focus areas
for detailed analysis in this project.

A. Objectives and relevance to the K&C drivers
Demonstrator products, relevant to countries' national forest
monitoring systems (NFMS), will be showcased in the project.
L- and C-band SAR (ALOS-1/2 PALSAR-1/2 and Sentinel1A) and optical (Landsat-8) data will be used to generate forest
and land cover and change maps. SAR-Optical interoperability
and complementarity for improved discrimination of land
covers will be assessed in the process. The performance of
ALOS-1/2 PALSAR-1/2 and Sentinel-1A time-series for
informing on forest cover change will be evaluated. Mapping
methods for regrowth forests will be investigated using C- and
L-band SAR data. PolSAR and PolInSAR techniques will also
be applied to generate information on forest cover and height.
Demonstrator products will include: (i) Calibrated L- and
C-band SAR mosaics, (ii) Forest and land cover maps, (iii)
Forest cover change maps, (iv) Regrowth maps, and (v) Forest
height maps. The products will be made available to JAXA and
K&C partners at the conclusion of the project. The project
supports three of the original “thematic drivers” of the K&C
Initiative: Conventions, Carbon and Conservation, by
providing knowledge of forest cover and change as relevant to
national and international monitoring and reporting systems.
B. Work approach
SAR data were first orthorectified and radiometrically
calibrated. State-wide mosaics were produced using L- and Cband data at 12.5 m resolution for comparative analysis.
Mapping methods for the generation of forest, land cover,

height and change maps and regrowth are described in the
following sections.

reference distribution for forest (Figure 3), as established using
the ALOS-2 PALSAR-2 data. The approach adopted was a
simplified version of [10] and [11].

Calibrated SAR mosaics
ALOS-2 PALSAR-2 data were processed to 'analysis ready
data' (ARD), i.e., orthorectified, radiometrically calibrated
(sigma0) and corrected for terrain illumination effects using
ENVI/IDL SARscape software. A 25 m DEM available
through DPIPWE was used in the orthorectification and terrain
correction processes. A mosaic was produced at 12.5 m
resolution. Sentinel-1A data were similarly processed to
produce a state-wide mosaic at 12.5 m resolution.
Forest and land cover mapping
Forest and land cover maps were generated for two study
sites. An object-based approach to classification was applied,
whereby near-coincident ALOS-2 PALSAR-2, Sentinel-1A
and Landsat-8 data were first segmented and used to train a
Support Vector Machine (SVM) classification of land cover.
Kmeans clustering was implemented in RSGISLIB to produce
homogenous objects from which various features (spectral,
textural and topographic metrics) were extracted. Training data
were identified using TASVEG and a plantations layer
(supplied by Forestry Tasmania) as reference. Three SVM
classifications were trialled: SAR-only, Optical-only and a
combined model. An independent set of points was used to
validate the results. Land cover classes were merged to produce
forest/non-forest cover maps.
Forest cover change mapping
The 5-year change in forest cover over Mathinna site was
mapped using ALOS-1/2 PALSAR-1/2 data acquired in 2010
and 2015. ALOS data were first segmented and the mean HV
backscatter extracted. Change detection was applied to map
change in 11 classes and 1 dB increments. Clearing was
associated with a decline in HV backscatter between dates of at
least -3 dB.
Forest cover change was also mapped using a dense
time-series of Sentinel-1A data acquired over Warra site. Two
approaches were investigated: (i) An object-based multitemporal classification, where training data was identified for
change areas and persistent forest and non-forest, and (ii)
Change detection using the mean VH difference between
image pairs to map the accumulated change over the timeframe
of image acquisition.
Regrowth mapping methods
Mapping regrowth was a two stage process. In the first
stage, non-forest areas were masked using TASVEG. ALOS-1
PALSAR-1 data were then segmented and a maximum
likelihood classification was trained and validated using
sample points identified for forest and plantation. An area
threshold was applied to eliminate noisy pixels misclassified as
plantation. In the second stage, mature regrowth polygons were
identified where the mean HV backscatter of the object was 1
standard deviation away from the mean HV backscatter of the

Figure 3. Frequency histograms of 2010 and 2015 L-HH and HV
backscatter for forest (in black) and plantation (red). Early regrowth exhibits
high HH backscatter with greater surface interactions and lower HV
backscatter from a less dense canopy. As regrowth matures, the distribution
resembles that of forest, with high HH and HV backscatter and greater surfacetrunk and volume interactions.

Forest height retrieval
Dual-polarization of ALOS-2 PALSAR-2 data (i.e. HH and
HV) are used for PolInSAR analysis [12, 13]. Two forest
height inversion algorithms are investigated, they are “DEM
differencing” and “height from coherence amplitude”. The
prior method differentiates the ground interferometric phase
from the one scattered from the top of the canopy to generate
the height of the forest; while the latter method only considers
the coherence of HV polarisation which is expected to have
low surface to volume scattering ratio. Then the coherence
value of HV channel is used to estimate the forest heights. As
documented in the literature, the HV phase centre can be
anywhere between half the tree heights and the top of the
canopy. Also, the height inversion method using coherence
only is the least robust of the conversion methods.
DEM differencing height inversion method [12] utilises the
phase difference between the ground phase and the phase
centre of volume scattering. Therefore, the height of vegetation
contributes to this phase difference between the two phase
centres, namely ground and vegetation (or volume scattering).
This approach is shown in Eq (1). The upper phase (volume) is
normally formed from cross-polarised channel, i.e. HV of
ALOS-2 PALSAR-2. The ground surface or the lower phase
centre is better represented by using the HH-VV combination,
as it is closely matched to a dihedral scattering. With a dualpolarization SAR data, the phase centre of the ground is
estimated using HH channel.
Eq (1)

γws is the complex interferometric coherence representing
the ground surface;
γwv is the complex interferometric coherence representing
the volume scattering.
The vertical interferometric wavenumber, kz, is required by
both “DEM differencing” and “height from coherence
amplitude” conversions.
Eq (2)
Where:
hoa is the height of ambiguity of the interferometric pair;
Bn is the perpendicular baseline;
is the wavelength of the microwave;
R is the range distance between sensor to the centre of the
scene; and
is the incidence angle.
Therefore, kz is 0.006413 for this specific ALOS-2
interferometric pair with a baseline of 56m.
Another tree height estimation method applied here is the
coherence amplitude inversion. This assumes that HV
polarization only has volume scattering present. The
relationship between the coherence of HV channel and
vegetation height can be estimated by using a sinc function
with an assumption of zero extinction. So the height of
vegetation can be estimated by using inverse sinc method with
kz. The results are generated using ESA PolSAR Pro [14] and
SNAP software.
C. Satellite data
Through AUIG2, JAXA provided access to ALOS-2
PALSAR-2 standard products for use in the project. A total of
37 FBD (HH+HV) images acquired between SeptemberOctober 2015 were downloaded in SLC level 1.1 CEOS format
(Figure 4). Data were acquired in Fine (10 m) mode, SM3,
from an ascending orbit and right looking.

There were 8 repeated ALOS-2 PALSAR-2 images
acquired over Takone in the north-west of Tasmania during
October 2014 – December 2016 (see Figure 2 for the location).
In order to minimize both spatial and temporal decorrelations
of the interferometric pair, small spatial and temporal baselines
of the pair are preferred. Therefore, the images acquired on 4
October 2015 and 13 December 2015 have the minimum
temporal baseline of 70 days and a minimum perpendicular
baseline of 56m, and were demonstrated here for PolInSAR
analysis. The spatial and temporal baselines of each
consecutive pair are shown in Table I.
TABLE I
SPATIAL AND TEMPORAL BASELINES OF ALOS-2
PALSAR-2 INTERFEROMETRIC PAIRS
Master
dd/mm/yy
05/10/14
22/02/15
26/07/15
04/10/15
13/12/15
21/02/16
24/07/16

Slave
dd/mm/yy
22/02/15
26/07/15
04/10/15
13/12/15
21/02/16
24/07/16
11/12/16

Btemp (days)

Bperp (m)

140
154
70
70
70
154
140

-133
46
119
56
-257
184
77

Sentinel-1A data were accessed through the ESA
Copernicus Open Access Hub. Data were acquired in IWS
mode (VV+VH) on a descending orbit and right looking. A
total of 5 images were acquired in October 2015. A dense timeseries comprising 9 images acquired between January-October
2015 was also available over the Warra site (IWS, ascending
orbit, right looking).
Landsat-8 surface reflectance data were accessed through
USGS EarthExplorer. Landsat-8 coverage over Mathinna site
was acquired in October 2015.
D. Ground data
A previous ground campaign in 2010 saw the collection of
GPS located forest and land cover samples at three distinct
locations (refer to Figure 2). The field survey was assisted by
staff from Forestry Tasmania. The data were used to interpret
the SAR data and validate derived products. The data have
been provided to JAXA.
III. RESULTS AND SUMMARY
Calibrated SAR mosaics
State-wide mosaics generated using ALOS-2 PALSAR-2
and Sentinel-1A data are shown in Figures 5 and 6
respectively. Subsets extracted from the mosaics were used to
generate forest and land cover maps as described in the
following section.

Figure 4. ALOS-2 PALSAR-2 scene coverage of Tasmania. A total of 37
images were acquired in 2015 in Fine mode (10 m, FBD).

Figure 5. ALOS-2 PALSAR-2 mosaic for Tasmania. The mosaic
comprises 37 FBD images acquired between September-October 2015. The 3band colour composite shows HH:HV:HH in RGB.

Figure 7. ALOS-2 PALSAR-2, Sentinel-1A and Landsat-8 data over Site
1 Mathinna.

Figure 6. Sentinel-1A mosaic for Tasmania. The mosaic comprises 5
IWS images acquired in October 2015. The 3-band colour composite shows
VV:VH:VV in RGB.

Forest and land cover maps
Site 1 is located near Mathinna in the NE corner of the
State. Agricultural areas appear dark with limited L-band
return, forest is in green (predominantly HV response), and
plantations, wetlands and alpine scrub are in purple
(predominantly HH response; Figure 7a).
The 12-class land cover maps show a good correspondence
with TASVEG (Figure 8). Land cover classification accuracy
was improved when using the combined SAR-Optical model
(Table II). There was improved discrimination of cleared
plantation and alpine areas using the integrated dataset (Figure
8c). Land cover classes in the combined classification were
merged to produce a forest/non-forest map (Figure 9).

Figure 8. SVM 12-class land cover maps produced using (a) SAR-only,
(b) Optical-only and (c) Combined models. TASVEG reference shown in (d).

Figure 9. Comparison of forest/non-forest map produced using (a)
Combined model and (b) TASVEG reference.

TABLE II
ACCURACY ASSESSMENT OF LAND COVER CLASSIFICATIONS
FOR SITE 1
SVM model
Accuracy (%)
Land cover
Combined
81.1
SAR-only
67.9
Optical-only
80.6
Forest/Non-forest
Combined
98.0
SAR-only
97.4
Optical-only
97.5

Figure 11. SVM 12-class land cover maps produced using (a) SAR-only,
(b) Optical-only and (c) Combined models. TASVEG reference shown in (d).

Site 2 is located in the SW corner and comprises mostly
forest (green tones) and moorland/scrub (purple tones; Figure
10a). The 6-class land cover maps (Figure 11) show a good
correspondence with TASVEG. Similarly to site 1, land cover
classification accuracy improved when using the combined
model (Table III). Different forest types were better
discriminated, as was the extent of moorland and scrub
communities (Figure 11c). A map of forest/non-forest cover
was generated by merging land cover classes (Figure 12).
Figure 12. Comparison of forest/non-forest map produced using (a)
Combined model and (b) TASVEG reference.

TABLE III
ACCURACY ASSESSMENT OF LAND COVER CLASSIFICATIONS
FOR SITE 2

Figure 10. ALOS-2 PALSAR-2, Sentinel-1A and Landsat-8 data over
Site 2 in the SW corner.

SVM model
Accuracy (%)
Land cover
Combined
79.6
SAR-only
67.4
Optical-only
79.0
Forest/Non-forest
Combined
91.1
SAR-only
87.0
Optical-only
90.4

Forest cover change maps
Areas of natural forest and plantation that were cleared over
the 2010-2015 timeframe are shown in Figures 13-15. Clearing
was identified with a high degree of accuracy, with all points
verified by manual interpretation.

Figure 14. Detail of clearing in pine plantation between 2010 and 2015
as mapped using ALOS-1/2 PALSAR-1/2 data.

Figure 15. Detail of clearing in eucalypt forest and plantation between
2010 and 2015 as mapped using ALOS-1/2 PALSAR-1/2 data.

The first and last images in the Sentinel-1 time-series are
shown Figure 16a and b. Forest cover change maps generated
by classification and change detection are shown in Figure 16c
and d respectively. There is a good correspondence in the
location and total area of regrowth polygons in both results.

Figure 13. Forest cover change between 2010 and 2015 as mapped using
ALOS-1/2 PALSAR-1/2 data.

Figure 16. Forest cover change mapped using Sentinel-1A time-series.

Figure 17. Regrowth classification using 2010 and 2015 ALOS-1/2
PALSAR-1/2 data. Classes include: forest (green), plantation (red), mature
plantation (orange) and non-forest (white).

Regrowth maps
The error matrix for the baseline classification of forest and
plantation using ALOS-1 PALSAR-1 data is presented in
Table IV. The map of the extent and location of young and
mature regrowth is presented in Figure 17, with subset detail in
Figure 18.
TABLE IV
ACCURACY ASSESSMENT OF BASELINE CLASSIFICATION OF
FOREST AND PLANTATION FOR MATHINNA SITE

Class

Ground truth
Regrowth
Forest
Regrowth
92
21
Forest
15
308
107
329
TOTAL
Overall acc. 91.74 %
Class
Commission
Omission (%)
(%)
Regrowth
18.58
14.02
Forest
4.64
6.38
Class
Regrowth
Forest

Prod acc. (%)
85.98
93.62

TOTAL
113
323
436

User acc. (%)
81.42
95.36

Figure 18. Subset showing detail of regrowth classification.

PolInSAR forest height estimation
Test site is located in Guildford in the NE of Tasmania as
shown in Figure 19. The forest area is mainly in the west while
there are logging and agriculture activities in the east of the
scene. It is clear that HV polarization is dominant over the
forest region.

of 34.2m. Site (b) has an average height of -30.1m over the
forest area, and -4.2m for the adjacent plain. This suggests the
phase scattering centre of HV somehow was lower than the one
of HH polarization. Further investigation is required to identify
the cause.

(a)

Figure 20. Vertical height derived using DEM differencing method.

(a)

(b)
Figure 19. (a) False colour composite of the coherence images of red: HV;
green: HH, and blue: HV-HH. (b) high resolution satellite true colour imagery
acquired by Planet Labs.

The height derived using DEM differencing approach is shown
in Figure 20. Some negative heights are observed over valleys
and channels. Also, the forest in the lower left corner of the
scene has negative heights and is lower than the adjacent
Coldstream River plain. The average heights are calculated for
the selected forest and ground areas. Figure 21 shows site (a)
has an average height of -12.3m for the forest area, and -46.5m
for the adjacent ground surface, which suggests the tree height

(b)
Figure 21. Two sites (a) and (b) are selected to measure the average heights of
forest and adjacent ground areas as marked by the red polygons.

The coherence amplitude inversion method using HV
polarization showed poor estimation of vegetation height.
Therefore, further study should be made to consider both phase
and coherence amplitude for estimating tree heights, that is to
use the Random Volume over Ground (RVoG) method.
IV. CONCLUDING REMARKS
Current and future L- and C-band SAR observations
present a unique opportunity to contribute to regional to global
scale monitoring of forested ecosystems and inform
management decisions regarding land use planning and
conservation. A consistent data record is possible with radar's
cloud penetrating and all weather capability. Despite gaps in
the time-series, data acquired by JAXA's L-band SARs
(ALOS-2: 2014-; ALOS-1: 2006-2011; JERS-1: 1992-1998)
present an opportunity to explore historic and more recent
changes in forest cover. When combined with optical sensor
data, there is the possibility to better map and understand the
dynamics of forest and land cover.
The high geometric and radiometric accuracy of ALOS-1/2
PALSAR-1/2 data renders it useful for undertaking forest
change studies. Integration with other satellite sensor data
(e.g., from Landsat-8) is possible with minor adjustments to
geospatial properties to achieve high pixel co-location
accuracy in the presence of steep or complex terrain. The
temporal observation frequency of ALOS-2 affords greater
tracking of changes in forest and land cover, and particularly
in cloud-affected regions. The availability of dual polarisation
L-band data (HH+HV) is well suited to the detection and
monitoring of forest cover. Access to ALOS-2 data is
reasonably straightforward, however the high commercial cost
is limiting to broad-scale operational use.
ALOS-2 PALSAR-2 dual polarization data (HH, HV) are
tested for single baseline PolInSAR analysis. Two methods,
DEM differencing and coherence amplitude inversion, were
investigated. Further investigation is required in order to
derive more accurate forest height information.
The methods implemented in the study are applicable at
regional to national scales and provide key inputs to forest
inventory and NFMS for wise use of the forest resource in light
of ever increasing demand.
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Abstract

Increasing human population and the rapid grows of

environmental disturbances which have been contributing to
depletion of natural resources and climate change. The need for
more spaces for numerous land development activities has made
the existing forests suffer deforestation. The study was carried
out in Peninsular Malaysia, which currently has about 5.9 million
ha of forests. Time-series of Phased array type L-band SAR
(PALSAR) and PALSAR-2 images over the years 2007; 2010 and
2015; 2017, respectively were used to identify forest cover and
deforestation occurrences resulted from various conversion of
forests to other land uses. Forests have been identified from
horizontal-vertical (HV) polarization and then classified into
three major categories, which are inland, peat swamp and
mangroves. Pixel subtraction technique was used to determine
areas that have been changing from forests to other land uses.
Forest areas have been found declined from about 6.1 million ha
in year 2007 to some 5.8 million ha in 2017 due to conversion of
forests to other land uses. Causes of deforestation have been
identified and the amount of carbon dioxide (CO2) that has been
emitted due to the deforestation activity has been determined in
this study. Oil palm and rubber plantations expansion has been
found the most prominent factor that caused deforestation in
Peninsular Malaysia, especially in the states of Pahang,
Terengganu, Johor and Kelantan. The rate of deforestation in the
period was at 0.43 % yr-1, which amounted a total of about
261,451 ha over 10 years. Emission of CO2 that was resulted from
the deforestation was accounted at about 297 million Mg CO2 the
rate of about 33 million Mg CO2 yr-1. The study found that the
use of a series of PALSAR and PALSAR-2 images, with a
consistent, cloud-free images, are the most appropriate sensors to
be used for monitoring of deforestation over the Peninsular
Malaysia region.
Index Terms ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, Biomass, Dipterocarp Forest, Malaysia

I. INTRODUCTION
A. About Phase 4 reporting
Currently, Malaysia is in the phase of readiness for the
implementation of reducing emission from deforestation and
forest degradation, and conservations (REDD+). Ministry of
Natural Resources and Environment (NRE) is hosting the
activities under this phase. All departments and nongovernmental organizations (NGOs) that involve in the
readiness programmes are reporting to the NRE. Forest
Research Institute Malaysia (FRIM) is one of the essential
partners in this programme and it responsible to conduct a
wide range of research experience in the forests of Peninsula
Malaysia, mainly because FRIM has technical expertise and
solid knowledge of the situation on the ground.
FRIM was one of the Science Team members in the Kyoto
& Carbon (K&C) Initiative Phase 3 [1] and all finding from
the project was also reported to the National and Technical
REDD+ Committees. The successful stories created in the
Phase 3 have led FRIM to continue activities in K&C Phase 4.
Furthermore, technical issues relating to the determination of
forest cover, as well as biomass in the Peninsular Malaysia
forests are being the main agenda in the REDD+
implementation. Therefore the launch of ALOS-2 (Daichi-2),
which carrying PALSAR-2 is timely and appropriate to
address these issues. PALSAR-2 is targeted to be the main
data source for forest cover mapping (and monitoring) and its
possibility for retrieving aboveground biomass in different
forest ecosystems have been explored in this phase. This
opportunity was used to promote the applications of PALSAR
and PALSAR-2 data for supporting Monitoring, Reporting

and Verification (MRV) in the implementation of REDD+ in
the country.
Besides updating the forest cover that was produced in the
Phase 3 for year 2010, Phase 4 have further the studies on the
assessment of aboveground biomass over three major types of
forests, which are inland dipterocarps, peat swamp and
mangroves. The study identified some opportunities and also
possible limitations that have been provided by PALSAR and
PALSAR-2 data.
II. DESCRIPTION OF THE PROJECT
A. Objectives and relevance to the K&C drivers
The project is aiming at the objectives, which include (i) to
develop a robust method for monitoring forest cover in
Peninsular Malaysia by using a single PALSAR sensor. This to
make sure consistent reporting, which has opportunity to be
promoted and employed in REDD+ implementation; (ii) to
conduct a detailed study on the use of PALSAR (especially
PALSAR-2) data for retrieving aboveground biomass the all
forests types of Peninsular Malaysia; and (iii) to develop
methods for accurate assessment of aboveground biomass
(AGB) on these forest ecosystems.

surrounding buffer zone consists of regenerating lowland
forest. Detailed study on aboveground biomass will conducted
in 50-ha Forest Dynamic Plot, Center for Tropical Forest
Science (CTFS) for natural lowland dipterocarp forest.
(iii) Peat swamp forest is known as South-East Pahang peat
complex the largest block of undisturbed mixed peat swamp
forests that are intact in Peninsular Malaysia. It is located in the
east coast of Pahang and has an aerial extent of about 200,000
ha. Adapted to tolerate high water levels, this wetland habitat
exhibits special ecological characteristics and give shelter to
unique plant and animal life.
(iv) Mangroves forest - the study area selected for mangrove
forest is Matang Mangroves, which is located in the northwestern coast of Peninsular Malaysia, within the administrative
district of Larut & Matang, and Kerian in the State of Perak.
Currently, the total extent of these mangroves is about 43,000
ha, which is the largest single block of mangrove in Peninsular
Malaysia.

Major forest types in Peninsular Malaysia are inland
dipterocarps, peat swamp and mangroves forests, which
occupied about 5.9 million ha (or 45%) of the total land mass
in Peninsular Malaysia (Figure 1 & Appendix A). These
comprised 94%, 4% and 2% of the inland, peat swamp, and
mangroves
forests,
respectively.
Trees
from
the
Dipterocarpaceae family dominate the inland forest, thus the
s
s forest
occurs on dry land just above sea level to an altitude of about
900 meters. In addition, there also smaller areas of freshwater
swamp forest, heath forest, forest on limestone and forest on
quartz ridges.
The pilot study areas, where sampling were conducted for
detailed survey on aboveground biomass were consisted of
(Appendix B):
(i) Natural lowland dipterocarp forest is located in Pasoh
Forest Reserve, which is about 8 km from Simpang Pertang in
Negeri Sembilan and is about 200 km from Kuala Lumpur.
This reserve with an area of 2,450 ha, is surrounded on three
sides by oil palm plantations and joined to virgin hill
dipterocarp forest on its north-eastern boundary. The main part
of the reserve consists of lowland dipterocarp forest. The core
area of about 600 ha is under pristine condition while the

Figure 1. Forest types in Peninsular Malaysia

B. Work approach
There were four major steps involved in the study, which
are (i) image pre-processing, (ii) forest-non-forest
classification, (iii) correlation analysis, and (iv) estimations of
AGB, carbon stock and CO2 emission. Following are
explanation of these processes.

C. Satellite data
The satellite datasets that have been used in this study
came from two satellites, which are; (i) Advanced Land
Observing Satellite (ALOS) and (ii) ALOS-2. Both satellites
carry Phased Array type L-band Synthetic Aperture Radar
(PALSAR) and PALSAR-2 onboard ALOS and ALOS-2,
respectively. Table 1 summarizes the properties of the mosaic
product and Figure 2 shows the datasets that have been used in
this study. Inaddtional to the mosaic product, a set of fine
beam dual (FBD) products from PALSAR-2 over the year
2017 was also used in this study. These datasets were acquired
from RESTEC through K&C initiative. They came in
individual scenes at 10-m pixel resolution and at 1.5
processing elevel.
TABLE 1
PROPERTIES OF PALSAR AND PALSAR-2 MOSAIC
PRODUCT

Year of acquisition

Satellite

Sensor

2007
2008
2009
2010
2015
2016

ALOS
ALOS
ALOS
ALOS
ALOS-2
ALOS-2

PALSAR
PALSAR
PALSAR
PALSAR
PALSAR-2
PALSAR-2

Figure 2. Mosaics of PALSAR and PALSAR-2 of Peninsular Malaysia over
the years (a) 2007, (b) 2008, (c) 2009, (d) 2010, (e) 2015 and (f) 2016.

ALOS PALSAR, an enhanced successor of the JERS-1
in January 2006. After 5 years of observations, it stopped
transmitting in April 2011. ALOS operated in a sunsynchronous orbit at 691 km, with a 46-day recurrence cycle.
ALOS-2 was then launched on 24 May 2014, which carried
the PALSAR-2 sensor. PALSAR-2 is currently operating and

producing L-band SAR data, that has similar (with some
advancements) characteristics with PALSAR.
The study used PALSAR and PALSAR-2 images that
were provided in form of 1x1 degree tiles from a global
PALSAR and PALSAR-2 mosaics from 2010. These data
were generated by Earth Observation Research Center
(EORC) under JAXA and supplied by the Remote Sensing
Technology Center of Japan (RESTEC) within the framework
of the K&C Initiative. A tile product consists of two bands in
HV and HH polarizations at 25-m spatial resolution,
geometrically and radiometrically corrected and normalized
for topography. It also contains additional ancillary image data
layers with information about acquisition dates, local
incidence angle and a water- and no-data mask.
Another satellite data that was used in this study was the
digital elevation model acquired from the Shuttle Radar
Topography Mission (SRTM). This data was used to classify
the forests into specified elevation categories, according to the
forest types. This data is available at the US Geological
Survey's EROS Data Center for download
at
http://srtm.usgs.gov/index.html.
D. Ground data
The sampling design in this study was a modified sampling
design according to the standard operating procedure (SOP)
developed by Winrock International [2], which follows IPCC
standard [3].
i. Inland Dipterocarps & peat Swamp Forests
A cluster comprised of four (4) subplots and the design is
shown in Figure 3. The subplot was circular in design with
smaller nests (subset). The biggest nest measures 20 m in
radius, followed by the smaller nests measuring 12 m and 4 m.
The trees were grouped by size, in classes as summarized in
Table 2 and sampled according to the nest size. In addition to
these nests, another small nest measuring 2 m in radius was
used to count saplings (i.e. trees measuring < 10 cm in
diameter at breast height (dbh) and > 1.3 m in height). A
cross-transect measuring 25 m from the center of the subplot,
totalled 100 m, was used to measure lying deadwood. At the
end of one of the cross-transect, a quarter-meter square plot
(0.5 × 0.5 m) was established to measure sapling, litter and
soil (Not related to this project). Therefore, a cluster will
produce 1 m2 plot of these carbon pools. The clustering
multiple subplots method allowed field crews to sample a
larger area per sampling point. Clustering of subplots at each
sampling unit is recommended for natural forest areas and
especially areas that have been selectively logged. The

sampling system is designed in a way to make the data
collection process easier, faster yet reliable and representative
for a particular forest stratum.

used to obtain an indirect diameter measurement. The
diameter tape must be held across the stem of the tree at breast
height, and an estimate made of the cross sectional dimension
of the stem. The estimate is made from the zero reading end of
the tape.
Buttressed Stems: Buttressed stems should be treated as fluted
stems.
Forked Trees: If the origin of the fork on the stem occurs
below 1.3 meters (breast height), diameters must be measured
on both stems and then recorded as two trees. If the origin of
the fork occurs above 1.3 meters, the tree should be measured
and recorded as one tree.

Figure 3. Layout of the sampling plot and sampling designed of a cluster for
inland and peat swamp forest

SUBPLOT SIZE IN MANGROVE FOREST

TABLE 2
SUMMARY OF LIVING TREE SIZE MEASURED ACCORDING TO
SUBPLOT SIZE

Nest radius (m)
4
12
20

Size
Small
Medium
Large

TABLE 3
SUMMARY OF LIVING TREE SIZE MEASURED ACCORDING TO

Tree size, dbh (cm)

Nest Radius (m)
2
5
10

Size
Small
Medium
Large

Trees size (dbh, cm)
<5
5 9.9

ii. Mangrove Forest
For mangrove forests, small clusters consisting of four
subplots about 100 m apart in straight line was used. The
sampling design established was different from the inland and
peat swamp forests due to the nature of mangrove ecosystem.
Standing trees were measured at different nest sizes, as shown
in Figure 3 and summarized in Table 3.
Subplot A:
Subplot B:

Subplot C:

Trees smaller than 5cm and height >1.3m
are counted in numbers
Measure all tree with dbh between 5cm to
10cm within 5m radius from the plot center.
The parameter that need to be measured is
dbh, height, and species.
Measure all tree with dbh more than 10cm
within 10m radius from the center plot. The
parameter that need to be measured is dbh,
height, and species.

All trees must be identified up to species level. The level
of species identification should not exceed the capabilities of
the field crews who are doing the enumeration. Tree Diameter
measurement: The diameter of all trees determined to be in
quadrat B and C must be measured for diameter. The diameter
measurement should be made using a diameter tape at breast
height. i.e. 1.3 meters above germination point.
When measuring stems with extreme irregularities caused
by fluting, measurement with the diameter tape at breast
height will not give an accurate measurement. To overcome
this, the circumference reading side of the diameter should be

Figure 3. Layout of the sampling plot design for mangrove forest

E. Aboveground biomass & carbon stock estimations
One of the most significant carbon pools is above ground
biomass. In fact, for most Asian Member State (AMS), this is
probably the one carbon pool that must be included in the
reference emission level (REL) setting. This must be
immediately or sometime after the commitment period (e.g.,
succeeding monitoring and verification), using countryspecific data. Allometric equation is one of the ways that
above ground biomass can be estimated. Countries possibly
need to develop allometric equations possibly for different
forest types. As allometric equations are being developed,
AMS may also use regional allometric equations as described
by [4].
Aboveground biomass (AGB) comprises of all living
aboveground vegetation, including stems, branches, twigs and
leaves. It is the most important pool of carbon forest types. In
this study, allometric equations from [4] were used to
calculate AGB for inland forests. Both equations were
calibrated based on trees sampled in lowland and hill forests in

west Peninsular Malaysia. Wood densities were obtained from
the Global Wood Density Database [5]. Both equations were
used to compare the estimated AGB and thus suggest the most
appropriate allometric equation for forests in Peninsular
Malaysia. A biomass expansion factor of 0.47 was used to
convert the biomass into carbon.
i. AGB for inland forest
The allometric function of trees applied in the calculation
of standing biomass can be expressed as follow. The key
parameter is dbh.
AGB = [exp (-1.803
0.0299 [ln(D)]2]

0.976E+0.976 ln(
(1)

Where AGB = aboveground biomass (kg/tree); E =
bioclimatic variable (average value of -0.1 for Peninsular
Malaysia);
= wood specific gravity/ wood density, 0.57
g/cm3 [6]; and D = dbh
ii. AGB for peat swamp forest
AGB of trees in peat swamp forests can be expressed as
AGB = 0.65*exp (-1.239 + 1.98*ln(D)+0.207*ln(D) 20.0281*ln(D)3
(2)
iii. AGB for mangrove forest
Tree biomass in mangroves was calculated by using
allometric equation that was developed by Komiyama et al.
(2007) for common species in the mangroves of Peninsular
Malaysia. The allometry can be expressed as
Wt

2.46

(3)

Where Wt
is wood density and D is diameter at breast height (dbh).
F. Image pre-processing
The objective of SAR calibration is to provide imagery in
which the pixel values represent radar backscatter of the
scene. The mosaic product that was used in this study was
built on a 16-bit data type and all pixels have digital numbers
(DN) ranging from 0 to 65,535. 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 (i.e.,
the returned radar signals) known as Normalized Radar Cross
Section (NRCS) and represented as 0 in decibels (dB). The
equation that was used for the calculation of NRCS for
PALSAR are slightly different from other sensors in that the
usual sine term has already been included in the DN values.
Thus, for the products stored at Level 1.5 and above, 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 follows [7].

G. Forest-non-forest classification
Forest non-forest classification was performed on all
mosaics to delineate forests from other land uses. This process
is critical to define the boundary of forests and to ensure that
the estimated forest cover does not include other types of
vegetation. The reason is that forests are often confused with
rubber, teak and other timber tree plantations, which are
common in Peninsular Malaysia and they appear almost
identical on both HH and HV polarisations images. To
minimise error associated with misclassification, image
enhancement was applied to the images. The process was then
finally produced a classified images that contained only forest
areas over the years 2007, 2010, and 2017. These
classification results were converted to vector format for
further forest cover changes analysis.
H. Estimation of AGB
Since the forest surveys were conducted in two phases, i.e.
within years 2009-2010 and 2015-2016, the correlations were
generated based on datasets from 2010 (PALSAR) and 2016
(PALSAR-2). Backscatter values from HV polarization from
both datasets were extracted from the images. The AGB
values at the sample plots on the ground were correlated with
the corresponding backscatter values using non-linear
regression. This process produced several empirical models
that were used to retrieve AGB over the whole study area. The
estimation models used AGB as independent variable to
observe the sensitivity of the backscatter to the AGB. The
relationship between backscatter and AGB is commonly
represented in logarithmic function as y = a × ln(x) + b,
where x and y = AGB and HV polarization respectively. The
prediction model was inverted by using exponential function,
which can be expresses as y = a×eb(x), where AGB is the
dependent variable (y-axis), a and b = model coefficients.
I. Quantification of CO2 emission
There are two methods that can be used to estimate
emission, which are the stock-difference method and the gainloss method. Stock-difference requires two measurements in
two different time periods. The estimated carbon stocks
between the two periods divided by the time difference
between the two time periods is the estimated carbon stock
change per unit area. This method is better suited for
deforestation. The gain-loss method, on the other hands, does
not require two measurements; instead it simply measures the
rate of carbon change in a given period, i.e. mean annual
increment of carbon. Hence, this method is better suited for
forest degradation where the stock change can be measured in
two time periods through the expected change in carbon stock.

Carbon emission can be expressed in terms of C loss or can be
converted to CO2 by multiplying with a factor of 3.67 which is
the molecular weight of CO2 per unit atomic weight of C.
Net emission from land use and land use changes can be
estimated based on equations provided by [3], which can be
expressed as
C = (Ct2-Ct1)/(t2-t1)

(4)
-1

), Ct1 and
Ct2 is carbon stock at time t1 and t2 (Mg C) respectively.

sites from which dimension stone, rock, construction
aggregate, riprap, sand, gravel, or slate have been excavated
from the ground. These activities resulted to open-pit mine
from which minerals were extracted. Certain area of the forest
were left idle that is they are not cut, burned, cropped, heavily
grazed, cultivated, or otherwise disturbed. Other parts of the
forest were converted to animal husbandry and farms for
domestic supplies. Small patches of the clear land were also
identified as scars of forest fires that occurred in the year 2014.
A spatially distributed map indicating the deforestation that
occurred between 2007 and 2017 was produced and depicted in
Appendix D.

III. RESULTS AND SUMMARY
A. Forest distribution and extent
The study has classified the forests into three major types,
which are inland, peat swamp and mangroves. Inland
dipterocarps forest are dominant in Peninsular Malaysia, which
accounted over 90% of the total forest cover. The rest belong to
peat swamp (~8%) and mangroves (~2%). In addition to the
study area. Gelam (Melaleuca cajuputi) is a monospecific trees
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 into inland forest.
B. Deforestation in Peninsular Malaysia
The total land area in Peninsular Malaysia is estimated at
about 131,598 km2 with an overall forest area at 58.78 km2 in
the year 2017. Changes of forest cover in Peninsular Malaysia
between 2007 and 2017, as resulted from deforestation are
reported in Table 4. Factors of deforestation are generalized
into six categories as summarized in Table 5. These changes
appear very clear when time-series data are used (Figure 4).
The total deforested area was found at 261,451 ha between
years 2007 and 2017, which was accounted for deforestation at
the rate of 26,145 ha yr-1. Large piece of forest area in
Peninsular Malaysia have been converted to oil palm and
rubber at commercial scales, which occupied about 61% and
14%, respectively. Furthermore, the forest area has been
replaced by urban area in terms of development, high density
of human structures such as houses, commercial buildings,
roads, and highways. Similarly, agricultural land was the share
of the forests area that is converted to arable under permanent
crops. The forest area were also converted to quarry and mine

Figure 4. Color composites of PALSAR and PALSAR-2 images displayed in
RGB = 2007, 2010, and 2016.

TABLE 4
CHANGES OF FORESTS IN PENINSULAR MALAYSIA BETWEEN
2007 AND 2017

Year/ Forest
types

Inland
dipterocarps

Peat swamp

Mangroves

Total

TABLE 5
CATEGORIES OF LAND USES THAT HAVE BEEN CONVERTED
FROM FORESTED AREAS BETWEEN 2007 AND 2017
No.

Percentage area
(%)

Water body

Area
(ha)
10,458

2.

Oil palm

159,485

61

3.

Rubber

36,603

14

4.

Agriculture

23,531

9

5.

Urban

18,302

7

6.

Others

13,073

5

261,451

100

1.

Land use category

Total

4

function as y = a × ln(x) + b, where x and y = AGB and HV
polarization respectively. Table 7 and Figure 6 summarizes the
prediction functions and scatterplots that have been developed
from correlation between AGB for each forest type and HV
polarization.
TABLE 7
SUMMARY OF REGRESSION MODELS DEVELOPED FROM THE HV
POLARIZATION FOR ALL FOREST TYPES

Forest types
a

Coefficient
b

RMSE
(Mg ha-1)

Inland dipterocarps
Peat swamp

2.0236
4.2974

- 24.253
- 39.015

97.66
62.70

Mangroves

0.8000

- 19.305

61.32

C. The estimated AGB and changes
The assessment of AGB have been done in all major forest
types found in Peninsular Malaysia (Appendix C).
Aboveground biomass within all sample plots have been
estimated at plot level, as summarized in Table 6. Figure 5
shows the average values of AGB for each forest types that
have been estimated at sample plots. In general, the average
AGB around 300 Mg ha 1 for all forest types.
TABLE 6
NUMBER OF SAMPLE PLOTS BY FOREST TYPES

No. of
Sampling
Points

40

65

84

86

272

Figure 5. Averaged AGB estimated at sample plots for each forest type

As described earlier, the relationship between backscatter
and AGB for each forest type was represented in logarithmic

Figure 6. Layout of the sampling plot and sampling designed of a cluster for
inland and peat swamp forest

i. Inland dipterocarps forest
The study has successfully quantified the AGB on lowland,
hill and upper hill dipterocarps forests in Peninsular Malaysia.
The extents of these forests was at 5.24 million ha. The total
AGB was estimated at about 1,772,640,588 Mg over the year
2017. Montane forest was not included in this estimates
because the ecosystem is different and there were no sampling
point collected for this type of forest. The study confirmed that
the HV backscatter tend to saturate at AGB of 200 Mg ha-1.
This was identified as a major limitation that was faced by the
study. A direct approach may not be appropriate to address this
limitation and some indirect approaches need to propose to
produce accurate estimate of very high levels of biomass.
Nevertheless, the study provided an alternative for AGB
retrieval that can be utilized in a practical manner to assist in
the management and protection of forested areas.
ii. Peat swamp forest
The distribution and total AGB in the study area was
estimated based on the best correlation model produced
(Appendix L). It was found that the AGB in the study area
ranged from 68 to 583 Mg ha-1 with an average of
352.47±51.94 Mg ha-1. From these figures, it was estimated
that the total AGB stored in the study area was about
37,785,841 Mg. The empirical function that was developed to
estimate AGB for the study was then replicated for other peat
swamp ecosystem in Peninsular Malaysia. The areas are (i)
peat swamp forest complexes in Kuala Selangor and Kuala
Langat, Selangor and (ii) Ayer Hitam, Johor. The total AGB in
the peat swamp forest ecosystem in Peninsular Malaysia was
estimated at 94,715,537 Mg.
iii. Mangroves forest
Empirical functions were derived from the relationship
between the AGB measured on the ground sample plots and
several image variables derived from L-band Alos Palsar
polarisations. Among the different variables, backscatter from
HV polarisation was found to be the best predictor with the
highest R2. Overall, the AGB in the Matang Mangroves was
estimated to range from 3.0 to 378.3 ± 33.9 Mg ha-1, with an
average of 99.4 ± 33.9 Mg ha-1. Taking into consideration the
RMSE of the estimation the total AGB within the study area
ranged between approximately 3,008,000 and 5,823,000 Mg.
The estimates were then used to produce a spatially distributed
thematic map showing the spatial pattern of AGB for the whole
study area (Appendices J-P). It was also estimated that the
total AGB for the mangrove forest in Peninsular Malaysia in
the year 2017, which has an extent of 105,402 ha, was at
11,441,799 Mg with an average of 99.4 Mg ha-1 and RMSE of

±61.3 Mg ha-1. From this validation, it was confirmed that the
accuracy of the estimates was at 76.7%.
It was also found that the use of combinations of the HH
and HV polarisation bands complemented standard image
enhancement techniques used for classifying succession levels
of mangroves, although they did not provide much information
useful for biomass estimation. The homogeneity of the forest
structure, a consequence of good management and efficient
silviculture practices, has resulted in a mangrove forest that has
uniformly growing vegetation that can be captured by L-band
SAR system. Results also indicated that despite the limitations,
which resulted in data saturation above 100 Mg ha-1 levels, the
use of L-band SAR can provide an alternative that allows rapid
assessment of AGB in large areas where access is limited. The
errors associated with the prediction model were also observed
to increase largely as the AGB exceeded 150 Mg ha-1.
The study produced spatially explicit maps indicting
distribution of AGB within the study for all series (Appendices
E-K). Given the estimates of AGB over the inland
dipterocarps, peat swamp and mangroves forests the total AGB
within these ecosystems was estimated at 1,878,797,924 (~1.9
billion Mg) within the year 2017. The highest AGB was
concentrated in inland dipterocarps forests, mainly in the
northern part of Pahang and southern part of Kelantan, where
the largest National Park in Peninsular Malaysia is located.
High density of AGB occurred also in the northern part of
Perak where Royal Belum State Park is located. These forests
are virgin and have existed for millions years and are still intact
now. Variations are found scattered in other areas where there
was a mix between natural virgin and logged over forests. Low
density of AGB appeared near the edges of forest areas, which
mostly interacted with other land use activities nearby. From
these maps, the statistics of the distribution were extracted to
observe dynamics of AGB and thus C stock changes within the
study area. Basic statistic and histogram of the distribution are
depicted in Figures 7 and 8, respectively. It is obvious that the
changes of AGB occurred significantly when the large
deforestations took place within the study area. In the
meantime, there were also some areas that indicated increment
in AGB, which were resulted from carbon sequestration,
especially in totally protected areas.

use of Palsar data for AGB assessment in tropical forests of
Malaysia, especially Peninsular Malaysia. It has been revealed
that the saturation level on varying forest ecosystems are
different, which are 200 Mg ha-1 for inland dipterocarp forests
and 150 Mg ha-1 for mangroves. The study finally produced the
first forests biomass maps over Peninsular Malaysia at high
spatial resolution. This study concluded that the use of a series
of PALSAR and PALSAR-2 data are the most appropriate
sensors to be used for monitoring of deforestation over the
Peninsular Malaysia.
Figure 7. Total AGB in the study area accounted in time series

Figure 8. Histogram of time-series AGB distribution in inland dipterocarps
forests of Peninsular Malaysia

D. The estimated CO2 emission
Information that has been derived from the activity data
was used to calculate and quantify changes of carbon stocks
within the periods. Annual rate of changes was also accounted
from the information. Subsequently, cumulative CO2 emission
between years 2007 and 2017 was accounted. Net CO2
emission was measured at -458,348,374 Mg CO2 and removal
at +161,301,555 Mg CO2. Somehow, the difference between
the emission and removal has left about net CO2 emission at 297,046,819 Mg CO2. According to this figure, the annual rate
of emission was at 33,005,202 Mg CO2 yr-1.

The study has 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 scale. This will benefit Malaysia, which
are blessed with abundant of forest resources, in governing the
sustainability of the forests. The study therefore suggests that
the findings should be considered as baseline information for
any forest inventory at larger scale especially for AGB
retrievals. The findings also will be valuable inputs for the
REDD+ MRV and other related forest carbon initiatives and
paving the new research opportunities in the near future. The
outputs, facts and figures that have been produced from this
study can be one of the references in academic/scientific
forestry forums. Malaysia is currently a developing country
and heading for a developed country in 2020 need to be
equipped with the latest technologies so that it not left behind.
This kind of research, which is inwill definitely contribute to its development, especially in the
field of forestry.
V. MISCELLANEOUS
This project has produced some products such as online
dissemination that can be assessed as the link given below and
some publications as listed as follow:
i.

IV. CONCLUSION
ii.
Overall the study conducted under this project has
contributed mainly towards the development and methodology
for the applications of L-band PALSAR and PALSAR-2 data
for estimating AGB in various forest types in Peninsular
Malaysia. The study confirmed that the L-band PALSAR data
has the capability in retrieving AGB in various forest
ecosystems in Peninsular Malaysia. The study acknowledged
that this was the first and most extensive attempt regarding the

iii.
iv.

Project summary homepage:
https://kcwiki.wordpress.com/updating-forest-cover-andbiomass-in-tropical-forest-ecosystems/
ALOS Kyoto & Carbon Initiative home page:
http://www.eorc.jaxa.jp/ALOS/kyoto/kyoto_index.htm
K&C Wiki site. https://kcwiki.wordpress.com/
Hamdan Omar, Muhamad Afizzul Misman & Abd
Rahman Kassim (2017). Synergetic of PALSAR-2 and
Sentinel-1A
SAR
Polarimetry
for
Retrieving
Aboveground Biomass in Dipterocarp Forest of Malaysia.
Applied Sciences. (7): 675; doi:10.3390/app7070675

v.

Hamdan Omar, Abd Rahman Kassim & Samsudin Musa
(2016). Quantifying Rate of Deforestation and CO2
Emission in Peninsular Malaysia Using Palsar Imageries.
Malaysian Journal of Remote Sensing & GIS, 5(2): 4557.
vi. Hamdan, O., Mohd Hasmadi, I., Khali Aziz, H., Norizah,
K. & Helmi Zulhaidi M.S. (2015). Determining L-Band
Saturation Level for Aboveground Biomass Assessment
of Dipterocarp Forests in Peninsular Malaysia. Journal of
Tropical Forest Science 27(3): 1 12. ISSN: 0128-1283.
vii. Hamdan, O., Mohd Hasmadi, I., Khali Aziz, H., Helmi
Zulhaidi M.S. & Norizah, K. (2014). Forest Biomass
Assessment with special Reference to L-Band Alos Palsar
Data. The Malaysian Forester 77(1): 1-18. ISSN: 03022935.
viii. Hamdan, O., Mohd Hasmadi, I., Khali Aziz, H., Norizah,
K. & Helmi Zulhaidi, M.S. (2014). Factors affecting Lband Alos Palsar backscatter on tropical forest biomass.
Global Journal of Science Frontier Research 14(3): 51-63.
ISSN: 0975- 5896.
ix. Hamdan, O., Khali Aziz, H. & Mohd Hasmadi, I. (2014).
L-Band Alos Palsar for biomass estimation of Matang
Mangroves, Malaysia. Remote Sensing of Environment.
155: 69 78. ISSN: 0034-4257.
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Abstract— Secondary forests play an important role in
restoring carbon and biodiversity lost previously through
deforestation and degradation and yet there is little
information available on the extent of different successional
stages. Such knowledge is particularly needed in tropical
regions where past and current disturbance rates have been
high but regeneration is rapid. This study aimed to evaluate
the use of single-date Landsat 5 TM and ALOS PALSAR data
in the 2007–2010 period for i) discriminating mature forest,
non-forest and secondary forest, and ii) retrieving the age of
secondary forests (ASF), with 100 m × 100 m training areas
obtained by the analysis of an extensive time-series of Landsat
sensor data over three sites in the Brazilian Amazon. . Root
mean square error (RMSE) and bias when retrieving ASF
ranged between 4.3–4.7 years (relative RMSE = 25.5–32.0%)
and 0.04–0.08 years respectively. However, the bias
decomposition by 5-year interval ASF classes showed that most
age estimates are biased, with consistent overestimation in
secondary forests up to 10–15 years of age and
underestimation in secondary forests of at least 20 years of age.
The study highlighted that ASF maps (up to a certain age) can
be generated without the need for extensive time-series analysis
of optical and/or radar data. Moreover, the method allowed
assigning a per-pixel estimate of the prediction variability to
each ASF estimate. The resulting maps in combination with
aboveground biomass accumulation curves can contribute to
better understand the carbon dynamics of secondary forests in
the Amazon.
Index Terms—ALOS PALSAR, K&C Initiative, Forest
Theme, tropical forest, regrowth, age, above-ground biomass

I.

INTRODUCTION

In the Amazon region, annual deforestation (clear cut)
mapping primarily from Landsat data has been carried out
by the Brazilian National Institute for Space Research
(Instituto Nacional de Pesquisas Espaciais, INPE) since
1988 under the Projeto de Monitoramento do Desmatamento
na Amazônia Legal por Satélite (PRODES) project [1].
Reported deforestation rates have been highly variable over
time, reaching their highest value in the mid-1990s (~
30,000 km2 yr-1), but have progressively decreased since
the mid-2000s to a record low of ~ 4500 km2 yr-1 in 2012.

Several socio-economic factors contributed to these
observed changes in deforestation rates [2, 3]. Large-scale
deforestation, which started in the 1970s and continued
throughout the 1980s and 1990s, was linked to policies
aimed at encouraging colonisation of the region (e.g., fiscal
incentives), expanding the road network and granting land
titles to settlers [4]. Since the late 1990s, however, and up
until today, global demand for commodities (mainly soy and
beef) started playing a stronger role in the temporal
variations of annual deforestation rates. Rates of
deforestation observed in the late 1990s and early 2000s
were successfully reduced by a combination of stronger
forest monitoring-based law enforcement, expansion of
protected areas, and interventions at the supply chain level
[5].
II.

DESCRIPTION OF YOUR PROJECT

A. Objectives and relevance to the K&C drivers
The objective of this study was to investigate the
combined use of single-date optical (Landsat 5 Thematic
Mapper) and Advanced Land Observing Satellite (ALOS)
Phased Array L-band Synthetic Aperture Radar (PALSAR)
to a) map major land cover types (mature forest, non-forest
and secondary forest) and b) retrieve the age of secondary
forests across three sites (~ 5000 km2) in the Brazilian
Amazon: Manaus (2.6° S, 60.2° W), Santarém (3.1° S, 54.8°
W) and Machadinho d'Oeste (9.5° S, 62.4° W). Since the
inception of deforestation in the Amazon, these regions have
experienced different but distinct patterns of land use and
land cover change thus leading to present day landscapes
characterised by a dissimilar spatial arrangement and
frequency of land cover classes, namely secondary forests of
varying age. By knowing, as a minimum, the age of these
forests, a better estimation of the contribution of these
landscapes to the regional carbon balance and biodiversity
recovery can be achieved.

B. Study areas
The Manaus site, north of Manaus (Amazonas state)
encompasses the majority of a Federal conservation unit, the
Biological Dynamics of Forest Fragments Project (BDFFP)
[6]. Other county and state conservation units are also
included in this study area. In the early 1970s, the
construction of a highway connecting Manaus with Boa
Vista (BR-174) was the key cause of deforestation in the
region. Agricultural expansion was the main deforestation
driver, which occurred across both sides of the highway. The
BDFFP was established in 1985, but as far back as 1979,
several forest fragments were preserved prior to
deforestation of the surrounding forest. These were used to
study the impacts of deforestation (and corresponding forest
fragmentation) on ecosystem structure and function, thereby
informing future conservation programmes in the Amazon
[6].
The Santarém site is located approximately 80 km to the
south of Santarém (Pará state). The study area is partially
within a Federal conservation unit - Tapajós National Forest
(FLONA Tapajós) - between the Tapajós River and the BR163 highway connecting Santarém with Cuiabá (Mato
Grosso). This unit was created in 1974 and has been used
successfully to implement some novel forest management
practices, such as the benefits of reduced impact logging on
social welfare and biodiversity [7, 8].
The Machadinho d'Oeste site is mainly located within the
Machadinho d'Oeste municipality (Rondônia state). Its
origins are a settlement project, initiated by the Brazilian
Federal Government in 1982 with the support of the World
Bank to colonize some regions of the Amazon [9]. The
original vegetation is dominated by open rainforests [9] and
most of its inhabitants depend on subsistence agriculture
[10]. This site includes several state-level conservation units,
mainly extractive reserves, established in the mid-1990s.
C. Satellite data
C.1 Time-series of land cover maps and age of
secondary forests (ASF)
Existing time-series of land cover maps depicting three
primary classes (mature forest, non-forest, secondary forest)
were obtained through automatic classification of Landsat
sensor data over the three selected sites. Detailed information
about remote sensing data pre-processing and methods used
to generate these land cover maps and the corresponding
accuracy assessment are reported elsewhere [11, 12].
The time-series of land cover maps at each site was
compared to generate information about the age of secondary
forests (ASF), estimated by summing the time (in years) that
each pixel was occupied by secondary forests since the last
clearance event. However, when secondary forests were
mapped on the first date of the time-series, and not cleared
subsequently, ASF can only be considered as a minimum age
as the exact date of land abandonment is not known. Only
the maps representing ASF between 2007 and 2010 were
used; 2007 was the first year with an available ALOS
PALSAR coverage and 2010 the last year of acquisitions of
this sensor over the three sites.

C.2 Landsat 5 Thematic
reflectance data

Mapper

(TM)

surface

The original 30-m spatial resolution Landsat 5 TM data
used to generate the land cover maps at the three sites
between 2007 and 2010 [11] were downloaded from the
United States Geological Survey (USGS) EarthExplorer data
repository
C.3

ALOS PALSAR dual-pol backscatter intensity

All available ALOS PALSAR dual-pol data (HH and HV
polarization) over the three sites between 2007 and 2010
were retrieved in single look complex format. The number of
scenes (dates) acquired at each site ranged from eight
(Machadinho d'Oeste) to ten (Santarém), with nine dates
available over Manaus in the same period. Each ALOS
PALSAR dual-pol scene covers an area of approximately 70
km × 70 km, which is less than a quarter of the area covered
by a Landsat 5 TM scene. Therefore, only the ALOS
PALSAR dual-pol scene covering most of the area at each
site [11] was selected and used throughout the analysis.
All ALOS PALSAR dual-pol data were acquired with an
off-nadir angle of 34.3° during ascending orbits, and
processed with SARScape (version 4.3.001, Sarmap SA,
http://www.sarmap.ch), which followed standard SAR
processing [13-15]. First, single look complex data were
converted to multi-look intensity format, using a multi-look
factor of 1 in range and 5 in azimuth to obtain approximately
15-m square pixels in ground range coordinates. The multilooked data were then transformed into geocoded terraincorrected data (i.e., transformed from slant-range/azimuth to
map projection geometry using the 90-m digital elevation
model (DEM) retrieved from the Shuttle Radar Topography
Mission, SRTM). A comprehensive description of the
geocoded terrain correction method implemented in
SARScape is described elsewhere [16].
D. Ground data
Reference data was composed of in situ measurements
over secondary forests in Manaus (August 2014, 23 plots)
and Santarem (August 2015, 16 plots). A nested plot
approach was followed, with all trees with a diameter at
breast height (DBH at 1.3 m height) greater than or equal to
5 cm measured within the 10 m × 100 m subplot, trees with a
DBH ≥ 10 cm measured in the 20 m × 100 m subplot, and
trees with a DBH ≥ 20 cm measured in the larger 60 m × 100
m plot. Additional details can be found in [17].
E. Methods
E.1 Sampling design
The ability of remote sensing data to discriminate the age
of secondary forests (ASF) can only be evaluated where a set
of spatially representative areas covered with secondary
forests of known age are available. Random sampling was
used to generate a spatially representative set of areas
covered with secondary forests of known age. First, only
areas in [11] classified as secondary forests between 2007
and 2010 were used (e.g., areas mapped as secondary forests
in 2007 and converted to non-forest between 2008 and 2010
were discarded). To reduce the effect of unwanted positional
errors between the Landsat-derived land cover maps and
ALOS PALSAR data, only the 100 largest patches of
secondary forests of known age were selected for sampling

at each site. The area of these patches ranged from 25-963
ha, 21–380 ha and 12–157 ha at Manaus, Santarém and
Machadinho d'Oeste respectively. At each patch, a maximum
of 10 points was randomly selected subject to the conditions
of being i) separated by at least 200 m and ii) located 75 m
away from the patch boundary to avoid edge effects. A 100
m × 100 m plot (sampling unit, area = 1 ha) centred at each
point was then generated and used to retrieve the average i)
ASF, ii) Landsat 5 TM surface reflectance at TM3, TM4,
TM5 and TM7 spectral bands, and iii) ALOS PALSAR
backscatter intensity at HH and HV polarizations. We chose
a sampling unit size of 100 m × 100 m to avoid unwanted
positional errors due to an eventual spatial mismatch
between ALOS PALSAR and Landsat 5 TM data.
Due to secondary forest patch size and shape differences
among sites and restrictions in terms of distance between
points and to the patch boundary, the number of sampling
units per site was different (Manaus: 205; Santarém: 105;
Machadinho d'Oeste: 159). At each site, sampling units over
mature forest and non-forest persisting in the 2007–2010
period were also randomly selected and followed the same
approach described for secondary forests. This was
undertaken to further evaluate the capability of combining
Landsat 5 TM and ALOS PALSAR data to discriminate
amongst mature forest, non-forest and secondary forest. The
distribution of sampling units by ASF classes reflects the
spatial patterns and dynamics of forest disturbance and
recovery at each site, with Manaus clearly dominated by
older secondary forests, and Santarém and Machadinho
d'Oeste by earlier stages of secondary forests [11]. The
collection of the training dataset relies on access to extensive
time-series of land cover maps over representative areas
undergoing a process of forest regeneration.
E.2 Analysis
E.2.1 Mapping mature forest, non-forest and secondary
forest
In a first step, we used the training data to test the ability
of combining single-date ALOS PALSAR and Landsat 5 TM
data to discriminate major land cover types across the three
selected sites by year. For that purpose, we used a wellknown non-parametric algorithm: random forests [18]. Nonparametric classification algorithms have been successfully
used to discriminate land cover types and retrieve forest
biophysical parameters at various spatial scales [19-22]. The
random forests algorithm [18] (RF hereafter) is among those
most frequently used due to its simplicity and accuracy and
can be used to perform either classification [23] or regression
[19] analysis. RF is built as an ensemble of binary decision
trees, with only two parameters needing to be tuned, i) the
number of trees in each RF model (ntree) and ii) the number
of randomly selected predictors to be used at each decision
node (mtry) [18]. Each RF tree is fitted to a bootstrap sample
of the original training dataset with replacement and grown
to full extent. The observations not selected for fitting a RF
tree (the out-of-bag sample) are then used to assess its error
rate (in classification) or mean error (in regression) and, in
the end, combined to give the overall out-of-bag estimate of
error rate or mean error. The final prediction is generated as
a majority vote (in classification) or as an average (in
regression) from prediction over all RF trees. All binary

decision trees in a RF are built using independent samples,
so this method can also generate an estimate of prediction
variability. In addition, an important feature of RF is the
ability to generate a measure of the relative influence of each
predictor; this is achieved by evaluating how much the outof-bag error changes when the out-of-bag data for a given
variable is permuted while the others are left unchanged [18].
In this study, a sensitivity analysis was carried out to
select the combination of ntree and mtry producing the
lowest out-of-bag error in the class displaying the highest
error rate. The functions implemented in R Model.Map
package [24] were used to build the R code required to carry
out the analysis, conducted on a yearly basis between 2007
and 2010. Classification results are reported using the out-ofbag sample to generate the corresponding error matrix, thus
making it possible to identify those classes displaying higher
omission and commission errors and if classification errors
are impacted by the year used to run the RF model. As the
number of training samples collected at each class was not
proportional to the total area of that class, the traditional
error matrix relying on sample counts was corrected using
the mapped area of each class following the
recommendations in [25]. Additionally, [25] provide an
estimator to calculate the proportion of area of a given class,
which is the sum of proportions of each class as determined
by the reference (observed) dataset. The selected RF
algorithm was then applied to the overlapping area covered
by the ALOS PALSAR and Landsat 5 TM data acquired at
each site. Before applying the selected RF algorithm, these
datasets were spatially averaged to the same resolution used
to generate the training dataset (1 ha = 100 m × 100 m plots).
E.2.2 Discriminating and mapping the age of secondary
forests (ASF)
The extent of ASF was mapped by analysing the
transitions obtained from time-series of three-class (mature
forest, non-forest and secondary forest) land cover maps
spanning almost three decades over three selected regions
[11]. Maps of ASF obtained from this extensive analysis rely
on extensive remote sensing datasets, require high computing
capabilities to upscale to larger scales, and can be time
consuming. In addition, they must rely on post-classification
methods to identify and correct for unwanted transitions
between consecutive dates, with this being done in the timeseries analysis given in [11]. Furthermore, frequent cloud
cover in tropical regions can introduce large temporal gaps in
the time-series analysis, with this possibly affecting the
accurate retrieval of the age of secondary forests, especially
in highly dynamic regions in terms of forest processes (i.e.,
deforestation, regeneration). Therefore, we propose an
approach based on the compilation of an extensive training
dataset relating ASF to variables extracted from single-date
remote sensing data. This dataset includes information
collected over a large ASF range and was tested over a
period of 4 years (2007–2010). Only the areas identified as
secondary forest will be further refined in terms of mapping
their age.
The same non-parametric algorithm used to discriminate
and map mature forest, non-forest and secondary forest (see
Section 4.2.1) was used in regression mode to estimate ASF
as a function of single-date ALOS PALSAR and Landsat 5

TM data. Regression results are reported in terms of the outof-bag root mean squared error (RMSE) and bias [26].
E.2.3 Comparison with existing datasets
The results from the single-date analysis depicted here
(100 m spatial resolution) were compared with those
obtained from [11] using a time-series analysis of Landsat
TM data at 30 m spatial resolution. Several methods can be
employed when comparing two (or more) maps either
depicting land cover information or a given biophysical
parameter. In this study, we used a systematic grid of 1 km ×
1 km covering the entire overlapping area between the timeseries analysis [11] and the output from this study. A similar
approach was used in several studies comparing multiple
land cover maps or maps estimating a given biophysical
variable [27-29].
The mean ASF inside each 1 km × 1 km grid cells was
estimated from the two datasets (time-series and this study)
and the Pearson's coefficient of correlation computed to
assess the level of agreement between them. Only the 1 km ×
1 km grid cells with at least 25% of pixels with ASF values
(from this study and [11]) were used when comparing ASF
maps.
III.

RESULTS AND SUMMARY

III.1 Mapping mature forest, non-forest and secondary
forest
The overall accuracy is high across all years (95–96%)
with omission errors in the secondary forests class ranging
between 12 and 20% because of misclassification as mature
forest. Mature forest and non-forest have classification errors
consistently below 10% and 2% respectively.
An example of the application of the selected RF
algorithm over the three study sites in 2010 is depicted in
Fig. 1. These maps cover the overlapping area between the
selected ALOS PALSAR and Landsat 5 TM scenes. Overall
areal estimates of each class at each site were obtained by
using the information contained in the error matrix to correct
the estimates obtained by pixel counting [25]. Most of the
deforested areas in Manaus were covered by secondary
forest in 2010 (83%), with these representing only a small
fraction of the study area, which continues to be dominated
by mature forest (85%). At Santarém, 64% of the deforested
area up to 2010 was covered by secondary forest, with
mature forest covering approximately half (48%) of this site.
At Machadinho d'Oeste, 49% of the site was occupied by
non-forest in 2010, with less than one third (30%) of the
deforested area supporting secondary forest; at this site,
mature forest accounted only for 30% of the area.

Fig. 1. Random forests (RF) based maps of non-forest,
secondary forest and mature forest in 2010 over A) Manaus,
B) Santarém, and C) Machadinho d'Oeste. The mapped
regions correspond to the overlapping area between Landsat
5 TM and ALOS PALSAR data at each site. Adapted from
[30].
III.2. Discriminating and mapping the age of secondary
forests (ASF)
The distribution of ALOS PALSAR dual-pol backscatter
intensity and Landsat 5 TM surface reflectance values by
ASF and year is given in Fig. 2. In terms of ALOS PALSAR
dual-pol HH and HV backscatter intensity, the relationship is
markedly logarithmic (Fig. 2A and Fig. 2B), levelling-off
(saturating) around 15–20 years of age for median HH and
HV values of [− 8.92, − 8.68] dB and [− 13.93, − 13.85] dB,
respectively, in the 2007–2010 period. Many studies
assumed this type of relationship when modelling forest
biophysical parameters as a function of SAR data [20, 31,
32]. A decreasing relationship between Landsat 5 TM
surface reflectance and ASF was observed with all spectral
bands. This relationship was stronger in the shortwave
infrared spectral region (TM5 and TM7) (Fig. 2E and Fig.
2F). However, the lack of sensitivity was evident around 15–
20 years of age. Median values of Landsat 5 TM surface
reflectance at the shortwave infrared were 0.139–0.143 and
0.049–0.055 in the 2007–2010 period for TM5 and TM7
respectively. Furthermore, a higher dispersion of ALOS
PALSAR HH backscatter intensity values by ASF class is
observed when compared to HV. The latter shows decreased
variability with increasing ASF, especially in secondary
forest of at least 10 years of age.

Fig. 2. Distribution of the values of variables obtained
from ALOS PALSAR and Landsat 5 TM by age of secondary
forests and year: A) ALOS PALSAR HH, B) ALOS PALSAR
HV, C) Landsat 5 TM3, D) Landsat 5 TM4, E) Landsat 5
TM5, F) Landsat 5 TM7; data collected over the three
Amazonian sites in secondary forest ranging from 1 to 27
years; a box-and-whisker plot displaying the minimum, first
quartile, median, third quartile and maximum value of each
variable (y-axis) is shown by age of secondary forests (xaxis). Adapted from [30].
Out-of-bag validation of the fitted random forests (RF)
models by year is given in Fig. 3. Root mean square error
(RMSE) ranged between 4.3 and 4.7 years, corresponding to
25.5–32.0% of the mean observed ASF. Bias, which in
absolute value ranged from 0.04 to 0.08 years, was not
significantly different from zero for an alpha of 5% (nonparametric Wilcoxon test). This indicated that on average
most of the error was a consequence of higher variance
around the ASF estimates. The coefficient of determination
(R2) between the observed and predicted ASF ranged from
0.71 (2008) to 0.76 (2007 and 2010), with all regressions
significant for an alpha of 5%. However, some degree of
overestimation at lower ASF levels and underestimation at
higher ASF values is observed, with the method showing
lack of sensitivity with increasingly higher ASF values. The
estimated value of the asymptote ranged between 20.0 years
(2007) and 24.5 years (2010), which agrees with the values
suggested from the observation of the distribution of
individual variables (from ALOS PALSAR dual-pol and
Landsat 5 TM data) as a function of ASF (Fig. 1). ASF
estimates in secondary forests younger than 10 years were
biased towards higher values and with a RMSE of 3–5 years.
On the contrary, they were biased towards lower values in
secondary forests older than 20 years. Unbiased ASF
estimates are generally obtained in the intermediate age
classes (10–20 years).

Fig. 3. Relationship between observed and predicted age
of secondary forests (ASF) resulting from fitting random
forests (RF) models with data from A) 2007, B) 2008, C)
2009 and D) 2010. Root mean square error (RMSE) and bias
is indicated by year, with the solid line representing the fitted
linear model between predicted and observed ASF and the
dashed line the perfect agreement. Adapted from [30].
Fig. 4 displays the maps showing the estimated ASF by
study area in 2010. The map of the coefficient of variation
around the ASF estimates obtained from the RF models is
also indicated. At Manaus, 59% of the area mapped as
secondary forests supported forests with at least 20 years of
age, with a significant proportion (67%) of the ASF
estimates being obtained with a coefficient of variation lower
than 30%. The mapped secondary forests at Santarém and
Machadinho d'Oeste were younger than at Manaus, with
94% and 84% of these forests being younger than 20 years,
respectively; 78–85% of the ASF estimates at these two sites
were obtained with a coefficient of variation between 20 and
50%.

Fig. 5. Relationship between the average age of
secondary forests (ASF) obtained from the maps produced
by [11] and in this study at each 1 km × 1 km grid cells in A)
2007, B) 2008, C) 2009 and D) 2010. The solid line
represents the fitted linear model between the proportion of
each land cover class from [11] and this study and the
dashed line the perfect agreement. Pearson's coefficient of
correlation (R) and the number of 1 km × 1 km grid cells (n)
are also shown. Adapted from [30].

Fig. 4. Random forests (RF) based maps of age of
secondary forests and corresponding coefficient of variation
over Manaus (A and B), Santarém (C and D) and
Machadinho d'Oeste (E and F). Non-forest and mature forest
(Fig. 1) is also shown. The histograms depict the area (ha)
by age of secondary forests (yr) and corresponding
coefficient of variation (%). Adapted from [30].
III.3 Comparison with existing datasets
The relationship between the mean ASF at each 1 km × 1
km grid cell obtained from [11] and this study by year is
shown in Fig. 5. Correlation between the estimates from both
studies ranged between 0.82 and 0.85. ASF estimates from
this study were on average higher than those obtained from
the time-series analysis given in [11], with these diverging
with decreasing ASF values (slope = 0.80–0.95), but more
markedly in 2010.

The study recognized the ability of combining ALOS
PALSAR dual-pol and Landsat 5 TM surface reflectance
data to map mature forest, non-forest and secondary forest,
with overall accuracy of 95–96% across the Brazilian
Amazon in the 2007–2010 period, but with higher errors in
the secondary forest class (omission and commission errors
in the range 12–20% and 4–6% respectively) because of
misclassification as mature forest. The method used to
retrieve the age of secondary forests (ASF) generated root
mean square errors in the range 4.3–4.7 years (25.5–32.0%)
for forests aged up to ~ 30 years, with these estimates being
on average unbiased. However, overestimation at younger
ages (< 10–15 years) and underestimation at older ages (> 20
years) was observed, and varying with study area. The
predictive ability over Manaus, which had on average larger
patches of secondary forest, was higher, because most ASF
estimates were obtained with lower variability than those at
Santarém and Machadinho d'Oeste.
The method depends on having access to the location of a
set of representative points covered by secondary forests of
known age. Furthermore, varying illumination/observation
geometry on Landsat 5 TM surface reflectance across study
areas at any given year will have an impact in terms of
changing the distribution of reflectance values by age of
secondary forests as will the different and changing
composition of the tree species dominating the upper canopy.
This could be mitigated by normalizing the Landsat 5 TM
surface reflectance data encompassing larger areas by using
coarser, wide-swath, high-temporal resolution optical data,

such as that acquired by the Moderate Resolution Imaging
Spectroradiometer (MODIS) [33].
The study highlighted that ASF maps (up to a certain
age) can be generated without the need for extensive timeseries analysis of Landsat and/or SAR data. Moreover, the
method allowed also assigning a per-pixel estimate of the
prediction variability to each ASF estimate. The resulting
maps in combination with above-ground biomass
accumulation curves can contribute to better understand the
carbon dynamics of secondary forests in the Amazon.
IV.

FUTURE WORK

We submitted a proposal to JAXA’s 2nd Research
Announcement on Earth Observation (2nd-RA-EO), entitled
“Estimating forest above-ground biomass change in East
Africa from L-band SAR data”. SAR backscatter and,
potentially, coherence from the ALOS missions (ALOS-1
and ALOS-2) allows estimating forest AGB change by 1)
estimating forest AGB at two epochs and differencing them
or 2) differencing the SAR observations from two epochs
and inverting them to forest AGB change. This proposal will
further develop and test these methods at selected sites
within the study regions where in situ observations are
available and then applied to the extent of the ALOS-1 and
ALOS-2 imagery covering the study region to generate maps
of forest AGB change. The proposed work will cover the
tropical dry forests of East Africa, spanning Kenya, Tanzania
and Mozambique, where repeated observations of L-band
SAR (ALOS-1 and ALOS-2) and temporally coincident
reference forest AGB measurements are available. We
expect these methods to provide improved estimates of forest
AGB and change in tropical dry forests, where AGB density
is most of the times lower than the saturation value of Lband SAR observations.
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Abstract—This report summarizes the studies conducted in the
Kyoto and Carbon Initiative program aiming at mapping of
forest extent, distinguishting and monitoring tropical plantations
and their dynamics over time using ALOS PALSAR2 data, North
Sumatera. JAXA Advanced Land Observing Satellite (ALOS)
PALSAR L-band radar provided full polarisation with repeat
images every 44 days, thus providing much more frequent clear
imagery than other available rapid deforestation monitoring
tools, and approximately annual Fine-Beam Dual (FBD) image
pairs with HH & HV polarisations. The goals of this report are to
develop forest map of North Sumatra Province, Indonesia (case
study : Humbang Hasundutan, Samosir and Toba Samosir
regencies) and to develop a method for mapping and analysing oil
palm growth using ALOS PALSAR2 data (case study : Asahan
Regency). The most of the relevant information with L- Band are
the good penetration and in the HH and HV polarised channel.
Both channels has important effects on backscatter and
classification for plantation area. Supervised classification of the
L-band data gave overall accuracies of 86.2% and kappa
coefficient of 0.78 by comparison with land cover maps derived
from optical data. The results of the oil palm growth analysis
show that the backscatter value of oil palm plant using L-band of
ALOS PALSAR increases up to the age of around 12 or 13 and
then increases slowly up to age around 25 years. It shows due to
the oil palm leaves getting closer and touching each other with
other oil palm trees so that the surface becomes finer or flat.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, industrial plantation forest, Classification,.

I.

INTRODUCTION

A. About Phase 4 reporting
This report covers the activities carried out at the Indonesia
National Institute of Aeronautics and Space (LAPAN) under
Phase 4 of the Kyoto and Carbon Initiative [1]. LAPAN has
rejoined the phase 4 K&C activities starting in 2017. In Phase
3 project (2012-2014)., LAPAN and JAXA have conducted
the collaborative research on the use of ALOS PALSAR
archives and the verification dataset in Sumatra Island in order
to support Indonesia to develop and implement initial
Reducing Emission from Deforestation and Forest
Degradation + (REDD+) methodologies and REDD+
activities. The provisional results achieved from our research
activities were 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)
The proposal in Phase 4 has been formulated with the main
project is to develop industrial forest maps of North Sumatra
Province ending in 2018 and extended until 31 March 2019.
II.

DESCRIPTION OF THE PROJECT

A. Objectives and relevance to the K&C drivers
In Phase 4, LAPAN undertook the following activities to
1. develop forest map of North Sumatra Province,
Indonesia (case study : Humbang Hasundutan,
Samosir and Toba Samosir regencies) using ALOS
PALSAR data (2007 ~ 2010) and ALOS-2 PALSAR2 data starting from year 2017 to end of the project
(year 2018). The outcomes are directly related to the
“Convention driver” and “Carbon driver” of the K&C
Initiative: Conventions, Carbon and Conservation, i.e.
the three C’s. In detail, we extend our methodology by
combining non-parametric classifier with spatial
contextual information and multi-year dependency
information in order to obtain time-consistent multiyear forest maps.
2. In addition, Palm Oil Mapping (case study : Asahan
Regency). This study aims to develop a method for
analysing oil palm growth using ALOS PALSAR2
data. The main data used is ALOS PALSAR2 and data
that collected from the oil palm plantation. The
analysis was begun by converting SAR data to
backscatter, then classification of land use and palm
plantation. Furthermore, correlation and regression
analysis conducted to investigate the relationship
between age of oil palm and backscatter of SAR and
to make model of oil palm growth.
3. Provision of ground truth data including ground truth
data of North Sumatra
4. Assessing ALOS value-added product(s) over North
Sumatera produced by JAXA.
B. Work approach
As part of the project in K&C Phase 4 was selected 2 main
sites for remotely sensed and field data analysis. The sites
were:

-

Humbang Hasundutan and Samosir regencies for
development of classification methodology for Industrial
Forest mapping
Asahan regency for developing Palm Oil Mapping

These sites were selected based on previous experience and
field data collection in the region and remotely sensed datasets
available and are shown in figure 1.

Figure 1. Study area of the sites selected , site 1: Humbang
Hasundutan and Samosir regencies for development of
classification methodology for Industrial Forest mapping and
Site 2: Asahan regency for developing Palm Oil Mapping
C. Satellite data
We utilize ALOS PALSAR2 data available to us through
the systematic acquisitions detailed in the Kyoto and Carbon
(K&C) Science Plan [2], [3]. ALOS PALSAR mosaic products
(2007~2010), ALOS-2 PALSAR-2 mosaic products (20142016), PALSAR2 fine beam single pol (HH) and dual-pol
(HH+HV) data are available through the K&C datasets and
was provided by JAXA trough the EORC and the AUIG
(ALOS User Interface Gateway). Landscape classification
approaches and associated algorithm implementation were
carried out with the PALSAR2 data over our study regions.
D. Ground data
The survey was mainly carried out in more detail in North
Sumatera Province Forest area to observe a clear difference
between forest area with plantation area as well as degraded
area due to illegal logging.
III. RESULTS AND SUMMARY
A. Plantation Forest Monitoring in North Sumatera
Land Cover Classification Method
The flowchart of the ALOS-PALSAR2 classification used
in this study is shown in Figure 2 [4]. It starts with the preprocessing, which consist of calibration, ortho rectification, despeckling, mosaicking and texture analysis. The backscatter
calibration is a process for converting digital number (DN) of
ALOS2-PALSAR2 data to Gamma Naught !0 , which is
defined as radar backscatter per unit area of the incident wave
front (perpendicular to slant range ) [5] in decibel unit (dB).
Gray-level co-occurrence matrix (GLCM) was applied for
texture analysis to refine the spatial distribution of backscatter
image. Studies [6], [7] have shown that the incorporation of

texture measure can improve classification of spatially
distributed pixels on an image. The effects of the choices on
the potential of GLCM texture to identify the land cover types
are analyzed using transformed divergence values. In this
research, we found that GLCM Correlation of HH band at 16
quantization scales with 9×9 pixels windows is selected
attribute in this experiment.

Figure 2. Flowchart of land cover classification of Oil
palm in Asahan Regency, North Sumatera [4]
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
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, four types of
non-parametric classifier were used, i.e., Minimum Distance
(MinD), Mahalanobis Distance (MahD), Maximum Likelihood
(ML) and Support Vector Machine (SVM) classifier. Detailed
explanation of SVM classification method can be found in [8],
[9], while the general concept of RF classification is given by
Breiman [10]–[12]. 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.
Classification was performed on ALOS2 PALSAR2 data
level 1.5. The PALSAR set consists of the HH and HV. Water
bodies are masked out because they become blurred in the
filtering steps and induce misclassifications. 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 training
data is selected and identification of cleared areas is refined
using the SPOT6 image.

The finding of this study suggest that SVM compared other
three classifiers can perform adequately as land cover
classification tool using SAR data. 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. This result can also be
confirmed, 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 ML classifier (Figure 3).
B. Forest Loss Monitoring in Humbang Hasundutan, Toba
Samosir regencies using ALOS PALSAR MOSAIC

Figure 3. Classification result using Max. Likelyhood classifier
MinD, MahD, ML and SVM classifiers are applied to each
PALSAR data subset. Since the acquisition dates of the images
PALSAR2 subset are closest to the date of the SPOT6 image,
this subset is used to assess classification accuracy.
The analysis suggested that some classes were better
discriminated using texture analysis. Hence classification was
carried out using two different combinations of the polarized
channels: HH and HV. The classification result for year 2016
using ML-classifier is presented in Figure 3. The classification
results for year 2016 using all classifier are also presented in
table 1. From the comparison table, it can be found that the
overall accuracy exhibited by the SVM classifier has the
highest value of 88.115 % and kappa 0.803 without texture
analysis and 89,986 % and 0,844 compared by three other
classifier. When the texture information was added, image
classification results would improve.
TABLE I
COMPARISON OF ACCURACY RESULT FROM DIFFERENT
CLASSIFICATION METHODS

Image
Classification
Method
Minimum
Distance
Mahalanobis
Distance
Maximum
Likelihood
Support Vector
Machine

Without Texture
Analysis
Band HH + Band HV
Overall
Kappa
Accuracy
Coefficient
(%)

With Texture Analysis
Band HH + Band HV
Overall
Kappa
Accuracy
Coefficient
(%)

74,0399%

0,6381

77,3876%

0,6783

75,1446%

0,6422

81,1031%

0,7227

78,5842%

0,6817

83,5366%

0,7561

88.1152 %

0.803

89,9858%

0,8444

PALSAR and ALOS2 PALSAR2 mosaic tiles were
downloaded from JAXA’s website [15] and mosaicked by
georeferencing in IDL/ENVI to obtain full coverage of North
Sumatra. The amplitude DN values were converted to radar
backscattering coefficient ( ) in [5]
PALSAR L-band images of the study area are given in Fig.
4 as colour composites. The RGB composite for the 20072010, 2015-2016 PALSAR L-band mosaic shows the HH and
HV channels in red and green and the HH/HV ratio in blue
(note: for convenience, below we use “channel” to include the
ratio data). PALSAR data displays more details of an acacia
plantation. Much more structure is visible because of the
greater penetration and sensitivity to the vegetation structure at
L-band. This may aid visual interpretation but is likely to yield
errors in automatic classification.
There are large overlaps between the distribution for acacia
plantations on non-peat soils and those of all other cover types
except cleared areas. Cleared areas have the lowest backscatter
in both the HH and HV channels. In the HV channel, natural
forest has the highest backscatter but a bimodal distribution, in
which the lower peak corresponds to a peat dome where the
backscatter is lower than for the surrounding natural forest and
is comparable to the values for acacia plantations on peat soils.
This hinders the separation of natural forest from other land
covers, such as acacia plantations, if only L-band is used.
Hence ALOS PALSAR mosaics can provide more information
on vegetation status but this complicates automatic
classification of natural forest and plantations.
The approach to generate forest loss map was based on a
simple thresholding method developed by JAXA [13], [14].
ALOS 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.
Forest loss maps were generated by applying a simple
thresholding method by Motohka [13], [14] The forest loss
map of Humbang hasundutan dan Samosir regencies, North
Sumatra province for year 2007~2008, 2008~ 2009,
2009~2010, 2010-2015 and 2015-2016 are presented in Figure
5. Detailed analysis of the results is conducted on the Humbang
Hasundutan dan Samosir regencies using The PALSAR mosaic
data for each year. The results of forest loss detection showed
that the clear-cut area and its expansion can be detected using
threshold greater than -1dB. In general the more confident

detection results will be obtained, while small threshold value
will cause too many small-scale changes at 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.

Figure 4 Land cover change of Industrial plantated forest
using ALOS PALSAR MOSAIC 25m (year 2007-2010, 20152016 RGB : HH, HV, HH/HV

Figure 5. Forest loss thresholding detection.
C. Oil palm Mapping
Remote Sensing has significant potential to aid oil palm
monitoring and detection efforts. It also provides a costeffective method to these purposes and at the same time
provides site-specific assessments of management practices
and growth performance of the palms. Some aspects of oil
palm monitoring have been studied. Within the domain of land
cover classification, previous studies show that oil palm can be
mapped, for instance, have reported that oil palm plantation in
some South East Asian countries can be observed by coarsescale MODIS [16].
Figure 6 shows the condition of oil palm trees from at very
young age up to old age from optic image and form the field.
The optic image with RGB of true colour describe the real
condition of oil palm trees. At a young age the oil palm tree is
still short, with a little leaf midrib and the leaves are still short,
whereas at an older age the oil palm trees become taller, with a
greater number of midribs and long leaves. As a result of these
differences, the appearance of the optic image is different. In
optical images, young palm oil looks light green, and the

surface of the soil is still visible between oil palm, whereas in
old oil palm, oil palm looks greener and increasingly tight.

Figure 6. Oil palm from very young age up to old age from
optic image and form the field (source : I.Carolita, report of
field trip 2016)
The changes in the greenness of the oil palm plants seen in
the opitc image can be investigated using the greenish index.
Satellites imaging data of Landsat Thematic Mapper [17], [18]
and SPOT [19] have been successfully used to identify oil palm
growing areas and to map differences in palm age at early
stages of growth. Research by LAPAN [20] on oil palm
plantation in Lampung Sumatera Indonesia showed that the
regression coefficient between Landsat spectral band and oil
palm age is 69%. Band 5 of Landsat, IRI (Infra Red index), and
MIRI (Middle Infra Red Index) of Landsat give the biggest
correlation with oil palm age. Research by LAPAN also
showed that the growth of oil palm can be explained by NDVI
of SPOT6 with determination coefficient around 87%.
Since many oil palm plantations are located in tropical
areas, Synthetic Aperture Radar (SAR) is crucial for this task.
The SAR is an active sensor that operates in all weather
condition and daylight independent delivering information all
year around at the time that is needed. SAR is sensitive to
texture, size and orientation of structural objects, moisture
content and ground conditions [21]. The differences in
characteristics of optic and SAR will give complimentary
performance of oil palm trees mapping.
The difference in tree height, number of leaf midribs and
length of palm oil leaves gives a different surface texture, thus
providing a different scattering value from the SAR image. The
study that has been carried out other researchers using ALOS
PALSAR shows the pattern of logarithmic curve pattern is the
most suitable to describe oil palm growth [4], [22]
Study Area
This area of study is located in Asahan District, North
Sumatra (Figure 7). The location of plantation area is in 2.98
East Longitude; 99.67 North Latitude and 2.92 East Longitude;
99.75 North Latitude where the type of soil in this area is
alluvial, humus glay, regosol and red yellow podzolic. The
primary data used for this study is LS-8 dated 16 July 2015
and ALOS PALSAR2 dated 01 June 2015 with polarization
HH and HV data and supporting data is planting calendar
obtained from IOPRI (Indonesian Oil Palm Research Institute).
that then converted to oil palm age(Figure 8)

Figure 7. Study Area (Source : Google Map)
Figure 9. Land cover mapping of Oil palm in Asahan Regency,
North Sumatera using SVM
TABLE 2
COMPARISON OF ACCURACY RESULT FROM DIFFERENT
CLASSIFICATION METHODS

Figure 8. Oil palm blocks with Age Information

There are two combinations of polarization of L-band
ALOS PALSAR-2 were studied in this project which are
combination of co- and cross-polarization (HH & HV) and
RGB composite (R= HH, G= HV, B= HH-HV). Figure 9
shows the supervised classification results using support vector
machine algorithm. In this research, classification accuracy are
85,21% and kappa coefficient of 0.676 respectively. It found
that L-band HH and HV polarization are a good choice for oil
palm classification as both polarizations provide high
separability. From the Fable 2, it can be found that SVM
algorithm gave better results compared with MinD, MahD and
ML classifiers. In addition, PALSAR2 can not accurately
distinguished oil palm and cleared area. The confusion is
probably due to the limited channels of the SAR data. Owing to
the topography in the region, some pixels on the slopes facing
the radar look direction have higher backscatter that do those
with opposite slopes, causing changes in the backscattering
coefficient. Combine both optical and radar data may improve
the classification result.

Band Combinations
(R= HH, G= HV,
Image
Band HH + Band HV
B= HH-HV)
Classification
Overall
Overall
Method
Kappa
Kappa
Accuracy
Accuracy
Coefficient
Coefficient
(%)
(%)
Minimum Distance 68.7686
0.4164
66.1085
0.3846
Mahalanobis
73.1401
0.5004
74.6206
0.5249
Distance
Maximum
74.5752
0.5308
77.0043
0.5682
Likelihood

Support Vector
84.6867
Machine

0.6645

85.2112

0.6763

D. Growth Model of Oil Palm
Oil palm (Elaeis guineensis Jack.) is one of the world’s
most important tropical tree crops. It is grown commercially in
Southeast Asia, Africa and Central and South America for its
palm oil, the world’s second most widely consumed edible oil
[23]. World production of palm oil has increased spectacularly
in the last 20 years, especially in Indonesia and Malaysia.
Indonesia is the largest producer of palm oil (data of oil world).
As the largest producer, monitoring of oil palm condition is
very important. This is needed for good management in
fertilization plan, irrigation, replanting, yield estimation and
other plans. By using information from monitoring. The
expansion of plantation also must be well panned, because its
existence must not affect the surrounding environment.
Government also can plan the regional development properly
and avoid the decreasing of environment quality Identification,
mapping and monitoring are therefore required to impose such
ideal working environment. .

Figure 10. The Productivity of oil palm according to age [6]
Age of oil palm is the main parameter in yield estimation.
Figure 10 shows the strong correlation between age and oil
palm productivity [24], [25] Therefore the mapping and
monitoring of oil palm to estimate of yield is important. It will
help Ministry of Agriculture because the data that collected by
conventional method doesn’t give pretty information with high
accuracy level and not in spatial distribution format.

(a)

(b)
Figure 11. Relationship model between (a) HH and age of oil
palm and (b) HV and age of oil palm

(b)
Figure 12. Spatial Distribution of Age of Oil Palm based on
ALOS PALSAR 2 between (a) HH and (b) HV
The RGB of ALOS PALSAR2 image shows that the oil
palm plantation have different colour from dark to the light.
The dark is the area of very young oil palm, because the
roughness of surface on young oil palm is small, meanwhile
the lighter colour means the scatter is very high that come from
rough surface area or mature and older oil palm. The pattern of
backscatter for HH image and HV image according to its age
are described in figure 10.
SAR backscatter analysis at each age level for each
polarization was carried out to determine this relationship. The
results of the analysis show that the backscatter value of oil
palm plant using L-band of ALOS PALSAR increases up to
the age of around 12 or 13 and then increases slowly up to age
around 25 years. It shows due to the oil palm leaves getting
closer and touching each other with other oil palm trees so that
the surface becomes finer or flat. By using regression analysis,
the formula for oil palm growth : y = 0.4981ln(x) - 15.101
with R² = 0.5558 for HH polarization and y = 0.8544ln(x) 20.096 with R² = 0.6491 for HV polarization. where X is the
age of oil palm and Y is the backscatter.
TABLE 3
PERCENTAGE VALUE FROM EACH CLASS INTERVAL OF AGE OF
OIL PALM

Age of Oil Palm

(a)

Band HH

Band HV

Percentage (%)

Percentage (%)

0-5

22.079

62.363

5 - 10

24.335

25.411

10 - 15

41.946

2.357

15 - 20

8.212

0.019

20 - 25

1.495

0.006

25 - 30

0.429

0.003

≥ 30

0.208

0.001

IV. CONCLUSIONS
The potential use of ALOS PALSAR and ALOS2
PALSAR2 mosaic data 25m and ALOS2 PALSAR2 FBD level
1,5 in industrial plantation forest mapping land cover and
monitoring deforestation in North Sumatera province using its
amplitude and texture was studies. By using several bands of
textural information, the main land covers in the image were
improved. It can be found that Support Vector Machine (SVM)
algorithm gave better results compared with Minimum
Distance, Mahalanobis Distance, Maximum Likelihood
algorithm. In our experiment, we combined SVM Minimum
Distance, Mahalanobis Distance and Maximum Likelihood
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. In our study area, the overall
accuracy of 89,986% using SVM in humbang hasundutan and
samosir regencies and 85.21 % for oil palm plantation in
Asahan regency were obtained. When the texture information
was added, image classification results would improve.
The results of the oil palm growth analysis show that the
backscatter value of oil palm plant using L-band of ALOS
PALSAR increases up to the age of around 12 or 13 and then
increases slowly up to age around 25 years. It shows due to the
oil palm leaves getting closer and touching each other with
other oil palm trees so that the surface becomes finer or flat.
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 — The primary objective of this regional-scale
proposal was to evaluate the accuracy of the ALOS-2
PALSAR-2 ScanSAR based deforestation polygons detected
over the Brazilian Amazon by the JICA-JAXA Forest Early
Warning System in the Tropics (JJ-FAST). The data analysis
was based on the deforestation polygons produced by the JJFAST for the Brazilian Amazon (years of 2017 and 2018). A set
of 3,172 deforestation polygons was produced in 2017 for the
Legal Amazon area. From May to December of 2018, a set of
3,821 polygons was detected. We validated 536 polygons from
2017 using visual interpretation of pairs of Landsat-8 scenes
(total of Landsat-8 scenes = 50). We found an accuracy of 38%.
Misdetections were mainly related to the land use changes, i.e.,
deforestation detections over already deforested areas. Visual
analysis also detected a significant number of omissions as
well. For 2018 data set, accuracy analysis conducted for the
Tocantins State showed a much improved accuracy of 75%
mainly due to the new version of JAXA´s forest/non-forest map
that was included in the system as well as the inclusion of new
HH, HH/HV, and HH*HV polarized images (only HV
polarization was used in 2017). The JJ-FAST showed to be an
important tool to complement optical-based systems of
deforestation detection already developed for the Brazilian
Amazon. However, radar image analysis must be conducted
carefully because there is no single pattern of deforestation in
the Brazilian Amazon. ALOS-2 StripMap dual-pol and quadpol images also showed promising results to discriminate
representative land use and land cover classes from both
Amazonia and Cerrado ecosystems.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Amazonia,
ScanSAR, deforestation monitoring, JJ-FAST.

I.

INTRODUCTION

Since 2004, near real-time deforestation monitoring over
the Brazilian Amazon has been carried out by the National
Institute for Space Research (INPE) based on the Real Time
Deforestation Detection System (DETER) program. DETER
relies on Resourcesat-1 and Resourcesat-2 AWIFS satellite
with the 56-meter spatial resolution and 5-day temporal
resolution. The deforestation data from DETER have been
used by the Brazilian Institute of Environment and

Renewable Natural Resources (IBAMA) for operational,
law enforcement purposes. However, the use of orbital
optical sensors to detect deforestation in the tropical
rainforest region is somewhat constrained because of the use
of the optical dataset. New deforestations are detected only
in conditions of free cloud coverage. Regions over dense
tropical forests are obscured by clouds approximately 70%
of the time. Some areas remain covered for several years.
This problem affects critically the time spend by IBAMA´s
agents to react against the ongoing deforestation processes.
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 deforestation that complements the optical systems and
thereby supports law enforcement activities in the field. In
2017, JICA and JAXA launched a fully-automated system
of detecting new deforestations over 77 countries with
tropical forests, known as JICA-JAXA Forest Early
Warning System in the Tropics (JJ-FAST). This system
provides polygons of deforestation over the forested areas
every 45 days in one degree by one degree regular cells
based on the analysis of two consecutive pairs of ScanSAR
images.
Because JJ-FAST is a fully-automated system, accuracy
analysis for specific ecosystems is required by different
users. JAXA´s policy to distribute 50 ALOS-2 PALSAR-2
scenes per year and per approved project, regardless of
image acquisition mode, was also a good opportunity for us
to explore, in more detail, the potential of PALSAR-2
images to discriminate representative land use and land
cover (LULC) classes from Brazilian Amazon and from
tropical savanna (Cerrado).
II. DESCRIPTION OF YOUR PROJECT
A. Objectives and relevance to the K&C drivers
The overall objective of this regional-scale proposal was
to evaluate the potential of ALOS-2 ScanSAR mode images

over the Brazilian Amazon to detect new deforestations for
law enforcement procedures by the agents from Brazilian
Institute of Environment and Renewable Natural Resources
(IBAMA). The specific objective of this report was two-fold:
a) to validate the accuracy of the deforestation polygons
provided by JJ-FAST in 2017 and 2018 over the Brazilian
Legal Amazônia; and b) to assess the potential of ALOS-2
PALSAR-2 StripMap images to discriminate LULC classes
from the Brazilian Amazon and Cerrado.
The results of this project will greatly contribute for
environmental conservation of tropical rainfall forests by
reducing clear-cut deforestations and, consequently, reducing
CO2 emission to atmosphere. The achievements of this
proposal will complement the well-established but restricted
optical monitoring systems of deforestation detections in
near real time.
B. Work approach
A script in the QGIS software was developed by the
IBAMA´s Remote Sensing Center to download polygons
detected by the JJ-FAST and to make them available in the
shapefile format. As some polygons were overlappping each
other during the time series processing and analysis of
ScanSAR scenes, topological errors were corrected using the
ArcGIS 10.1 software. In this study, polygons detected in
2017 (January to December) and 2018 (May to December)
were considered.
For each polygon detected in 2017, a pair of colour
composites (RGB, bands 4, 5 and 6) of Landsat-8 scenes
downloaded from the USGS Earth Explorer platform was
visually analysed in the computer screen (Figure 1). The first
Landsat-8 scene (Date 1) was the first cloud-free scene
available before 45 days of the detection of a deforestation
polygon. The second Landsat-8 scene (Date 4) was the first
cloud-free scene available after the detection of the same
deforestation polygon.

Figure 1: Strategy for visual interpretation of pair of
Landsat-8 scenes to validate the accuracy of deforestation
polygons provided by the JJ-FAST.
A set of 50 scenes was considered in this approach (22%
of number of total Landsat scenes necessary to cover the
entire Legal Amazonia, i.e., 229) (Figure 2). In this set of
scenes, a total of 536 deforestation polygons were included.

Figure 2: Path/rows of Landsat-8 scenes considered in this
study to evaluate the accuracy of JJ-FAST to detect
deforestation over the Legal Amazônia.
The same pairs of Landsat-8 scenes analysed to estimate
the accuracy of JJ-FAST were used to estimate the omission
errors. In this case, eight Landsat-8 path/rows were
considered (Figure 3).

Figure 3: Path/rows of Landsat-8 scenes considered in this
study to evaluate the omission errors of JJ-FAST to detect
deforestation in 2017 over the Brazilian Legal Amazônia.
The accuracy of JJ-FAST polygons detected in 2018 in
Tocantins State (Figure 4) was analysed based on the time
series of full resolution Sentinel-2A optical images available
in the Sentinel Hub EO Browser. This browser allows the
users to upload polygons in kml format and select the
satellite (Landsat, Sentinel, Envisat, Proba-V, MODIS) and
criteria such as time range and cloud coverage to inspect

your area of interest. In the Tocantins State, a total of 123
polygons were detected from May to December, 2018.

Figure 4: Deforestation polygons detected by the JJ-FAST in
2018 in the Brazilian Amazon. The polygons located in the
Tocantins State were considered to estimate the accuracy of
JJ-FAST. State names: AC = Acre; AM = Amazonas; AP =
Amapá; MA = Maranhão; MT = Mato Grosso; PA = Pará;
RO = Rondônia; and RR = Roraima.
Field surveys were conducted in November, 2017 in
Rondônia State (municipality of Porto Velho and
Ariquemes) and in February, 2018 in Mato Grosso State
(municipality of Juína) to characterize the field conditions of
different deforestation polygons detected by the JJ-FAST.
Two scientists from Tokyo Denki University (Dr. Manabu
Watanabe and Dr. Christian Koyama) participated in these
field surveys.
In this project, we also analyzed the capability of the
target decomposition techniques and the polarimetric ratios
applied to the ALOS/PALSAR-2 satellite images to
discriminate the LULC classes in the Tapajós National
Forest (TNF) region, Pará State. Three full polarimetric

ALOS/PALSAR-2, single look complex (SLC) scenes were
selected to generate the coherence [T3] and the covariance
[C3] matrices to derive the Cloude-Pottier and the FreemanDurden target decomposition attributes. The images were
processed by the Cloude-Pottier polarimetric decomposition
techniques to extract the entropy (H), anisotropy (A) and
alpha angle (α) attributes, as well as by the Freeman-Durden
decomposition target model to obtain the surface scattering,
double bounce and volumetric attributes.
From the radiometrically calibrated images, we
generated the backscatter coefficients, the cross polarized
ratio (RC; HV/HH), the parallel polarized ratio (RP;
VV/HH) and the Radar Forest Degradation Index (RFDI).
The images resulting from these polarimetric attributes were
processed by the Maximum Likelihood (MAXVER)
classifier coupled with the Iterated Conditional Modes (ICM)
contextual algorithm.
We also proposed a a workflow for LULC classification
of ALOS-2 StripMap images over the Brazilian tropical
savanna (Cerrado) biome (quad-pol, pixel size of 6 m,
ascending orbit, incidence angle of 27.8º, and 1.1 processing
level). The study area is located in the eastern Goiás State
and in the northeastern Federal District of Brazil, which is a
representative area of Cerrado in terms of the major LULC
classes found in this biome (Figure 5). The following LULC
classes were considered: forestlands; shrublands; grasslands;
reforestations; croplands; pasturelands; bare soils/straws;
urban areas; and water reservoirs. The proposed
methodological approach combined polarimetric attributes,
image segmentation, and machine learning procedures. A set
of 125 attributes was generated using polarimetric ALOS-2
StripMap-2 images, including the van Zyl, Freeman-Durden,
Yamaguchi, and Cloude-Pottier target decomposition
components, incoherent polarimetric parameters (biomass
indices and polarization ratios), and amplitude, HH-, HV-,
VH-, and VV-polarized images. These attributes were
classified using the Naive Bayes (NB), DT J48 (decision
tree), Random Forest (RF), Multilayer Perceptron (MLP),
and Support Vector Machine (SVM) algorithms.

Figure 5: Study area located within the borders of the Federal District of Brazil and the municipalities of Planaltina and Formosa,
Goiás State. The image corresponds to the RGB color composite of HH, HV, and VV polarizations from the ALOS-2/PALSAR-2
image (overpass: May 14, 2016).

III. RESULTS AND SUMMARY
JJ-FAST deforestation polygons from 2017
A total of 3,172 polygons were detected by the JJ-FAST
in 2017 over the Legal Amazônia (Figure 6). Pará (982
polygons), Mato Grosso (672 polygons) and Rondônia (476
polygons) were the states that presented the highest number
of polygons. These states belong to the arc of deforestation,
located in the southern part of the Legal Amazonia, where
most of the deforestations are also detected by the INPE´s
optical-based systems. They are also the states where
IBAMA concentrates most of its actions to prevent and to
combat illegal deforestations.

Figure 7 shows the accuracy of the JJ-FAST
deforestation detection. We found a global accuracy of 38%.
Most of the misdetection was due to the deforestation
detected over the already deforested areas (44% of
polygons). This indicate potential problem in the forest/nonforest map used by JAXA to eliminate detections
corresponding to land use changes or over the early-stage
secondary vegetation. In order to increase the overall
accuracy, the use of a mask of deforestation, for instance, the
INPE´s shapefiles of annual deforestation produced by the
PRODES project is a good possibility.

Figure 7: Percentage of correct and wrong deforestation
detection by the JJ-FAST in 2017 over the Legal Amazônia.

Figure 6: Total number of deforestation polygons detected by
the JJ-FAST in 2017 over the states of Legal Amazônia.

Regarding the omission errors, we found a total of 187
deforestated areas that was not detected by the JJ-FAST
within the eight scenes randomly selected (Figure 8).

(a)

Figure 9: Number of polygons detected by the JJ-FAST in
2018 in the Brazilian Legal Amazonia per state.

(b)
Figure 8: Example of omission errors of JJ-FAST in
detecting deforestation over the Legal Amazônia in 2017
(red circles). The images correspond to the Landsat-8 scenes
(path/row: 001/66) from September 18, 2016 (a) and June 17,
2017 (b). Blue line corresponds to a polygon detected by the
JJ-FAST in May 8, 2017.
JJ-FAST deforestation polygons from 2018
A total of 3,821 polygons were detected by the JJ-FAST
from May to December, 2018 (Figure 9). Again, the states of
Pará and Mato Grosso, with 1,325 and 1,251 polygons,
presented the highest number of polygons. The Amazonas
State, traditionally with low rates of deforestation, according
to the Landsat-based Inpe´s PRODES project, presented a
relatively high number of deforestations, especially in the
borders of states of Acre and Pará.
Figure 10 shows the deforestation polygons detected per
month (from May to December, 2018). The detection was
especially high in the wet season (November and December).
This agrees with the fact that deforestation in the Brazilian
Amazon is more intense in the wet season. During the dry
season, fire activities to burn trunks and branches left over in
the terrain are dominant.

Figure 10: Number of polygons detected by the JJ-FAST in
2018 in the Brazilian Legal Amazonia per month.
Field inspection
Field inspection showed that there is no single pattern of
deforestation in the Legal Amazônia. In fact, deforestation in
the Brazilian Amazon is a process. First, the biggest trees are
cut by chainsaw and a number of trunks, branches and leaves
are left over in the terrain (Figure 11a). This makes the
backscattering in the L-band SAR images quite high. As the
vegetation becomes dry, landowners usually make fire to
clear the terrain (Figure 11b). In the final process of
deforestation, tractors clean the terrain and the soil surface is
almost completely bare (Figure 11c). In the last two cases,
radar backscattered signals are much lower than that from
the first case.

(a)

(b)

(c)
Figure 11: Different field conditions of deforestation in the
Brazilian Amazon: trunks and branches are left over in the
terrain (a), ongoing burning activity (b) and dominant bare
soil (c).
Nevertheless, in the field campaign conducted in
February, 2018, deforestations detected in the ALOS-2
ScanSAR images were able to be confirmed in the field.
Figures 12 and 13 shows the time series of ALOS-2
ScanSAR images obtained in January 19, February 2, and
February 16 of 2018 in the HH and HV polarizations and in
the municipality of Juína, Mato Grosso State. We can notice
a clear increase in the area of deforestation in the HH
polarization throughout the time series. The field inspection
on February 26 showed an ongoing activity of deforestation,
as shown by the Unmanned Aerial Vehicle and field photos.

Figure 12: Example of deforestation detected by JJ-FAST in February, 2018 in the municipality of Juína, Mato Grosso State.

Figure 13: Another example of deforestation detected by JJ-FAST in February, 2018 in the municipality of Juína, Mato Grosso
State.
Amazon LULC mapping from StripMap mode images
The classifications derived from the target
decomposition attributes, mainly from the Cloude-Pottier
technique (Figure 14), with a Kappa index of 0.75,
presented a significant higher performance than those
derived from the RC ratio, RP ratio, and RFDI. The
attributes derived from Cloude-Pottier decomposition
technique showed good potential to discriminate between
the natural forest classes and less or no vegetation covered
classes in the Tapajós National Forest region. However, the
potential to distinguish ecological succession classes,
utilizing H and α attributes was not so good.
The H attribute showed high mean values for the forest
classes in different successional stages, indicating that the
different scattering mechanisms contributed similarly the
backscattering process. The A attribute showed higher
sensitivity to discriminate the thematic classes considered in
this study, presenting higher variability in the radiometric
responses compared with H and α attributes. A attribute still
presented high potential among the Cloude-Pottier
decomposition attributes to discriminate degraded forests,

mainly the forestlands affected by fire that occurred over the
study area.
Cerrado LULC mapping from StripMap mode images
Figure 15 presents the classification results obtained by
the NB, DT J48, RF, MLP, and SVM classifiers. The NB
classifier overestimated the urban areas, probably due to the
presence of hilly terrain in the surrounding areas. The
effects of layover and foreshortening on the ALOS-2 images
from the study area probably generated some confusion in
identifying urban areas. The DT J48 presented a more
accurate identification of urban areas.
Two groups of classifiers were identified. The first
group, which obtained the best results, was comprised by
the RF, MLP, and SVM algorithms, which presented
statistically similar Kappa indices. The second group, which
had less accurate performances, was composed of the NB
and DT J48 classifiers, which also presented statistically
similar Kappa indices. The RF classifier outperformed DT
J48, which agrees with the results found in the literature. DT

J48, although more complex, did not present more accurate
results in comparison with those obtained by the NB
classifier.

discriminate representative LULC classes from the Brazilian
Amazon and Cerrado.

Figure 14: Spatial distribution of LULC classes derived from
the Cloude-Pottier decomposition technique using
ALOS/PALSAR-2 image.
As for the polarimetric attributes, we verified that the
decompositions were important in the identification and
classification of LULC classes. Volumetric scattering
components (van Zyl, Freeman-Durden, and Yamaguchi
theorems) were used in the DT J48 classification. These
components are related to the structure of the vegetation
canopy. However, a more detailed study should be
performed to understand the mechanisms and types of
scattering that prevailed in the scene.
IV.

CONCLUSIONS

The results of this study showed that:
1. The JJ-FAST overall accuracy was rather low in 2017, but
improved significantly with the use of a more accurate
forest/non-forest map and with the use of HH, HV, HH*HV,
and HH/HV images.
2. Detecting deforestation in the Brazilian Amazon is not a
straightforward task since field conditions during the satellite
overpass can change significantly depending on the time
interval between the beginning of deforestation and the
satellite overpass.
3. Target decomposition technique of ALOS-2 PALSAR-2
StripMap mode images showed promising results to

Figure 15: Classification results obtained with NB (a), DT
J48 (b), RF (c), MLP (d), and SVM (e) algorithms and nine
LULC classes.
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Abstract— Mosaics of L-band SAR backscatter images from
JERS-1 (1995), ALOS PALSAR (2007-2010) and ALOS-2
PALSAR-2 (2015-2017) over Europe have been used to generate
estimates of forest aboveground biomass (AGB, unit: Mg/ha) to
identify patterns of biomass dynamics during the last two
decades. The results were then meant to inform biosphere models
to parameterize carbon fluxes. The different acquisition modes of
the three missions resulted in mosaic datasets hardly comparable
to each other. Accordingly, the AGB estimates for each epoch
were characterized by somewhat different pattern of biomass,
which ultimately did not allow for identifying patterns of biomass
dynamics and confirm trajectories derived in other studies based
on national forest inventory measurements. This study, however,
was useful to clarify the role of single observations of L-band
SAR backscatter in the context of forest biomass estimation and
provide indications towards the implementation of L-band
observations of the SAR backscatter in forest biomass retrieval
schemes.
Index Terms—ALOS PALSAR, ALOS-2 PALSAR-2, JERS1, K&C Initiative, Forest Theme, forest, aboveground biomass,
biomass dynamics, carbon fluxes, Europe.

I.

INTRODUCTION

Quantification of the carbon cycle has started to rely on
remote sensing data with estimates of carbon pools given the
availability of wall-to-wall datasets [1]. The estimates
produced with remote sensing data capture spatial details that
are not yet represented by global models and are not
achievable with point-wise measurements from in situ
networks. Spatial details currently refer to a resolution of the
order of a kilometer and the possible coverage spans regional
to continental areas. Yet, there is a possibility to increase the
level of detail to achieve a decametric representation of carbon
pools, which has not been exploited so far because of the lack
of wall-to-wall data and the considerable computing efforts

required to generate high-resolution estimates from the remote
sensing data. This is particularly relevant in areas with strong
land fragmentation or land-use induced changes because the
precision of land property information derived from remote
sensing estimates depends on the spatial resolution of the
latter.
In the previous phase of the Kyoto and Carbon (K&C)
Initiative, we proposed to generate regional maps of forest
biomass from ALOS PALSAR data with the objective of
assessing the usefulness of such estimates for biosphere model
parameterization [2]. For this, multi-temporal ALOS PALSAR
(-1) data acquired during 2010 were used. The multi-temporal
aspect was essential to improve the retrieval accuracy with
respect to an estimation based on a single image. Biomass
estimates were obtained at 25 m with a rather straightforward
algorithm in six regions located in boreal, temperate and
tropical forest. The increased level of detail in the 25 m
estimates with respect to the kilometric resolution of the
carbon models was identified to be of benefit for the
prediction of fluxes. The improvement was largest in
fragmented landscapes.
The carbon pools of European forest have been
investigated with inventory data [3] as well as remote sensing
during the last decades. Inventory-based analysis revealed a
constant increase of the carbon pools with a tendency to
saturation in recent times [4]. The limitation of inventory data
to the monitoring is the long time required for an update and
the different protocols used for measuring and reporting by
each country. In addition, inventory data does not contain
information about all regions, e.g. private forests in Germany
are not included. Hence, upscaling techniques relying also on
remote sensing data are required. However, for Europe remote
sensing images have been used to estimate the carbon pool for
a given epoch only [1,5]. In contrast, the availability of multiyear observations such as from ALOS-1 and ALOS-2 could

allow creating a time series of 10 years of biomass estimation
at high resolution, thus allowing new evidences on trends and
improved characterization of the spatial distribution of
biomass. The expansion of the spatial extent of the dataset to
the European scale entails an overlap with the current
observational network of ecosystem carbon fluxes, which
poses a unique opportunity to explore model-data integration
approaches at wider scales [6].
Scope of this project was to set up a time series of L-band
backscatter observations covering Europe that would translate
into time series of forest biomass estimates so to understand
how much L-band observations reflect the change in carbon
accumulation in Europe. L-band observations from JERS-1,
ALOS-1 and ALOS-2 span almost 20 years, thus potentially
fulfilling the need of creating a fairly long time series to
observe such changes. With a long time series, the
contribution of remote sensing estimates of biomass to
modeling ecosystem carbon cycle and fluxes, including spatial
scales effects, can be analyzed.
Section II describes the study areas and the L-band data
available. Section III describes the biomass retrieval
methodology. Section IV presents results from the retrieval. A
set of conclusions and a future outlook is presented in Section
V.
II. STUDY AREA AND SAR DATA
The study area corresponded to the part of the European
continent between -12°E and 42°E longitude and between
71°N and 34°N latitude. The bounding box included all major
forested regions of continental Europe as well as part of
European Russia.
The L-band dataset consisted of observations of the SAR
backscatter provided by JAXA in the form of continent-wide
yearly mosaics. Each mosaic had a spatial resolution of 25 m
and was processed to sigma0 corrected for local incidence
angle according to [7].
For the 1990s, a JERS-1 mosaic of the SAR backscatter at
HH-polarization based on images acquired in 1995 and 1996
was obtained (Figure 1). For the 2000s, JAXA distributes
yearly mosaics of ALOS-1 PALSAR-1 backscatter values for
the time interval 2007-2010 consisting of images acquired in
Fine Beam Dual Mode (FBD) at HH- and HV-polarization [8].
For this study, the mosaic of 2010 was used, with a few
replacements using mosaics of 2009 and 2008 in regions
characterized by radiometric offsets between adjacent orbits.
This was the case primarily in the boreal zone where a few
orbits appeared to having been acquired during periods of
freeze/thaw conditions, causing lower backscatter compared to
unfrozen conditions. Besides the backscatter mosaics, JAXA
provided maps of local incidence angle and acquisition date.
Figure 2 shows the ALOS-1 PALSAR-1 mosaic used to
retrieve biomass. For the 2010s, JAXA distributed yearly
mosaics of ALOS-2 PALSAR-2 backscatter values for the time
interval 2015-2017 consisting of images acquired in FBD
mode. Compared to the PALSAR-1 mosaic, the PALSAR-2
mosaics were characterized by larger heterogeneity of images
used in the compositing, which resulted in more frequent

radiometric offsets between adjacent orbits. We identified
several regions were the compositing was based on images
acquired during different seasons (e.g., winter and summer, dry
and wet conditions). In addition, the poorer success rate of the
observations scenario implied that some gaps had to be filled
by JAXA with images from other years on a block-by-block
basis, each block representing a 1° x 1° area (personal
communication Masato Hayashi). An analysis of the three
ALOS-2 PALSAR-2 mosaics revealed that none was free from
artifacts but the 2017 mosaic appeared to be more reliable than
the other mosaics. For this study, the mosaic of 2017 was
therefore used (Figure 3).
The JERS-1, ALOS-1 PALSAR-1 and ALOS-2 PALSAR2 mosaics were provided by JAXA in the form of 1° x 1° tiles.
The datasets were already geocoded, orthorectified and
calibrated by JAXA. However, visual inspection of the imagery
suggested significant problems with the geolocation accuracy
of the JERS-1 dataset. The results of the visual inspection were
confirmed when using matching techniques based on image
cross-correlation [9] to identify systematic linear offsets in
Northing and Easting, roughly corresponding to azimuth and
range direction of the radar viewing geometry. Figure 4 shows
the statistics of the geometric offset between the JERS-1 and
the ALOS-1 mosaics. The offsets between the JERS-1 and the
ALOS-1 mosaics were stronger in the easting direction, being
between 0 and +4 pixels (i.e., between 0 and 100 m). Along the
northing direction, the offset was mostly below 1 pixel. The
reasons for the offsets could be due to slightly worse precision
of the orbital data from the JERS-1 mission. However, this
assumes that the ALOS imagery is correctly geolocated, which
is currently challenged by recent evidence when comparing to
ground control points and other remote sensing datasets
(personal communication Josef Kellndorfer).
To be comparable to the ALOS datasets, the JERS-1
mosaic was therefore co-registered to the ALOS data. Coregistration was applied in the form of two polynomial models
representing the offsets in the vertical and the horizontal
direction, respectively [9]. The coefficients of the model (three
terms) were estimated with a least squares regression, using
measures of the offsets obtained with a cross-correlation
technique applied to the JERS-1 and ALOS-1 mosaics. The
models were computed on a tile-by-tile basis.
III. METHODOLOGY
Retrieval of forest biomass with L-band SAR backscatter
data has been demonstrated to be particularly reliable in boreal
and temperate forests and we have developed in recent years a
fully automated biomass retrieval procedure that does not need
in situ measurements of biomass to train the model relating the
forest backscatter to biomass (BIOMASAR algorithm) [10].
The BIOMASAR algorithm works best with multi-temporal
observations [10, 11] because it allows filtering out the
temporally uncorrelated part of the signal, maximizing the
information content on biomass. Unfortunately, multi-temporal
L-band observations were not available for this project and we
had to rely for each epoch on a single observation from the
yearly mosaic of the SAR backscatter.

Figure 1. JERS-1 mosaic of the SAR backscatter (HH-polarization) used in this
study.

Figure 4. JERS-1 and ALOS-1 PALSAR-1 co-registration statistics.

In this work, we used the BIOMASAR algorithm adapted
to L-band dual-polarization backscatter to retrieve forest
growing stock volume (GSV) in m3/ha. The extension of
BIOMASAR to L-band data, referred to as BIOMASAR-L is
described in the Algorithm Theoretical Basis Document of the
GlobBiomass project (http://globbiomass.org/products/globalmapping/). 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:
o
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Figure 2. ALOS-1 PALSAR-1 mosaic of the HH-polarized SAR backscatter
used in this study.

In Equation (1), V represents the GSV and σ0for the forest
backscatter. The two model parameters related to the SAR
backscatter of the ground surface, σ0gr, and the vegetation
canopy, σ0veg, were estimated with a self-calibration approach,
i.e., without the need of in situ data for training. The parameter
β, related to the forest transmissivity, was derived by fitting the
exponential in Equation (1) to observations of canopy cover
and is adapted to ecoregions; for details it is referred to the
ATBD of the GlobBiomass project.
AGB was finally estimated from GSV with
AGB = GSV * WD * BEF

Figure 3. ALOS-2 PALSAR-2 mosaic of the HH-polarized SAR backscatter
used in this study.

(1)

(2)

where WD represents the wood density and BEF the
expansion of stem to total biomass. These terms were obtained
from measurements and a set of machine learning algorithms
(WD) or power-law models (BEF) to produce spatially explicit
values of the volume-to-biomass conversion factors. For
details, it is referred to the ATBD of the GlobBiomass project.
The model in Equation (1) is trained on a tile-by-tile basis
and for each image date within the tile so to avoid that spatially
heterogeneities of the backscatter due to different

environmental conditions at the time of image acquisition
translate to biomass offsets.
Each estimate of GSV and AGB has an uncertainty
associated. The procedure for the computation of uncertainties
in BIOMASAR-L is described in the ATBD of the
GlobBiomass project. We used an error model that propagates
the individual uncertainties of the backscatter measurement and
of the model parameters with Equation (3) for GSV and with
Equation (4) for AGB.

(3)

In the model inverted for GSV (Equation (1)), σ0veg is
expressed as a function of the average backscatter observed
over dense forests, σ0df, the average canopy density of dense
forests, ηdf, the average height of dense forests, hdf, and the twoway attenuation coefficient, α. The uncertainty of the estimates
of σ0df and σ0gr is estimated as the standard deviation of the
histograms of backscatter observations in areas of low and high
canopy density, since the histograms summarize the
uncertainties associated with estimating the parameters due to
spatially variable imaging conditions, uncompensated
topographic effects, etc. (e.g., variable soil/canopy moisture).
In the error model of AGB (Equation (4)),
and
represent the accuracy of the wood density and BEF terms
respectively, and
represents the accuracy of the GSV
dataset. The partial derivatives of Equation (3) and (4) are
reported in the ATBD of the GlobBiomass project.

(4)

Figure 5. Map of GSV from ALOS-1 PALSAR-1 mosaic of SAR backscatter (HV-polarization) for the year 2010.

Figure 6. Map of GSV from ALOS-2 PALSAR-2 mosaic of SAR backscatter (HV-polarization) for the year 2015-2017.

IV. RESULTS AND DISCUSSION
Figures 5 and 6 shows the GSV and AGB maps obtained
from the ALOS-1 PALSAR-1 and ALOS-2 PALSAR-2
datasets, respectively. The largest biomass pool is located in
Central Europe between Germany, the Czech Republic, Austria
and Slovenia. Another large pool of biomass runs along the
Carpathian Mountains between Slovakia and Romania. A
lower biomass density characterizes the Nordic countries and
the Mediterranean countries. The spatial patterns of biomass do
not differ substantially between 2010 and 2015. The
uncertainty of the estimates is reported in Figure 7 in the form
of a comparison with estimated AGB values. The standard
error was mostly between 70% and 80% of the estimated value,
indicating limited information of an AGB value at full
resolution (25 m). Such large uncertainty does not allow for
assessing the validity of biomass pools and biomass dynamics
at full resolution.

from the map in Figure 5 and the corresponding number
published in the FRA of 2010 by FAO. The scatter plot
confirms that the spatial distribution of AGB has been well
captured in the map of 2010 except for underestimation in
countries characterized by a large proportion of high biomass
forests. Figure 10 shows the same comparison for the 2015
AGB estimates obtained from the ALOS-2 PALSAR-2 dataset
and the FAO FRA 2015 country reports. The agreement
between remote sensing based and inventory based country
statistics is poorer compared to 2010. This is explained by the
patchier mosaic of SAR images provided by JAXA for 2015
compared to 2010.

Figure 8. Comparison of provincial estimates of GSV from the ALOS-1 dataset
and corresponding values published by National Forest Inventories.

Figure 7. Standard error of AGB estimates plotted in terms of the estimated
AGB. The vertical bars represent the interquartile range of standard error
values for a given AGB interval of 25 Mg/ha.

Taken into account that the information provided by the
GSV and AGB maps at pixel level are not reliable, we focused
on understanding macroscale patterns. Validation of the 2010
GSV map at the level of provincial average values indicates a
reliable representation of the biomass distribution except for a
tendency to underestimate GSV in regions of high biomass
(Figure 8). A similar result was obtained with a validation
based on inventory plots for the AGB dataset [12]. The scatter
plot shown in Figure 8 indicates the limit of a biomass retrieval
based on a single L-band observation.
The comparison for the 2010 dataset could not be repeated
for the 2015 dataset because several National Forest
Inventories have not published provincial estimates for the
2015-epoch yet. The only source of biomass estimates at the
level of provincial and national averages is represented by the
Food and Agriculture Organization (FAO) Forest Resources
Assessment (FRA) for the years 2010 and 2015 [13, 14]. For
this comparison, we only considered countries that reported in
2010 and 2015 with own inventory figures and that ranked
their figures with high quality. Although the numbers
published are not exactly based on measurements collected in
2010 and 2015, they are reported to be valid for such epochs.
Figure 9 shows a comparison of national averages of AGB

Figure 9. Comparison of national averages of AGB from the ALOS-1 dataset
and the corresponding numbers published by FAO in the FRA of 2010. The
size of the circle is proportional to the forest area of a country.

Figure 10. Comparison of national averages of AGB from the ALOS-2 dataset
and the corresponding numbers published by FAO in the FRA of 2015. The
size of the circle is proportional to the forest area of a country.

The different level of reliability of the AGB maps produced
for 2010 and 2015 is confirmed when computing the AGB
difference map (Figure 11) and plotting the difference of
biomass obtained from the FAO FRAs and from the remote
sensing maps (Figure 12). The AGB difference map (Figure
11) shows an overall increase of biomass in northern Europe
and in Mediterranean regions. This result is consistent with
indications from forest inventories [3]. On the contrary, central
European countries show a decrease of biomass from 2010 and
2015, which is opposite to indications from forest inventories.
The scatter plot of biomass difference from inventories and
from the remote sensing based maps further confirms the
results just discussed (Figure 12); central European countries
such as Germany, Poland and Belarus showed a biomass
decrease as opposed to the increase reported in FAO FRAs. In
addition, where biomass was estimated to increase, the levels
of magnitude of the increase differed (e.g., Turkey and Spain,
Figure 12).

Figure 11. Difference between the AGB estimates obtained for 2015 (Figure 5)
and 2010 (Figure 6).

Figure 12. Comparison of total biomass difference between 2015 and 2010
from FAO FRAs and the biomass maps.

The JERS-1 mosaic provided to this project included data
acquired in 1996 over Europe and presents some large gaps
(Figure 1); in addition, the sensitivity of the JERS-1
backscatter to biomass was weaker compared to ALOS-1 and

ALOS-2 because of the single polarization. Still, it was
required in first place to be able to create a time series of
interest to estimate fluxes and assess the evolution of the
carbon sink in Europe.
A GSV map was also generated from the JERS-1 mosaic to
represent the distribution of biomass across Europe for the mid
1990. However, the map appeared to capture the extremes of
biomass, i.e., reporting either very low values close to 0 or very
high values close to the maximum biomass. This was due to
the weak sensitivity of co-polarized L-band SAR backscatter to
biomass [15]. Figure 13 shows a comparison of JERS-1
estimates of GSV and GSV estimated from optical data with
the kNN algorithm in Sweden. As benchmark, we also show
the comparison between ALOS-1 estimates of GSV and the
kNN dataset. The GSV estimates from the ALOS-1 dataset of
2010 and the corresponding kNN values clustered along the 1:1
line whereas the correspondence between JERS-1 and kNN
GSV estimates was poorer with a clear trend to overestimation
by JERS-1 in high biomass. Since the retrieval of biomass from
the JERS-1 dataset was affected by such significant biases, it
was decided to discard the dataset from the analysis, which had
substantial impact on the possibility to achieve the goals
initially set to the research proposed in this study.

Figure 13. Scatter plots of GSV estimates from the kNN dataset of Sweden
(“Reference GSV”) and from the JERS-1 mosaic of SAR backscatter (left), and
from the ALOS-1 mosaic of SAR backscatter (right). The comparison is done
on a pixel-basis, for a 1° x 1° tile in Sweden (62°N, 16°E).

The usefulness of a single observation from a single type of
sensor to track biomass dynamics has been shown to be
limited. From these results, it is understood that research still
needs to follow a learning curve concerning an accurate
characterization of biomass with spaceborne EO data globally.
In this sense, we have started along this learning curve in
ESA’s GlobBiomass project (http://globbiomass.org) by
combining EO data (ALOS-1 PALSAR-1 mosaics, Envisat
ASAR hyper-temporal backscatter observations, Landsat
surface reflectances and ICESAT GLAS Lidar waveform
metrics) and in situ observations (wood density and biomass
components) to increase the set of biomass predictors towards
the generation of a global dataset of forest AGB for the epoch
2010 (Figure 14) [16, 17]. The estimation of AGB relied on
several parametric and non-parametric models, all being
evaluated and used to the extent of maximizing the information
content on biomass in the predictors. A number of rules were
specifically designed to formalize this “maximization”
procedure so to prioritize one or the other predictor [17]. Figure
15, detailing the proportion of L-band retrieved AGB to the

final estimate of AGB, shows that the ALOS-1 mosaic was the
dominant contribution in high biomass forest and, overall,
contributed with 30-60% to the final estimate. Although the
input data were sub-optimal to obtain an accurate
characterization of AGB at the level of a pixel (100 m in this
case), the spatial patterns of biomass appear to be well
captured.

Figure 14. Estimates of AGB representative for the epoch 2010, obtained by
combining multiple EO and in situ observations [17].

building up and several mission with an explicit target on
estimating biomass will be launched in the nearest future.
V. CONCLUSIONS AND OUTLOOK
This study approached the question whether spaceborne
remote sensing data acquired during the last three decades at Lband can quantify biomass dynamics in Europe, i.e., a highly
productive forest environment, and what is the impact that
remote sensing based biomass dynamics may have on the
estimation of carbon fluxes with ecosystem models.
L-band mosaics of SAR backscatter provided by JAXA are
currently the most outstanding observable among all
spaceborne remote sensing imageries to estimate wall-to-wall
forest biomass. This study confirmed the value of such SAR
backscatter mosaics but also demonstrated their limitations.
The most relevant limitation is that accurate estimation of
biomass cannot be based on a single observations from a single
sensor. While spatial patterns may be well captured, these may
differ from epoch to epoch quite substantially as shown in this
study. The reason for such difference was related here to data
acquisition issues and pre-processing issues. Dissimilarities of
the mosaic products did not allow for tracking biomass
dynamics and so to verify their impact on ecosystem models.
Our results call for a multi-sensor approach to estimate forest
biomass, in which the biomass component of the signal of each
component is maximize to yield the most accurate estimate.
The downstream application of such time series datasets in the
context of climate and ecosystem sciences embeds the potential
to constrain modeled processes that control the responses of
forests to changes in climate.
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and future research activities will build upon this experience to
generate time series of AGB estimates, taking into account that
the archives of consistent spaceborne EO observations are
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and ALOS-2 PALSAR-2 data have been provided by JAXA
EORC. This work was funded by the European Space Agency
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and in the Climate Change Initiative (CCI) Biomass project.
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1.0 Summary
During the most recent K&C portion of ALOS-2, we have worked on two aspects of
utilizing repeat-pass L-band SAR data for Ecosystems applications. These have been
in 1.) use of the repeat-pass temporal decorrelation signature as a mechanism for
estimating forest stand height (FSH), and 2.) to use repeat-pass variation in the
radar cross-section as a method for identifying active crop area. For both of these
applications we have been successful in creating algorithms that make use of a timehistory of data that can be available from ALOS-1 and ALOS-2 for ecosystems
applications. In terms of making large-scale use of ALOS-2 for these purposes, the
largest barriers to expanding geographic coverage are: 1.) the limit of 50 scenes per
year for ALOS-2 and K&C PI’s, and 2.) the spatial and temporally variable coverage
of ALOS-2 in terms of having a consistent viewing mode throughout the year.
In all, since the beginning of this project, we have published 4 journal articles (see
references section) and created to avenues of data products that are fully published
and can be used for producing useful scientific outputs from ALOS-1, ALOS-2, ALOS4 and future systems launched by JAXA. The analysis conducted as part of the
K&CPhase 4 has been pursued, in part, because of its direct relevance to
NASA/ISRO’s NISAR project, for which the PI, Prof. Paul Siqueira, of the K&C
initiative is the Ecosystems lead for NISAR. The involvement of the PI in both the
K&C initiative and NISAR has been a synergistic activity that is desired to continue
into the next round of possible involvement with K&C and future research
announcements established by JAXA in support of its ALOS series of L-band SAR.
2.0 Summary of Scientific Results
In what follows is a very brief summary of the scientific outputs that have been
achieved using ALOS data from JAXA.
2.1 Forest Stand Height (FSH) estimation from repeat-pass interferometry from ALOS
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Prior to the K&C initiativesPhase 4, we have been working on the use of repeat-pass
interferometry for FSH estimation. During thePhase 4, this effort has matured into
the creation of open source software available on GitHub
https://github.com/leiyangleon/FSH
and results appearing in five journal papers (see 1, 2, 5, 6 & 7 of the references
section), two of which have been published during thePhase 4, one of these being
the use of the technique for disturbance detection as well (2). Papers for (1 & 2) are
attached at the end of this document. A brief illustration, shown in Figure 2, and
taken from (1)[Lei et al., 2019] shows how the repeat-pass interferometric
estimation of FSH can be used at a county-level for MRV.
Figure 1. Illustration at a countylevel, of the agreement between an
ALOS-1 mosaic of FSH compared to
data provided by the USFS for mean
forest height. The image shows good
agreement between the ground
validation and the FSH technique
based on calculating the temporall
decorrelation from repeat-pass ALOS1 imagery.
2.2 Use of repeat-pass L-band SAR radiometry for identifying active crop area
The monitoring of active crop area on regional and global scales is important for the
purposes of food security and for understanding the ramifications of governmental
policies in the maintenance of food sources necessary for supporting populations.
The identification of active crop area is also a pre-cursor to further subclassification of these regions into different crop-types and well as any attempt that
might be made for the estimation of crop-yield over a large geographic extent.
For these reasons, active crop area has been identified by the NISAR mission as a
Level-1 science requirement, and hence has been the focus of development using
ALOS-1, ALOS-2, Sentinel-1 and UAVSAR time series. For These efforts have been
published in three journal articles as well as included in the NISAR Science User’s
Handbook:
https://nisar.jpl.nasa.gov/files/nisar/NISAR_Science_Users_Handbook1.pdf
Development of the algorithm first began in the Indian state of Madhya Pradesh
using ALOS-1 data, and has since been matured considerably using ALOS-1, UAVSAR
and Sentinel-1 time series. A total of 3 papers have been published thus far using
time-series SAR data (L- and C-band) for crop area and crop type classification. The
relevant ALOS-2 paper (3) that has been used for this effort is included at the end of
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this report. A brief figure showing an example of the use of this method for active
crop classification is shown in Figure 2 below.
Figure 2. Illustration of the use of
ALOS-2 time series in the creation of a
classification for active crop area.
Shown in the image are regions of
correct and incorrect classification, as
well as a dashed line indicating a region
joined by two different paths of the
ALOS0-1 sensor. Errors in active crop
area estimation along this boundary are
due to residual radiometric errors in the
data These errors are likely due to
weather variations and the use of a
limited number of scenes for the
classification..

3.0 Supplied Ground Validation Data
The data submitted here are related to the ALOS-2 project, “Sensitivity of Vegetation
and Agriculture Physical Characterization to Repeat-Pass ALOS-2 PolInSAR
Observations,” that was the subject for work at the University of Massachusetts in
Amherst, under the ALOSPhase 4 agreement. The purpose of this work was to use a
time series of ALOS data over the period of 2007-2010, to determine regions of active
crop area in the United States.

Figure 3. Distribution of the ground validation data across the United States. Regions
of non-crop are shown in green, crops are shown in brown.
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I. DESCRIPTION OF OUR PROJECT
A. Objectives and relevance to the K&C drivers
Indonesia is one of the few remaining countries in the
world with large natural forest cover and associated
biodiversity, but the country has had one of the world’s
highest deforestation rates and associated carbon emissions.
WWF hoped to provide important but still limited data, such
as the status and dynamics of carbon stocks of natural forest
areas based on easy to use, scientifically robust, semiautomated analysis of cloud- and haze-penetrating ALOS
radar images. WWF also hoped to evaluate the applicability
of ALOS-II data for developing cost-effective “go and no-go
zone” maps for pulpwood, oil palm and rubber plantation
companies to implement their zero deforestation policies.
These data are crucial for all the “3C” thematic drivers of the
ALOS K&C Initiative: Conventions, Carbon, Conservation
plus Climate, i.e. the four C’s.
B. Work approach
WWF originally hoped to conduct field campaigns to
generate sufficient field data needed by the collaborators to
train their algorithms and verify the results, with initial focus
in Riau and Jambi provinces and then the whole island of

Sumatra and some parts of West, East and North
Kalimantan.
C. Satellite data
Several scenes covering WWF regions of interest in
Indonesia were ordered and downloaded from AUIG:
Kalimantan: Sembakung, Sesayap, Kuburaya
Sumatra: Bukit Tigapuluh National Park, Pulau Padang,
Senepsis, Tesso Nilo National Park
All scenes were ordered as level 1.1 (single-look
complex) and processed with SARScape (version 4.3.001,
Sarmap SA, http://www.sarmap.ch), which followed
standard SAR processing [1-3]. First, single look complex
data were converted to multi-look intensity format, using a
multi-look factor of 1 in range and 5 in azimuth to obtain
approximately 15-m square pixels in ground range
coordinates. The multi-looked data were then transformed
into geocoded terrain-corrected data (i.e., transformed from
slant-range/azimuth to map projection geometry using the
90-m digital elevation model (DEM) retrieved from the
Shuttle Radar Topography Mission, SRTM). A
comprehensive description of the geocoded terrain correction
method implemented in SARScape is described elsewhere
[4].

D. Ground data
The
data
shared
is
posted
https://www.dropbox.com/s/3pxlq5pa0nq4676/F23WWF_KC-Phase-4_GroundTruthData.zip?dl=0

here:

II. RESULTS AND SUMMARY
WWF and collaborators could not secure funding for this
project. WWF could not use time of staff and other resources
allocated for other conservation projects to generate specific
ground truthing datasets, conduct field campaigns or
coordinate respective works for this project. WWF therefore
provided limited data which were produced for existing field
conservation projects, however they were not sufficient for
the collaborators to produce any of the ambitious
deliverables that we initially hoped to deliver.
During Phase 4, WWF used various other data, including
drone survey data, Lidar survey data, Planet Earth, Sentinel2 and Landsat 8 for its urgent and area-focused conservation
work. Our own GIS team could not use ALOS images and
used other data for these occasions either because: they had
not found the right algorithms to use ALOS images; the
resolution is too coarse; acquisition dates were not close to
the dates of our interests; acquisition of ALOS for our region
(especially the Bukit Tigapuluh National Park in Jambi
province, Sumatra) turned out to be less frequent than optical
images as we had relatively cloud-free years since 2016.
However, the collaborators provided analysis of ALOS 2 PALSAR using a compiled set of reference data of 12 land
cover classes over the study area in Bukit Tigapuluh
National Park. These included observations over natural
forests, logged forests, shrub/forest regrowth, rubber
plantations, acacia plantations, oil palm plantations,
croplands, grasslands, burnt areas, bare soil, water bodies
and urban areas. A machine learning classifier (random
forests) was trained using as predictive variables the HH and
HV backscatter intensity from ALOS-2 PALSAR-2 data
acquired over the region between January 2015 and January
2016. Additionally, we included information about elevation,
slope and aspect. Fig.1 shows the initial run of the classifier.

Fig.1. Map of land cover classes over Bukit Tigapuluh
National Park in 2015.
WWF found that the map needed improvements to
increase land cover detection accuracy compared to the
actual land covers. Final map is still outstanding.
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Abstract— The phase four of the K&C project aimed at
retrieval of forest aboveground biomass (AGB), forest
structural parameters (height, fractional cover) and mapping
of forest cover / forest cover change in different forest biomes.
We derived corresponding products over boreal (Siberia,
Russia), temperate (central Mexico), tropical dry forests
(southern Mexico) and savannah environments (Kruger
National Park, South Africa). L-band backscattering
coefficients served as one of the most important variables for
all proposed products in all environments. Multi-temporal
acquisitions of L-band data improve retrieval accuracies of all
derived products compared to the results based on
mono-temporal data. The model’s predictive performance
saturates however, at a specific number of L-band imagery.
Thus, selecting L-band data strategically (e.g., over a specific
season in South Africa) might help reduce data collection
efforts by providing similar retrieval accuracies as using all
possible data. Collectively, multi-temporal L-band SAR data
are crucial dataset to generate forestry related products from
local to national scales in different forest biomes.
Index Terms—ALOS-2 PALSAR-2, K&C Initiative, Forest
Theme, Forest Aboveground Biomass, Forest Cover,
Vegetation Height, Fractional Woody Cover

I. INTRODUCTION
A. About Phase 4 reporting
The project PALSAR-1/-2 data for vegetation cover and
biomass mapping in various climates investigates L-band
SAR data for vegetation monitoring in boreal, temperate,
savannah, and tropical regions. The main project is
subdivided into three subprojects (SP). Each of the SPs
addresses specific scientific goals which are described
below. Most of them aim at the development of regionalscale applications, such as the generation of local scale
maps or the refinement of methods to generate those maps.
According to the K&C phase 4 project this report is
subdivided into three parts:
1. Estimation of forest aboveground biomass (AGB)

2. Estimation of vegetation structural parameters (e.g.,
vegetation height, fractional woody cover)
3. Forest cover and forest cover change mapping
in boreal, temperate, savannah, and tropical regions using
multi-temporal ALOS PALSAR / ALOS-2 PALSAR-2
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, vegetation cover mapping is clearly linked to
the “3C” thematic drivers (international Conventions,
Carbon cycle science, environmental Conservation). An
even closer link to the “3C” thematic drivers is given when
vegetation biomass products are considered. The status quo
as well as changes are of particular interest when thinking of
international conventions, carbon cycle science, and to some
extend of environmental conservation activities.
Within the first subproject AGB in three forest biomes
(boreal, temperate and tropical forests) using multi-temporal
L-band backscatter alone and in combination with C-band
backscatter and optical data was estimated. The contribution
of L-band backscatter to AGB prediction models compared
to C-band and optical data was assessed.
In the second subproject the potential of multi-temporal
L-band data to estimate vegetation structural parameters in
savannahs and sub-tropical forests was evaluated.
Particularly, the impact of seasonality on L-band data, the
potential of full-polarimetric L-band data as well as the
impact of the number of L-band scenes on retrieval
accuracies were investigated.
In the third subproject multi-temporal L-band data were
used for forest cover and forest cover change mapping in
temperate and sub-tropical forests in Mexico. For this,
multi-temporal statistics (e.g., mean, standard deviation,
percentiles) of L-band time series were used to derive
annual forest cover maps. Furthermore, a Bayesian

inference was applied for near-real time deforestation
mapping.
II. ESTIMATION OF FOREST ABOVEGROUND BIOMASS
A. AGB estimation in temperate and sub-tropical forests of
Mexico
In this study, we estimated forest AGB in Mexico at
national scale, where both extensive National Forest
Inventory (~15,000 plots) (Spanish acronym INFyS) and
country-wide airborne LiDAR data were available. As
spatial predictors to estimate AGB over Mexico we used
satellite imagery from the ALOS PALSAR mosaics,
Landsat and the Shuttle Radar Topography Mission
(SRTM), since a fusion of optical and SAR imagery
provides more accurate estimates of AGB compared to
single sensor type data [1-4]. We estimated AGB at national
scale using two modelling scenarios: 1) using INFyS data
collected over the country with systematic sampling as
calibration data for satellite imagery, 2) using airborne
LiDAR-based AGB as calibration data for satellite imagery.
Both national AGB products were validated with INFyS
data that were not used for model calibration. Furthermore,
we conducted an error propagation analysis for both
scenarios and estimated uncertainties at pixel level using
Monte Carlo simulations. This kind of comprehensive
comparison between NFI and LiDAR data as reference for a
large scale AGB mapping with satellite imagery including
an error propagation analysis have not been conducted
before. This gap needs to be addressed, especially in the
context of the upcoming missions designed for global
vegetation monitoring (e.g., NISAR, GEDI, BIOMASS,
Tandem-L).
1)

Study area and reference data

Approximately one third of Mexico is covered by forests
resulting in 65 million ha [5] with a variety of forest types
(from deciduous and coniferous forests over mangroves and
cloud forests to tropical dry and rain forests) located at
different topographies (from coastal plain in Yucatan to
mountainous regions in central part of the country).
In this study NFI data collected by the National Forestry
Commission of Mexico (CONAFOR) between 2004 and
2012 were used. One sampling plot consists of a single
circular plot with a radius of 56.42 m covering an area of 1
ha and comprising four sub-plots with an area of 400 m²
(0.04 ha). Within each sub-plot different structural tree
parameters (e.g., diameter at breast height, mean tree height
etc.) were measured. AGB was calculated for each sub-plot
(total sampled area of 0.16 ha) using 339 species- and
genus-specific allometric models and wood densities [6] and
then extrapolated to 1 ha. Each circular plot is sampled
using rectangular grid with a distance between single plots
varying from 5 km (tropical/temperate forests) to 20 km
(arid regions) resulting in 28,869 plots, while most of the
plots were sampled twice during this 8 year period. For the
plots where two temporal measurements were available
(either 2004-2007 or 2008-2012), we calculated a mean

value in order to reduce the variability that can be caused by
geolocation errors or by wrong measurements. Furthermore,
plots with measurements from less than four sub-plots were
removed. Finally, inventory plots located on steep slopes
(>15°) were also excluded from the analysis, as they can be
located in SAR layover and shadow areas as well as have
potentially high geolocation errors. In total 7,541 forest
inventory plots were used for AGB mapping (332 plots for
AGB estimation along the LiDAR strips and 7,209 plots for
a national scale AGB mapping).
Small footprint discrete-return airborne LiDAR data
were collected by NASA’s G-LiHT imager [7] in April-May
2013 over the entire country resulting in 1,123 strips. The
average pulse density was ca. 6 returns per m². The data
were acquired during leaf-off conditions. From the
topography normalized point clouds 88 plot-aggregated
LiDAR metrics as described in [8-10] were calculated at 1
ha scale. These LiDAR metrics correspond to the vertical
structure of a target and were used as predictor variables to
estimate AGB along the LiDAR strips.
2)

Satellite data

To predict a wall-to-wall AGB distribution satellite
imagery and products were calibrated using reference data.
We used L-band SAR data collected by JAXA between
2007 and 2010 in dual-polarization mode (i.e., HH/HV
polarizations were available). ALOS PALSAR backscatter
mosaics were slope corrected and orthorectified using a
DEM [11, 12]. Additionally to SAR data we used spectral
reflectance (SR) information (Band 3 (red), Band 4 (Near
infrared), Band 5 (Short-wave Infrared), Band 7 (SWIR))
acquired by Landsat 5 and 7 ETM+ for the year 2012. This
Landsat SR mosaic was produced by Hansen et al. [13].
From Landsat SR a Normalized Differenced Vegetation
Index (NDVI) was calculated and used as a predictor layer.
Furthermore, Landsat tree cover product [13] for the year
2010 was used as predictor layer as well. Finally, altitude
and slope information obtained from the Shuttle Radar
Topography Mission (SRTM) DEM data version 4.1 were
utilized in AGB modelling. All spatial datasets were
aggregated to 100 m pixel size using firstly block averaging
and then resampling with nearest neighbour technique. In
total, 16 predictor layers were used for AGB estimation.
3)

Methods

To estimate AGB distribution in Mexico we applied two
modelling scenarios. In the first scenario we applied a twostage up-scaling method (i.e., from NFI-based AGB to
LiDAR-based AGB, from LiDAR-based AGB to wall-towall map) (Fig. 1). As NFI data are collected over the whole
country, in the second scenario we developed a model that
is based on NFI data only. Since NFI data were collected
over forested areas, we applied a forest mask to the wall-towall AGB maps. For this, we used Landsat tree cover
product for 2010 with a threshold value of 10% after FAO
definition of forest [14].

Figure 1. Flowchart of data processing and analysis

To estimate AGB along the LiDAR transects, we
selected firstly NFI data that were located completely within
the LiDAR data (312 plots). The AGB modelling was
performed using machine learning algorithm Cubist [15,
16]. 88 LiDAR metrics were used as predictors while fieldestimated AGB as response variable.
To assess uncertainties in the LiDAR-AGB, we
generated first 100 realizations of field-estimated AGB
(FieldAGBni,j) using normally distributed random values
under the assumption that our field-estimated AGB
(FieldAGB) have an error of 17% (εfield):
FieldAGBni,j = FieldAGB * (1+εfield * Xnij)
Using these 100 realization of field-estimated AGB, 100
LiDAR-AGB estimations for each pixel were calculated.
From these 100 LiDAR-AGB realizations, 95% Confidence
Interval (CI95) was calculated. The LiDAR-AGB
uncertainty per pixel (εLiDAR) was defined as ratio of CI95
and mean AGB value from 100 realizations.
In the next step 100 realizations of LiDAR-predicted
AGB were used as training data for wall-to-wall mapping
using satellite imagery. As a result 100 national wall-to-wall
AGB maps were generated, from which associated CI95 and
uncertainties (εSat_LiDAR) were calculated.
Using the 100 realization of field-estimated AGB
(FieldAGBni,j) and satellite imagery, 100 national wall-to-wall
AGB maps were generated, from which associated CI95 and
uncertainties (εSat_NFI) were calculated.
Both mean national AGB maps based on NFI- and
LiDAR estimated AGB as calibration data, were validated
at pixel scale. For this, we compared the results with an
independent NFI dataset and calculated goodness-of-fit
statistics (R², RMSE, bias).
4)

Results

The mean estimated LiDAR-AGB (from 100 realizations)
showed strong correlation with field-estimated AGB (Fig. 2
left). However, the uncertainty distribution in the LiDARAGB is very high and goes up to 160% (Fig. 2 right). The
highest relative uncertainties were found in areas with low
biomass. This is caused by the fact that mean AGB values
for these areas are low and thus relative uncertainties are
high.

Figure 2. Reference AGB (from NFI) plotted against LiDAR-estimated
AGB (left) and LiDAR-AGB uncertainties (right)

At pixel level both national forest AGB maps were
validated with forest inventory plots that were not used for
model calibration. NFI-calibrated AGB map show similar
R2 and slightly lower RMSE values than LiDAR-calibrated
map, as the validation data are the same that were used for
calibration. In general, both maps show AGB
underestimation at high range (i.e., 100-120 t/ha). This can
be caused by the fact that SAR and optical imagery reached
the saturation level and thus become less sensitive for high
AGB. Furthermore, only a small amount of training data
with high AGB was available. This caused an
underrepresentation in the training process and thus led to
an underestimation of high AGB values. Finally, the
predictions of tree-based models tend to mean AGB value
and thus to over- and underestimation at low and high AGB
ranges, respectively.

Figure 3. Field-estimated AGB plotted against NFI-calibrated (a) and
LiDAR-calibrated (b) AGB maps. Dotted line is the 1:1 line. Blue to red
colours indicate low to high point density, respectively.

The AGB distribution in the national NFI-calibrated map
is different at low and high AGB ranges compared to the
field-estimated AGB (Fig. 4 left and middle). This is caused
by the tree-based regression model, where AGB at low and
high range tend to mean value (i.e., SD in the NFIcalibrated AGB is reduced compared to the reference data).
Furthermore, in the NFI-calibrated AGB map the most of
forested areas in Mexico possess uncertainties lower than
20-30% with a mean of 29.11% (Fig. 4 right).

Figure 4. Histogram of field-estimated AGB (left), NFI-calibrated
national forest AGB (middle), and associated uncertainties in the NFIcalibrated AGB (right)

Similarly to the NFI-calibrated AGB map (Fig. 4), the
national LiDAR-calibrated AGB map is different at low and
high AGB ranges compared to the field-estimated AGB
(Fig. 5 left and middle). However, the uncertainties are
much higher in the LiDAR-calibrated map compared to the
NFI-calibrated AGB map (Fig. 5 right). For instance, the
mean uncertainty in the LiDAR-calibrated map is two times
higher as in the NFI-calibrated map (29.11 % vs. 82.27%).

Figure 5. Histogram of field-estimated AGB (left), LiDAR-calibrated
national forest AGB (middle), and associated uncertainties in the LiDARcalibrated AGB (right)
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Conclusion

The results from this study indicate that ignoring errors
in the LiDAR-estimated AGB can lead to much higher
uncertainties in the final wall-to-wall AGB map. Although
estimated forest AGB products showed similar goodness-offit statistics compared to the validation NFI dataset (Fig. 3),
we estimated much higher uncertainties in the LiDARcalibrated AGB map compared to the NFI-calibrated map
(Fig. 4 and 5).
Since LiDAR can cover much larger area than field
inventory, these data are cost-efficient for repeated large
scale mapping, especially in areas where they are limited.
Furthermore, in contrast to point measurements of field
data, LiDAR capture spatial variability, which is beneficial
for heterogeneous tropical forests. However, we showed
here that a two stage up-scaling method needs to be
analysed and validated with great care. Field inventory is an
essential tool to measure and observe ecological processes
at local scale. We believe though that LiDAR can be used as
an extension to NFI for example for areas that are difficult
or not possible to access.
B. AGB estimation in Siberian boreal forests
This study explores the combination of multi-frequency,
multi-polarization, and multi-temporal radar data as one key
approach to provide an accurate estimate of forest biomass.
The data from L-band ALOS-2 PALSAR-2, together with

C-band RADARSAT-2 data, were applied for AGB
estimation. Backscatter coefficients from L- and C-band
radar were used independently and in combination with a
non-parametric model to retrieve AGB data for a boreal
forest in Siberia (Krasnoyarskiy Kray). AGB estimation was
performed using the random forests machine learning
algorithm.
In summary, the aim of this study is to: (1) investigate
for the first time the multi-frequency, multi-polarization,
and multi-temporal SAR observations from SAR C- and Lband backscatter using a non-parametric algorithm for AGB
estimation over boreal forests; (2) examine the merit of the
additional measures from the SAR backscatter for AGB
retrieval.
1)

Study area and reference data

The study area located in the southern part of Central
Siberia was investigated for AGB estimation. The study
area belongs to the Bolshe Murtinsky forest enterprise,
located in the boreal forest ecosystem with a total carbon
density (tree stems + branches + roots + foliage) of more
than 6 kg C m-2 [17]. Forests in the area of interest are dense
and partially managed with dynamic logging activities.
They are characterized by a continental climate with long,
severe winters and short, warm, and wet summers. From
mid-October until the beginning of April, the mean
temperature is approximately -15 °C, while in summer the
mean temperature is approximately +15 °C. The annual
precipitation is below 450 millimetres. The dominant tree
species are Fir (Abies sibirica), Birch (Betula pendula,
Betula pubescens), Aspen (Populus tremula), Siberian Pine
(Pinus sibirica), Pine (Pinus sylvestris), Spruce (Picea
obovota) and Larch (Larix sibirica, Larix dahurica). In
terms of topography, the study area has a gentle relief with
heights from 150 m above sea level (a.s.l.) up to 520 m
a.s.l., with an average height of 280 m a.s.l. The slopes
range from 0° to 36°, with a mean value of 8°. The research
covered an area of more than 210 km2 and consisted of
overlapping remote sensing data along with updated
inventory data.
AGB reference data were derived from the growing
stock volume (GSV) values collected and reported in the
State Forest Account [18]. The forest inventory consisted of
a polygon layer and the associated attribute table. For each
forest stand, i.e., homogenous area in terms of forest
structure and composition as well as geology, the following
information was available: land category, density, age of
dominant species, mean height, mean diameter at 1.3 meters
above ground (dbh), and GSV calculated from these
measurements. This inventory dated back to 1998. Because
of the gap of 16 years between the inventory and the SAR
data acquisitions, the field data were updated to 2014.
For updating the available forest inventory data, the
semi-empirical phytomass models and growth (i.e., yield)
tables that were developed by the International Institute for
Applied Systems Analyses (IIASA) in collaboration with
V.N. Sukachev Institute of Forests, Siberian Branch,

Russian Academy of Sciences, and Moscow State Forest
University, were used [19, 20]. The implementation of the
models and tables in forestry and forest management in
Russia has been recommended by the Council of the Federal
Agency of Forest Management (Protocol No 2 dated 8 June
2006). The yield models satisfactorily, i.e., root-sum-square
difference did not exceed ±3%, represented growth of
Northern Eurasia’s boreal forests [20]. The improvement of
the old inventory data was done using the information about
mean tree height and mean age of a stand. In the first step,
the site index (SI) of a forest stand was calculated. SI is
defined as the edaphic and climatic characteristics of a site
which have an impact on the growth and yield of a given
tree species [21]. Next, the growth rate was derived by
implementing the growth function. The new GSV was
calculated as a sum of the GSV measured in the field and
the GSV growth derived for an age difference between the
available forest inventory and the reference year 2010. In
the final step, the GSV was converted to AGB using a
regional allometric model. The model was developed using
freely available in situ measurements of forest live biomass
(phytomass) [22]. Details about the in-situ data update and
conversion from the GSV into the AGB are given in [23].
Additionally, the forest stands with logging areas after 2010
were removed by means of visual interpretation against the
SAR data available for this study. The resulting AGB values
ranged from 0 (non-forest) to 211 t ha-1, with a mean value
of 94 t ha-1. The forest stand size varied from 3 ha to 127 ha,
with a mean value of 18.5 ha. The stand age varied from 0
years to 292 years. In total, 494 forest stands were available
for the investigation. The forest stands were buffered by 2
pixels, and the updated forest inventory database was used
for AGB model calibration and validation. In total, 349
polygons were used for further analysis.
2)

Satellite data

Data from two SAR satellites were used: data from the
L-band radar of the PALSAR-2 aboard the ALOS-2 of the
JAXA were combined with the C-band data from the
RADARSAT-2 satellite of the Canadian Space Agency
(CSA). The ALOS-2 PALSAR-2 data were available within
the Kyoto and Carbon Initiative [24], whereas the
RADARSAT-2 data were provided by the European Space
Agency and CSA within the Second Call of the Sciences
and Operational Application Research over Europe and
Canada (SOAR-2). The ALOS-2 PALSAR-2 is an active
sensor that has been in operation since 2014. It acquires
SAR data from the sun-synchronous orbit (mean altitude
628 km) with a 14-day revisit time. The RADARSAT-2
mission has been active since 2007 and acquires data from
the sun-synchronous polar orbit (mean altitude 798 km)
with a 24-day revisit time. Both data sources were used to
estimate AGB for the study area for the year 2014.
The data were acquired in single (horizontal transmitted,
horizontal received, HH) and dual (HH and horizontal
transmitted, vertical received, HV) polarizations in single
look complex format (SLC). The ALOS-2 PALSAR-2 data

were acquired in stripmap fine observation mode and the
RADARSAT-2 data in ultrafine and fine mode. In total,
four ALOS-2 PALSAR-2 and seven RADARSAT-2 images
were available for this study (see Table I for summary).
TABLE I
SUMMARY OF SAR DATA AVAILABLE FOR THE STUDY SITE
Satellite

Acquisition Time
(YYYY/MM/DD)

ALOS-2
PALSAR-2

2014/09/26
2014/10/01
2014/06/25
2014/07/19

RADARSAT-2

2014/07/29
2014/08/05
2014/10/02
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Observation
Mode
(Polarization)
FBD
(HH, HV)
FBD
(HH, HV)
Ultrafine
(HV)
Fine
(HH, HV)
Ultrafine
(HV)
Ultrafine
(HH)
Fine
(HH, HV)

Incidence
Angle [°]
31.4
36.3
32.2
32.0
39.2
35.4
42.1

Methods

First, the SAR data were calibrated and multi-looked.
The resulting resolution was approximately 15 m. Next, the
backscattering coefficient γ0 was calculated taking into
account the local incidence angle [25]. Additionally, the
ratio between the polarizations HH and HV was calculated
as it was observed that integration of the ratios improves the
estimation of AGB by increasing the saturation level [2628]. Furthermore, ratios can reduce errors resulting from
topography [29-31] and forest structure [26, 27]. In order to
decrease the speckle effect in the images, the enhanced Lee
filter [32] was used.
Additionally, texture measures were calculated to
produce additional features by making use of spatial
variations within the image. The gray level co-occurrence
matrix (GLCM) proposed by Haralick et al. [33] is one of
the most widely used methods to compute second-order
texture measures. The measures were calculated as a
probability of the occurrence of two gray levels separated
by a given distance in a given direction. The texture
measures were performed using data without speckle
filtering because filtering reduces texture characteristics.
The texture measures showed potential for biomass
estimation [34]. The following measures were computed:
sum average (mean), variance, homogeneity, contrast,
dissimilarity, entropy, second moment, and correlation. For
AGB estimation, the sum average co-occurrence matrix was
selected by means of visual interpretation.
Altogether, forty-five SAR products were generated, out
of which eighteen were from the ALOS-2 PALSAR-2 and
twenty-seven were from the RADARSAT-2 data. The SAR
products were resampled to a resolution of 50 m (0.25 ha)
using the nearest neighbor method.

The SAR data and the forest inventory data were used as
inputs for a non-parametric data fusion machine learning
algorithm, random forests (RF) [35]. The workflow used for
AGB estimation is shown graphically in Figure 6.

Figure 6. Processing steps of aboveground biomass estimation

In general, five models using the regression mode of RF
were constructed. The models consisted of: L-band data
(Model 1); C-band data acquired in two modes ultrafine and
fine (Model 2); C-band data in ultrafine mode (Model 3); Cband data in fine mode (Model 4); and L- and C-band data
combined (Model 5).
In addition to bagging, the models were resampled
during the model tuning using 10-fold cross-validation. Two
thousand samples were used per AGB class for model
calibration. The sample points within the AGB class were
randomly distributed.
4)

Results

We present three examples of the data acquired in fine
(both PALSAR-2 and RADARSAT-2) and ultrafine
(RADARSAT-2) modes to show the correlation of the SAR
backscatter with the AGB (Fig. 7). An exponential model
was applied to express these relations as described in [36,
37].

Figure 7. SAR backscatter as a function of forest aboveground biomass
(AGB). Data from: (a) RADARSAT-2 Ultrafine mode; (b) RADARSAT-2
Fine mode; (c) ALOS-2 PALSAR-2 Fine mode Dual.

The model corresponds to the simplified version of the
water cloud model by Attema and Ulaby [38]. As expected,
the C-band data showed the well-known saturation effect
earlier. No significant relations were observed between the
C-band data and field-estimated AGB.

Figure 8 shows the resulting AGB maps with a pixel
spacing of 50 m. The maps were derived using Models 1 to
5.

Figure 8. Aboveground biomass maps: (a) estimated from ALOS-2
PALSAR-2 data (Model 1); (b) estimated from RADARSAT-2 data
(Model 2); (c) estimated from RADARSAT-2 data in ultrafine mode
(Model 3); (d) estimated from RADARSAT-2 data in fine mode (Model 4);
(e) estimated from ALOS-2 PALSAR-2 data combined with RADARSAT2 data (Model 5).

The AGB ranges from Model 1 (L-band data) and Model
5 (combination of L- and C-band data) corresponded most
highly with the reference AGB values. This could be also
observed on the scatterplots of estimated AGB displayed
against the reference (Fig. 9). All plots showed
overestimation of AGB values < 80 t ha-1 and
underestimation > 80 t ha-1. However, the AGB values
estimated using the C-band data showed larger over and
underestimation than the L-band based results.

Figure 9. Estimated AGB vs. reference AGB: (a) estimated from ALOS-2
PALSAR-2 data (Model 1); (b) estimated from RADARSAT-2 data
(Model 2); (c) estimated from RADARSAT-2 data in ultrafine mode
(Model 3); (d) estimated from RADARSAT-2 data in fine mode (Model 4);
(e) estimated from ALOS-2 PALSAR-2 data combined with
RADARSAT-2 data (Model 5). Gray line represents 1:1 line; blue line
represents linear fit.

It could be observed that the inclusion of the C-band
data reduced the over and underestimation to some extent.
The over and underestimation were partly caused by the

ensemble (averaging) of regression trees, and partly by SAR
saturation effects at high AGB ranges, and moisture and
roughness effects at low AGB values.
Table II summarizes the validation results of the
predicted AGB using the machine learning algorithm from
the L-band ALOS-2 PALSAR-2 and C-band RADARSAT2 backscatter data.
TABLE II
VALIDATION STATISTICS
Model
Model 1
Model 2
Model 3
Model 4
Model 5

Data
PALSAR-2
18 products
RSAT-2
27 products
RSAT-2
Ultrafine
9 products
RSAT-2
Fine
18 products
PALASR-2
and RSAT-2
45 products

RMSEcor
[t ha-1]

rel.
RMSEcor
[t ha-1]

R2

Bias
[t ha-1]

29.4

0.31

0.53

5.5

39.5

0.42

0.23

5.6

44.6

0.47

0.04

10.6

41.1

0.44

0.17

3.9

30.2

0.32

0.51

4.7

Additionally, a detailed investigation of the RMSEcor in
the case of the L-band data was performed (Fig. 10). The
comparison of the RMSEcor has shown that it is sufficient to
use the filtered L-band data in HH and HV polarization for
the estimation of AGB. Inclusion of the ratio and texture
measure in the retrieval slightly increased the AGB
estimation error.

Figure 10. Comparison of corrected relative root-mean-square error
RMSEcor between the multi-looked and filtered backscatter from L-band
data. All data means data acquired in HH, HV polarization, and ratio
HH/HV multi-looked and filtered as well as texture measure (sum average).

In general, the results obtained from L-Band data
(Model 1) and combined L- and C-band data (Model 5)
showed lower estimation errors. The RMSEcor of 29.4 t ha-1

(29.1 t ha-1 in case of L-band filtered data used alone) and of
30.2 t ha-1 (combination of L- and C-band backscatter
intensities) were calculated, respectively. The highest
RMSEcor was derived when the C-band data alone were
used; 44.6 t ha-1 for C-band data acquired in ultrafine mode
(Model 3), 41.1 t ha-1 for C-band data acquired in fine mode
(Model 4), and 39.5 t ha-1 for all available C-band data
(Model 2). The coefficient of determination (R2) varied
from 0.53 to 0.04 in the case of AGB estimations using
Model 1 (L-band data) and that with Model 3 (C-band
Ultrafine mode). Overall, all models provided overestimated
AGB values, with bias varying from 3.9 (C-band in fine
mode) to 10.6 (C-band in ultrafine mode).
5)

Conclusion

As expected, the AGB modeling results indicated that
the longer wavelength L-band data in HH and HV
polarizations performed better than C-band data in HH and
HV polarizations. This finding is in line with previous
studies [e.g., 28, 39, 40-42]. When the L-band data alone
were used for the retrieval, a corrected relative root-meansquare error (RMSEcor) of 29.4 t ha-1 was calculated. The
RMSEcor decreased when only the filtered L-band
backscatter data, without ratio and texture, were applied
(29.1 t ha-1). The ratio of backscatter was not found to be
effective, similar to the research results reported in [34].
The research showed that the inclusion of C-band data to
the AGB non-parametric retrieval procedure marginally
improved the estimation. It is assumed that the use of longer
time series of the multi-frequency data will improve the
AGB estimation, as the biomass-related information in the
SAR data acquired using different wavelengths represents
different tree parts and forest structures. The lowest
estimation error RMSEcor was calculated for L-band filtered
data alone and was 29.1 t ha-1 (rel. RMSEcor of 30%). In
previous studies where mono-frequency or multi-frequency
data were applied, relative estimation errors in the range of
30–40% for Siberian boreal forests were reported [e.g., 23,
43, 44, 45]. However, the lowest estimation error was
obtained for coarse spatial resolutions (e.g., 1 km). This
study showed that for local applications at a scale of 0.25 ha
highly accurate AGB estimations can be obtained.
It is expected that AGB estimations could be further
improved by including multi-temporal metrics, texture ratio,
and InSAR coherence as predictor variables, as well as
optical data. Moreover, the use of hyper-temporal C-band
data with long wavelength SAR data can further reduce the
over and underestimation that is presented when using a
non-parametric, i.e., machine or deep learning, algorithms.
III. ESTIMATION OF VEGETATION STRUCTURAL PARAMETERS
A. Estimation of fractional woody cover in South African
savannas
Woody cover maps are an important tool for observing
changes in vegetation distribution in savanna ecosystems.
On the one hand information on the spatial distribution of
woody vegetation provides local stakeholders with

important baseline data for the development of sustainable
management strategies as well as assessing the effects of
management decisions. On the other hand, these products
can help provide a better understanding of the ecosystem
dynamics and the effects of environmental drivers through
modelling.
The overall aim of this study was to analyze the
capabilities and limitations of L-band SAR data for woody
cover mapping and the investigation of the potential
synergetic uses of LiDAR and SAR systems. As reference
data for interpreting SAR parameters (backscatter intensities
and polarimetric decompositions), developing SAR-based
models as well as for validation of the predicted map served
the woody cover obtained from high-resolution airborne
LiDAR. From a set of ALOS PALSAR data backscatter
intensities as well as polarimetric decompositions were
extracted and correlated against the reference data. In this
study we investigated (1) the capabilities and limitations of
L-band SAR backscatter and polarimetric decompositions,
(2) the influence of seasonality, and (3) the influence of
spatial resolution on fractional woody cover mapping. An
optimal channel combination, season and spatial resolution
was determined and used for mapping the woody cover.
1)

Study area and reference data

The study area is located in the Lowveld in the northwest of the Republic of South Africa and extends
approximately over 365.000 ha. The study area is divided
into three important land uses occurring in the region. The
largest part (260.000 ha, ca. 70% of total area) is the Kruger
National Park (KNP), the largest national conservation area
in the country and managed by South African National
Parks. Adjacent to KNP is the Sabi Sand Game Reserve
(SSGR), managed privately by an association of free-hold
owners (60.000 ha, ca. 16% of total area). Finally the
smallest land use within the SAR footprints is the
communal lands of Bushbuckridge Municipality. Because
of high air temperature and humidity in the summer, the
atmosphere is unstable and leads to strong convective
rainfall events mostly between October and May [46]. The
dry season extends accordingly between late May and late
September.
The LiDAR data were collected with the LiDAR
component of the Carnegie Airborne Observatory (CAO,
http://cao.ciw.edu) between April and May in 2008 and
cover two areas totaling about 11,250 ha). The LiDAR
sensor was operated at a frequency of 50 kHz and flown a
height of about 2000 m with a laser spot spacing of 1.12 m
[47]. During the acquisition of the LiDAR data, a
concurrent field campaign was undertaken to validate the
height information obtained. The heights of 883 trees and
shrubs were measured using a hypsometer. The coefficient
of determination (R²) between the field measured woody
plant height and the height from the LiDAR was 0.93 [48].
2)

Satellite data

The SAR data were acquired at different seasonal cycles
between 2007 and 2010. For this work four scenes in the
Fine Mode Single Polarization (FBS) and Fine Mode Dual
Polarization (FBD) and two in Polarimetry-Mode (full
polarimetry, PLR) were available. The PALSAR data were
acquired in the dry season (DRY) or winter
(August/September), middle of rainy season (MWET) or
summer (December-February) as well as at the end of rainy
season (EWET) or autumn (April) (Table III). In accordance
with the acquisition plan [49], during MWET season
imageries in FBS mode, during DRY season in FBD mode
and during EWET season in PLR mode were acquired, so
that it was not possible to analyze full polarimetric data
from other seasons.
TABLE III
CHARACTERISTICS OF THE ALOS PALSAR DATASETS USED
Acquisition Time
(YYYY/MM/DD)
2007/02/03
2009/02/08
2009/12/27
2010/02/11
2007/08/06
2008/09/23
2009/08/11
2010/09/29
2007/04/14
2009/04/19
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Observation Mode
(Polarization)
FBS
(HH)
FBS
(HH)
FBS
(HH)
FBS
(HH)
FBD
(HH, HV)
FBD
(HH, HV)
FBD
(HH, HV)
FBD
(HH, HV)
PLR
(HH, HV, VH, VV)
PLR
(HH, HV, VH, VV)

Incidence
Angle [°]

Season

34.3

MWET

34.3

MWET

34.3

MWET

34.3

MWET

34.3

DRY

34.3

DRY

34.3

DRY

34.3

DRY

21.5

EWET

21.5

EWET

Methods

From the SLC data multi-looked backscatter values and
two polarimetric decompositions were calculated. From the
high-resolution LiDAR data a fractional woody cover
metric was obtained, which served as calibration and
validation of the SAR models. The relationships between
SAR and LiDAR datasets were analyzed at different spatial
resolutions. For this, SAR backscatters with different multilooking factors were processed. According to this, woody
cover values from LiDAR was aggregated at the
corresponding spatial resolution. A linear regression was
built between SAR parameters and LiDAR-based woody
cover. Simultaneously the effects of the spatial resolution
and the seasonality on the correlation were analyzed (Fig.
11, 12).
Acquisitions with high correlation coefficients and the
high spatial resolution were selected for the modelling of
woody cover using a machine learning algorithm "Random
Forests Algorithm" (RF) [35]. Finally a validation of the

derived product using coefficient of determination (R²) and
root mean square error (RMSE) was conducted.
4)

Results

The highest correlation to the reference data was
obtained from the dry season backscatters (AugustSeptember) (Fig. 11). During this time the grass layer is
completely dry and most of the deciduous trees are devoid
of leaves, so that the radar signal interacts only with woody
components of vegetation. The absence of leaves led to a
less spread of the points in the DRY data compared to
MWET and EWET. In the dry season there is almost no
rainfall, thus the soil have low soil moisture values. Due to
dry soil penetrate the DRY data deeper in the surface and
show a higher dynamic range (from -22 dB from the bare
surface, i.e. surface with 0% woody cover) in contrast to
MWET and EWET data.

Figure 11. PALSAR HH backscatter intensities from a) 23.09.08 dry
season), b) 03.02.07 (middle of wet season) and c) 19.04.09 (end of wet
season) plotted again LiDAR-based woody cover at 50 m spatial resolution.

To investigate the performance of the polarimetric
decompositions, the direct comparison of backscatter
intensities and polarimetric decompositions was meaningful
only for imagery from the same acquisition date. By
comparing of this data, the volume components of the
Freeman-Durden [50] and Van Zyl [51] decompositions
show higher correlation to the reference data as co- and
cross-polarized intensities at fine spatial resolutions (25 and
50 m). At coarser spatial resolutions (125 and 200 m) the
performance of the volume components over the backscatter
intensities was only marginally improved. However, there
were no polarimetric decompositions from the dry period
available as overall this season SAR data exhibit the highest
correlation to woody cover.
The relationships between SAR data and LiDAR-based
woody cover vary as a function of spatial resolution (Fig.
12). Through the averaging of datasets the influence of
speckle, co-registration uncertainties, errors in the reference
data as well as the influence of landscape heterogeneity
were minimized with the coarser resolution that led to
decrease of spread of points. A sharp increase of the
relationship between DRY SAR dataset and LiDAR data
was detected at the spatial resolution of 50 m. Thus
represents a pixel size at 50 m a good trade-off between the
smallest possible mapping unit and the achievable accuracy.

Figure 12. PALSAR HV backscatter intensity from 23.09.08 (dry season)
at a) 25 m, b) 50 m, c) 125 m and d) 200 m spatial resolution plotted again
LiDAR-based woody cover.

Based on the results of the relationships between SAR
and LiDAR data, L-band backscatter intensities covering the
same area from the dry season with a spatial resolution of
50 m were chosen for woody cover modeling. 60% of
randomly selected pixels from the reference data were used
for the calibrating of the SAR data. The calculated map was
validated with the remaining 40% of the reference points at
a resolution of 50 m with R² of 0.72 and RMSE of 7.7%.

Figure 13. Comparison between the PALSAR-based woody cover map
(left) and CAO LiDAR-based woody cover map (right) for the test sites L1
and L2.

5)

Conclusion

The analysis of correlations between the two datasets
yielded the following conclusions: (1) the strongest
correlation with the reference was evident from the SAR
datasets obtained during the dry season, (2) with
aggregation of datasets, there was an increase in the

correlation between the LiDAR and SAR data, (3) the HH
and HV backscatter from dry season correlate equally well
with the reference data, (4) the validation of the created
product, using the LiDAR data, showed an R² of 0.72 and
RMSE of 7.7%. Our investigation showed that L-Band
backscatter is sensitive to the woody cover in savannas and
can be used for large-scale mapping. However, the presence
of calibration/validation data is necessary. In our case the
reference data covered ca. 3% (11.250 ha from 365.000 ha)
of a total mapped area.
B. Estimation of vegetation height in sub-tropical forests of
Mexico
In this study, we examine the potential of multi-temporal
L-band SAR backscatter acquired by ALOS-2 PALSAR-2
in ScanSAR mode to estimate vegetation height over
tropical deciduous and evergreen forests in the Yucatan
peninsula, Mexico. ScanSAR data exhibit much larger
swath width compared to Stripmap data (i.e., 350 km vs. 70
km) and accordingly can cover wider areas at higher
repetition rates. For instance, ScanSAR acquisitions cover
the entire tropical region approximately every 42 days.
Therefore, we analyse the performance of the multitemporal combination of L-band backscatter for vegetation
height mapping. Airborne LiDAR-based vegetation height
is used as reference data for model training and validation.
1)

Study area and reference data

The study area is the Yucatan peninsula, Mexico, which
is mostly covered by tropical deciduous and evergreen
forests. According to a land use map for 2010 generated by
the Mexican National Institute for Statistics and Geography
(INEGI) [52], around 1/3 of the total area (i.e., ~140,000
km2) is covered by tropical deciduous forests (i.e., ~42,000
km2), whereas around 1/2 of the total area is covered by
tropical evergreen forests (~68,000 km2). Based on ca. 5000
field plots collected over the entire peninsula during the
National Forest Inventory programme between 2004 and
2011 [6], mean tree height is 9 m (max. height 27 m), mean
diameter at breast height (DBH) is 13 cm (max. DBH 46
cm), mean basal area is 12 m2 ha−1 (max. 36 m2 ha−1) and
mean AGB is 70 t ha−1 (max. AGB 227 t ha−1). The area of
the peninsula is rather flat. According to the Shuttle Radar
Topography Mission (SRTM) Digital Elevation Model
(DEM) version 4.1 [53], average elevation is 62 m with a
standard deviation of 70.8 m. The average slope is 1.3° with
a standard deviation of 1.5°.
The regional climate is tropical sub-humid with slightly
higher air temperatures in summer than in winter. The
average annual temperature between 2013 and 2017 was
~27 °C [54]. Average annual precipitation ranges from 1000
to 1500 mm, while the period between May and November
is characterised by pronounced rainfall, and the relatively
dry period extends between December and April [54].
Furthermore, the rainfall increases from north (~1100 mm
mean annual total precipitation) to south (~1400-1450 mm
mean annual total precipitation). The forests in the northwestern part of the peninsula have experienced slash-and-

burn agriculture for 2000 years, resulting in forest patches at
different succession stages [55]. In contrast, the southern
and eastern parts of the Yucatan peninsula show one of the
lowest annual deforestation rates, with some nearly intact
areas of tropical forest in Central America (e.g., Calakmul
Biosphere Reserve) [55].
Small-footprint discrete-return airborne LiDAR data
were collected by the NASA’s G-LiHT imager [7] in April–
May 2013 over entire Mexico. The average pulse density
was approximately 6 returns·m−2. The data over the Yucatan
peninsula were acquired during leaf-off conditions, which
can lead to an underestimation of vegetation height. The
LiDAR returns were classified into “ground returns”, “shrub
returns” (i.e., non-ground returns below 1.37 m) and “tree
returns” (i.e., returns above 1.37 m). In this study, a LiDAR
metric, percentile 100% of all returns (hereafter p100) (i.e.,
top-of-canopy estimate), was used as reference data (i.e., for
model training and result validation). In the next step, we
aggregated this LiDAR metric from 13 m × 13 m to 100 m
× 100 m using block averaging and nearest neighbour
resampling, i.e., a top-of-canopy estimate for a 13 m × 13 m
pixel was averaged to 100 m. In total, ca. 150,000·1 ha
LiDAR samples (ca. 1% of the total area of the Yucatan
peninsula) were used as reference data for wall-to-wall
mapping of vegetation height. Although LiDAR provides an
estimation of height, its accuracy might be higher than field
height measurements, especially in a forest with a closed
canopy, where the top of a tree is difficult to detect from the
ground.
2)

Satellite data

The
multi-temporal
L-band
SAR
backscatter
measurements used in this study were collected by the
ALOS-2 PALSAR-2 sensor in dual-polarisation (i.e., HH
and HV) ScanSAR mode between October 2014 and
February 2018 (resulting in 24 ScanSAR mosaics). ALOS-2
PALSAR-2 ScanSAR data feature a swath width of ca. 350
km and a repetition rate of ca. 42 days [56]. The data were
distributed by the JAXA in the frame of the Kyoto &
Carbon Initiative as 1° × 1° tiles with a pixel spacing of 50
m. Single ScanSAR tiles were then mosaicked to provide
wall-to-wall L band backscatter mosaics (hereafter
ScanSAR mosaics) over the entire peninsula. In addition to
the ScanSAR mosaics, three annual global PALSAR-2
mosaics based on Stripmap Fine Beam Dual Polarisation
(i.e., HH and HV) data from 2015, 2016 and 2017 (hereafter
FBD mosaics) [57] were used in the study to examine the
merit of ScanSAR time series data. The FBD mosaics
feature a pixel spacing of 25 m. Both ScanSAR and FBD
mosaics were pre-processed (slope-corrected and
orthorectified) by JAXA. In the next step, ScanSAR and
FBD mosaics were speckle-filtered using the multi-temporal
filter by Quegan et al. [58, 59]. Finally, the speckle-filtered
ScanSAR and FBD mosaics were aggregated to a pixel
spacing of 100 m using block averaging and nearest
neighbour resampling. The SAR data were aggregated to a
pixel spacing of 100 m as a trade-off between the efficiency

of the model and the spatial details [60]. The model’s
predictive performance increases with decreasing of spatial
scale caused by reduction of speckle in SAR data and local
variability in reference data [60-63]. 24 ScanSAR mosaics
and 3 FBD mosaics were then used separately for vegetation
height estimation.
3)

Methods

For model training and validation of SAR-based
estimates, we applied two different splitting methods of the
reference data (i.e., LiDAR-based vegetation height). For
both approaches, 70% of the reference data were selected
for model training (calibration) and the remaining 30% were
used for testing (validation). In the first approach, we
applied stratified random sampling, i.e., the data were split
based on value intervals with ignoring spatial location of the
samples. For this, intervals of 3 m were selected, i.e., 70/30
partition for each 3 m height class. We used intervals of 3 m
as a trade-off between a sufficient number of samples for
each height class and small enough bins to ensure the intraclass similarity. This splitting approach does not consider
spatial autocorrelation between the training and test
datasets, which generally results in overoptimistic model
prediction statistics [64]. Therefore, in the second splitting
approach, we divided the reference data based on their
spatial location using k means clustering of spatial
coordinates (i.e., latitude and longitude) (Fig. 3) using the R
package “sperrorest” [64]. The first splitting approach will
hereafter be called “stratified random sampling”, while the
second splitting approach will be called “spatial sampling”.
To estimate vegetation height using PALSAR-2 L-band
backscatter, we applied different scenarios comprising two
splitting approaches of reference data (i.e., “stratified
random sampling” and “spatial sampling”) and two sets of
input variables (i.e., ScanSAR and FBD mosaics). For all
scenarios, the estimation of vegetation height was
performed using a machine learning algorithm, namely
Random Forests [35]. We furthermore investigated the
impact of multi-temporal combination of ScanSAR data on
the model’s predictive performance. Therefore, we
modelled vegetation height using a different number of
input layers. The acquisition date of a single ScanSAR
mosaic can be found in Figure 5 (note: a single mosaic can
be comprised of different ScanSAR products with slightly
different acquisition dates (+/- one week from the reference
date in Figure 5).We first estimated vegetation height with
the first four ScanSAR scenes from2014–2015 (i.e., mosaics
from 13 October 2014 to 16 February 2015) and added four
further scenes at each step, i.e., we estimated vegetation
height using 4, 8, 12, 16, 20 and 24 ScanSAR mosaics. The
reference data were split using “stratified random sampling”
and “spatial sampling” with 100 repetitions, i.e., the training
and testing data were selected 100 times using both
approaches to get reliable goodness-of-fit statistics (i.e., R2
and RMSE). Additionally, we performed the same steps for
speckle unfiltered ScanSAR data to show the effect of
speckle filtering.

4)

Results

We first sought to determine the merit of multi-temporal
ScanSAR mosaics compared to the annual global FBD
mosaics to map vegetation height. To examine this, we
modelled vegetation height using ScanSAR and FBD
mosaics separately. The FBD-based vegetation height
estimates are more biased at low and high ranges compared
to the results based on ScanSAR mosaics for both validation
scenarios (Fig. 14). In other words, FBD-based vegetation
height estimates tend to average height values of the
training data. In the difference map between the two
products (Fig. 14), the FBD height possesses greater values
in the areas with small vegetation (e.g., the northern part of
the peninsula) compared to the ScanSAR-based product
(i.e., it shows a larger overestimation), while in the intact
areas (e.g., the Calakmul Biosphere Reserve) the FBD
height exhibits lower values than in the ScanSAR height
(i.e., it shows a larger underestimation).

Figure 14. Vegetation height estimates based on ScanSAR (A) and FBD
(B) mosaics using the “spatial sampling” approach. The difference map (C)
between the two products depicts disagreements in areas with low
(northern part) and tall trees (central and southern parts). White gaps in the
ScanSAR-based vegetation height map resulted from the gaps in the
ScanSAR backscatter mosaics.

The results based on the “stratified random sampling”
approach provide higher goodness-of-fit statistics (R2 and
RMSE) compared to the “spatial sampling” approach for
different sets of input variables (Fig. 15). This is caused by
the spatial autocorrelation of reference data, which is
ignored in the “stratified random sampling” approach. In
contrast, the “spatial sampling” validation considers this
effect, providing a more realistic estimation of the model’s
predictive performance [64], and might contribute to
building a more robust predictive model.
Furthermore, to show the effect of a speckle filter on the
model’s predictive performance, unfiltered and multi
temporal speckle-filtered SAR data after [59] were used as
predictive variables. The models based on “stratified
random sampling” demonstrate a steady increase of R² and
decrease of RMSE using both unfiltered and filtered SAR
data (Fig. 15 upper and bottom left). Moreover, the results
based on the filtered SAR data possess much higher R² and

lower RMSE compared to the results from unfiltered SAR
data. The increase of R2 and decrease of RMSE from 4 to 8
scenes and further is much stronger in the models based on
speckle-filtered SAR data. This is most likely caused by the
fact that the applied filter uses a 7 × 7 moving window and
thus strengthens the spatial autocorrelation between training
and test data.

Figure 15. Impact of number of scenes on model prediction performance
using “stratified random sampling” (left) and “spatial sampling” (right) for
multi temporal Quegan speckle-filtered data (“mtf”, red boxplots) and
unfiltered ScanSAR data (“orig”, green boxplot).

Another observation is that the variance of the model
statistics based on “stratified random sampling” is much
lower compared to the model statistics based on “spatial
sampling”. Considering the models based on “spatial
sampling”, those based on filtered data possess higher R 2
and lower RMSE compared to those based on unfiltered
SAR data (Fig. 15 upper and bottom right). However, the
differences in the statistics are not as high as in the
“stratified random sampling” models. This confirms that the
differences between the results based on filtered and
unfiltered SAR data using “stratified random sampling” are
caused by the spatial autocorrelation of the reference data.
Finally, it can be observed that for more than 12 scenes,
further increment of acquisitions does not result in further
improvement of R2 and RMSE.
To test the impact of number of training samples on
model’s predictive performance, the test data from both
sampling strategies remained unchanged, while training set
from both sampling strategies were sampled randomly 100
times with 1%, 5%, and every decile of the data. According
to Figure 16 (green boxplots), for the “stratified random
sampling” scenario, an increasing number of training data

results in a steady improvement of the goodness-of-fit
statistics (i.e., increase of R2 of about 27% and decrease of
RMSE of about 22%). This is again caused by the spatial
autocorrelation between training and test data, i.e., with an
increasing number of training data, the probability to be
adjoined with test data increases, resulting in continuous
improvement of retrieval accuracies. However, if spatial
autocorrelation is considered (i.e., the “spatial sampling”
scenario), the model’s predictive performance saturates with
an increasing number of training samples (Fig. 16, red
boxplots). With an increasing number of training data in the
“spatial sampling” scenario, the model performance is
enhanced up to a threshold of 20% of the training data, and
very slightly afterwards. Additionally, the variance in the
model statistics decreases with an increasing number of
training samples. Based on the results, a threshold of around
20% of training data represents a plausible trade-off
between model efficiency and data collection effort. 20% of
training data corresponds here to 20,000 1-ha samples.

Figure 16. Impact of sample quantity on model prediction performance
using “stratified random sampling” (green boxplot) and “spatial sampling”
(red boxplot). With an increasing number of training samples, the model
performance increases continuously for “stratified random sampling” and
saturates for “spatial sampling”. 1% of training data corresponds to 1000 1ha samples.

5)

Conclusion

This study has three main implications. First, we showed
the value of multi-temporal L-band SAR backscatter for
estimation of vegetation height. It is well known that,
depending on forest structure, L-band SAR backscatter
saturates in dense forests at biomass levels around 100 t/ha
[65-67]. Our results indicate that including more L-band
observations in a statistical model can partly help to reduce
under- and overestimation at low and high ranges of a forest
parameter, respectively (Fig. 14). These results are in
agreement with previous studies reporting that the usage of
multi temporal L- and C-band SAR data improves retrieval
accuracies of growing stock volume and AGB [68-72]. We
found, however, that after a specific number of
observations, the model’s predictive performance is not
further enhanced. In our case, using 12 dual-polarised Lband SAR observations, we estimated vegetation height

with similar retrieval accuracies as using 24 dual-polarised
L-band SAR observations (Fig. 15). Obviously, 10–12
ScanSAR observations are sufficient to represent the multi
seasonal conditions of the forest vegetation over one year
including dry and wet conditions at different phenological
stages (i.e., leaf-off/leaf-on). According to our findings, the
integration of 12 additional ScanSAR scenes does not lead
to further prediction improvements. Hence, no relevant
additional information can be gained from these images.
Second, spatial autocorrelation in the training and test
dataset must be considered to provide a realistic predictive
performance of the model. In the case where spatial
autocorrelation in the reference data is ignored, estimation
of the model’s performance is overoptimistic, caused by
spatial autocorrelation between training and test data [64].
Moreover, ignoring spatial autocorrelation between training
and test data can lead to incorrect conclusions, e.g., an
increasing number of spatial predictors and/or training
samples leads to steady improvements of the model’s
predictive performance.
Third, an increasing number of training samples leads to
improvements in the model’s predictive performance, but it
saturates at a specific percentage of training samples. In
contrast, Xu et al. [4] reported steady improvements of
model performance with an increasing number of training
samples in tropical forests. Garcia et al. [60] showed that
retrieval accuracies were enhanced and saturated at a
different percentage of training samples depending on forest
structure (i.e., temperate broadleaf, mixed or coniferous
forests). Nonetheless, neither study split the training and test
data using geographical location of them, which might
result in an overoptimistic model performance due to the
likely spatial autocorrelation. In our study, using 20% of the
training data was sufficient to get a similar level of accuracy
as using 100% of the training data (Fig. 15, 16). 20% of the
training data represents 20,000 1-ha samples, though it is
still a large number of training data. In any case, it is crucial
that training samples represent the entire range of values (in
our case vegetation height) from different forest types (i.e.,
deciduous and evergreen forests) of the study area.
IV. FOREST COVER AND FOREST COVER CHANGE MAPPING
A. Study area and reference data
In this study we derived forest cover and forest cover
change maps using multi-temporal L-band backscattering
coefficients. The study was conducted over two sites in
Mexico (Fig. 17). The both areas are mostly covered by
forest with different forest types. The Hidalgo site is
covered by temperate deciduous and coniferous forests in a
mountainous region in central Mexico. The Kiuic site is
located in the Yucatan Peninsula and covered by tropical
dry forests. Each study site extends over an area of 10x10
km.
As reference data very high resolution optical imagery
acquired by the Pleiades and Planet satellites were used.
These VHR data were utilized for visual inspection of

forested and non-forested areas as well as to delineate
deforested areas between the VHR acquisition dates.

Figure 17. Study areas. The background imagery is a very high
resolution Pleiades imagery.

B. Satellite data
The
multi-temporal
L-band
SAR
backscatter
measurements used in this study were collected by the
ALOS-2 PALSAR-2 sensor in Stripmap fine observation
mode in single, dual- and quad- polarisations between
September 2014 and January 2019, resulting in 24
acquisitions over the Hidalgo site (Table IV) and 29
acquisitions over the Kiuic site (Table V).
TABLE IV
CHARACTERISTICS OF THE ALOS-2 PALSAR-2 DATASETS
COLLECTED OVER THE HIDALGO SITE
Acquisition Time
(YYYY/MM/DD)
2015/01/28
2015/03/20
2015/06/07
2015/09/09
2016/01/27
2016/03/04
2016/04/24
2016/04/29
2016/06/19
2016/09/07
2017/01/01
2017/01/25
2017/04/23
2017/04/28
2017/05/12
2017/06/18
2017/09/06

Observation Mode
(Polarization)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
UBS (HH)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBQ (HH, HV,
VV, VH)
FBD (HH, HV)
FBD (HH, HV)

Frame
number
400
3200
3200
400
400
3200
3200
3200
3200
400
3200
400
3210
3200

Path
number
57
154
153
57
57
154
153
154
153
57
153
57
153
154

400

56

3210
400

153
57

2017/11/10
2018/01/10
2018/03/21
2018/04/13
2018/04/27
2018/05/02
2018/12/26

FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)

3200
400
400
3200
3200
400
400

154
57
57
154
154
57
57

TABLE V
CHARACTERISTICS OF THE ALOS-2 PALSAR-2 DATASETS
COLLECTED OVER THE KIUIC SITE
Acquisition Time
(YYYY/MM/DD)
2014/09/13
2014/09/22
2014/11/03
2015/01/31
2015/02/09
2015/05/27
2015/06/10
2015/09/12
2015/09/21
2016/06/08
2016/09/10
2016/09/19
2016/12/07
2017/01/28
2017/02/06
2017/04/12
2017/05/01
2017/06/07
2017/09/18
2017/12/16
2018/01/17
2018/01/22
2018/01/31
2018/03/24
2018/04/11
2018/04/25
2018/05/05
2018/05/14
2019/01/07

Observation Mode
(Polarization)
FBD (HH, HV)
FBD (HH, HV)
HBQ (HH, HV,
VV, VH)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
UBS (HH)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
HBQ (HH, HV,
VV, VH)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)
HBQ (HH, HV,
VV, VH)
FBD (HH, HV)
HBQ (HH, HV,
VV, VH)
FBD (HH, HV)
HBQ (HH, HV,
VV, VH)
HBQ (HH, HV,
VV, VH)
FBD (HH, HV)
FBD (HH, HV)
FBD (HH, HV)

Frame
number

390
390

Path
number
52
51

390

51

390
390
3210
3210
390
390
3210
390
390
3210
390
390
3210

52
51
148
148
52
51
148

52
51
148
52
51
148

390

51

3210
390
390

148
51
52

3210

148

390

51

3210

148

390

52

3210

148

3210

148

390
390
390

52
51
51

The SAR data were available in Single Look Complex
(SLC) Format (Level 1.1). All SLC data were radiometric
calibrated, multi-looked, topographic normalised and
geocoded using a 12 m DEM from the TanDEM-X mission.
All pre-processing steps were conducted with GAMMA
software. The pixel spacing of all SAR products was 12.5
m.

C. Methods
From the multi-temporal L-band backscattering
coefficients multi-temporal statistics (mean, standard
deviation, and the percentiles 5, 25, 50, 75 and 95) were
calculated.
To derive a binary forest-/non-forest (FNF) map two
modelling scenarios using Random Forest classification
approach [35] were applied. In the first scenario, multitemporal statistics of backscattering coefficients were used
as spatial predictors. In the second modelling scenario, the
original multi-temporal L-band backscatter were trained
with the reference data. As training data polygons
delineated from VHR optical data over forested and nonforested areas were used. For each modelling scenario 100
iterations with a random splitting of training data were
applied. Furthermore, besides the binary FNF classification,
RF algorithm can generate a probability layer. The RF based
probability layer is calculated as a ratio between the number
of votes for a specific class and the total number of votes
(i.e. number of trees).
To map deforested areas, we applied a Bayesian
inference approach after Reiche et al. [73, 74]. To derive
deforestation time, first the start of the time series is used to
derive probability density functions (pdf) of forest and
non-forest areas. At every time step the backscatter value is
converted into a conditional non-forest probability using
these pdfs. If the conditional non-forest probability is larger
than a certain threshold, this time step is flagged as a
potential deforestation event and the following time steps
are used to update the probability to confirm or reject the
flagging.
D. Results
The FNF maps for Hildago and Kiuic based on
multi-temporal metrics and original scenes are shown in
Figures 18 and 19. In Hidalgo (Fig. 18) the areas at steep
slopes (grey coloured) were masked out due to layover and
radar shadow effect. A threshold of 30 degree was applied
for this. The binary FNF maps in Hidalgo based on
multi-temporal metrics and on original scenes show similar
spatial patterns with some disagreement in mountainous
region (eastern part) as well as in the central part, where
deforestation activities occur. In case of a new deforestation
(e.g., presented in one or two L-band imagery),
multi-temporal statistics suppressed fluctuations in
backscatter caused by e.g., deforestation. From other side,
these deforested areas are presented in the FNF probability
layer based on original L-band imagery. These deforested
areas possess a probability lower than stable forest, since
they are covered by forests not in all imagery. Furthermore,
some areas in mountainous region (eastern part) as well as
areas covered by grass (southern part) show a forest
probability higher than 0%, i.e. they were classified as
forests by some RF trees.

Figure 19. FNF results in Kiuic. In a clockwise direction: VHR Pleiades
acquisition, FNF classification based on multi-temporal metrics, Forest
probability based on PALSAR-2 imagery, FNF classification based on
original PALSAR-2 imagery.

From VHR optical imagery polygons with stable
forested, non-forested and deforested areas were delineated
based on visual interpretation. Over these polygons L-band
backscatter time series were plotted for both study sites
(Fig. 20 and 21). In Hidalgo forested and agricultural areas
can be distinguished clearly and in every scene (Fig. 20).
Also a significant drop in the L-band signal can be
identified in the deforested areas.

Figure 18. FNF results in Hidalgo. In a clockwise direction: VHR Pleiades
acquisition, FNF classification based on multi-temporal metrics, Forest
probability based on PALSAR-2 imagery, FNF classification based on
original PALSAR-2 imagery.

Similar FNF results were obtained in tropical dry forests
in the Yucatan peninsula (Fig. 19). The binary FNF maps in
Kiuic based on multi-temporal metrics and on original
scenes show similar spatial distribution of forested and
non-forested areas. The non-forested (agricultural) areas in
the FNF classification based on multi-temporal metrics
extend over larger areas than in the FNF classification based
on original L-band imagery. Furthermore, these agricultural
areas possess forest probability higher than 0%, i.e., some
RF trees classified these pixels as a forest.

Figure 20. Time series of L-band HV backscatter in Hidalgo over forested
(green), agricultural (grey) and deforested (red) areas. The solid line
represents the median value of the polygons, the shaded areas are percentile
25 and 75.

In Kiuic the separability between forested and
agricultural areas is visible, however, during winter (wet
season) the backscatter over agricultural areas reaches
almost similar backscattering coefficients as over forested
areas (Fig. 21). Furthermore, deforestation events are
observable in the study area in tropical dry forests as well.

Figure 21. Time series of L-band HV backscatter in Kiuic over forested
(green), agricultural (grey) and deforested (red) areas. The solid line
represents the median value of the polygons, the shaded areas are percentile
25 and 75.

Since deforestation events are visible in the time series,
we applied a Bayesian inference approach after Reiche et al.

[73, 74]. We set a conditional non-forest probability
threshold to 0.7 as a trade-off between the omission (missed
detection) and commission (false detection) errors. Figure
22 show estimated deforested areas in Hidalgo since
January 2017. Because the PALSAR-2 time-series are not
dense, i.e., large time gaps between single acquisitions exist
(up to three months), the time lag of detection of
deforestation event can be few months. Though the
deforested areas in 2017 and 2018 can be separated.

bearing in mind new up-coming L-band missions. The
fusion of ALOS-2 PALSAR-2 time series with dense
Sentinel-1 time series can further improve the estimation of
deforestation date. In the next steps numerical accuracy
assessment of FNF and deforestation maps will be occurred.
Furthermore, these methods based on multi-temporal
statistics as well as Bayesian interference will be applied
over larger areas.
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Figure 22: Deforestation mapping based on multi-temporal L-band
dual-polarised backscatter and a Bayesian interference in Hidalgo.
Different colours represent date of deforestation ranging between January
2017 and December 2018. Grey colours are areas at steep slopes (>30°).

E. Conclusion
This study shows the potential and limitation of using
multi-temporal L-band dual-polarised backscatter for forest
cover, forest cover change mapping over temperate and
tropical dry forests in Mexico.
Both in temperate and tropical forests L-band
backscatter can separate forested and agricultural areas quite
accurately. Though the seasonality of the agricultural areas
should be considered, since during some periods agricultural
areas can possess similar backscatter as forests and thus,
might be misclassified. Furthermore, multi-temporal metrics
can be used for a binary FNF classification with similar
prediction performance as a classification based on original
imagery. The advantage of using multi-temporal metrics is a
reduction of dimensionality and thus, acceleration of
classification processes especially over large areas.
Moreover, it was shown that time series of L-band
backscatter are able to detect deforestation dates. Due to a
sparse time series (time gap up to 3 months), the time lag of
detection of deforestation date might be few months though.
This issue, however, will be reduced in the near future,
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Abstract— The objective of the project was to make use of the
mosaic products from the past and present Japanese L-band
SARs, alone or jointly with data from other sensors, for the
production of forest cover maps and biomass maps in several
ecosystems and continents, at several space and time scales.
Three major results are presented: 1. the use of ALOS PALSAR
for forest change monitoring in South-East Asia, 2. the
production of a wall-to-wall map of the above-ground biomass
(AGB) of the savannahs in Africa using ALOS PALSAR, and 3. a
muti-sensor approach to derive forest structure parameters
(including AGB) on coniferous plantations in France.
Index Terms—ALOS PALSAR, ALOS-2 PALSAR-2, K&C
Initiative, Forest Theme, Above-ground Biomass, Forest Change

I.

INTRODUCTION

Estimates made for Forest Resources Assessment (FRA)
2010 show that the world’s forests store 289 Gigatons (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 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.
In the framework of the JAXA K&C Phase 4, the objective
of this project was to make use of the mosaic products from the

past and present Japanese L-band SARs for the production of
forest cover maps and biomass maps in several ecosystems and
continents. In the present report, we describe three major
achievements that have been obtained during the duration of
K&C Phase 4, using primarily data from ALOS PALSAR and
ALOS-2 PALSAR2.
II. FOREST DISTURBANCES AND REGROWTH ASSESSMENT
USING ALOS PALSAR DATA FROM 2007 TO 2010 IN VIETNAM,
CAMBODIA AND LAO PDR
This work was published in:
Mermoz S. and Le Toan T., "Forest Disturbances and Regrowth
Assessment Using ALOS PALSAR Data from 2007 to 2010 in
Vietnam, Cambodia and Lao PDR", Remote Sensing, 2016, 8,
217, doi:10.3390/rs8030217

We provide here a summary.
A. Introduction
The goal of this project is to assess forest disturbances and
regrowth in tropical regions between 2007 and 2010 using 25m
resolution ALOS PALSAR data. The targeted area is Southeast
Asia, specifically Vietnam, Cambodia and Lao People’s
Democratic Republic (PDR). This area plays an important role
in environmental protection and biodiversity and is of interest
with regard to its socio-economy and the living conditions of
forest-dependent populations. Thus, Southeast Asia’s tropical
forests are of importance in the context of the global carbon
balance. The deforestation rate in Southeast Asia has been
among the highest in the tropics [1]. In its global Forest
Resources Assessment (FRA) in 2010, the United Nations
Food and Agriculture Organisation (FAO) reported a net
annual forest area loss in Southeast Asia of 2.4 Mha in the
1990s, with values of 0.4 Mha and 1.0 Mha for 2000 to 2005
and 2005 to 2010, respectively, resulting in a forest area loss of
29.5 Mha between 1990 and 2010. A drop in Southeast Asia’s
total forest cover from approximately 268 Mha in 1990 to 236
Mha in 2010 has been observed [2], resulting in a forest area
loss of 32 Mha between 1990 and 2010. In 20 years, a forested
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area comparable to the size of Vietnam, or approximately 6.5%
of the region’s total land area, disappeared. The dominant
patterns of forest change relate to forest conversion, logging,
the replacement of natural forests by forest plantations, shifting
cultivation, new infrastructures and burning. Vietnam is among
the countries with the greatest annual changes in primary forest
area and planted forest area in the last 20 years. According to
the FAO, the extent of primary forest in Vietnam decreased at
rates of 6.94%, 15.6% and 1.21% in 1990 to 2000, 2000 to
2005 and 2005 to 2010, respectively, whereas the extent of
planted trees increased at rates of 7.8%, 6.4% and 4.7% in the
same periods. The FAO currently considers Vietnam to be a
reforesting country because tree plantations are included as
forests in the FRA process. Monoculture plantations cover
extensive areas of Southeast Asia, with dominant species
including oil palm, rubber, wattles and coconut. Forest
plantations are interesting because they are believed to increase
the carbon sequestered from the atmosphere and to mitigate
future climate change, although forest plantations achieve 28%
less carbon storage than natural forest [3]. To reduce
greenhouse gas emissions, extending the rotation length in
forest management was highlighted in Article 3.4 of the Kyoto
Protocol as a way to help countries meet their commitments.
However, there is a general trend towards decreasing the
rotation length to optimize yields. Note that in Southeast Asia,
large Vietnamese companies have recently leased vast tracts of
land for plantations in Lao PDR and Cambodia, with disastrous
consequences for local communities and the environment. By
the end of 2012, 2.6 Mha of land in Cambodia had been leased
(1.2 Mha for rubber), and at least 1.1 Mha has been given to
land concessionaires in Lao PDR through a process marked by
a lack of consultation and forced evictions. In this project, we
assess forest disturbances and regrowth using a new semiautomated method. The method is adapted for large-scale
forest disturbance monitoring using free of charge PALSAR or
PALSAR-2 mosaic data for tropical regions where the
deforestation rate is still high. This method combines SAR data
processing, which is particularly suited for change detection
from SAR, masks areas that may induce misdetection or false
alarms (such as inundated crops/forests and high terrain slopes)
and expectation maximization (EM). EM is very closely related
to fuzzy classification approaches and has the advantage of
requiring no binary decisions regarding class memberships.
EM has been successfully applied to SAR data, but mainly
over small test areas. In this study, PALSAR’s 25-m spatial
resolution is preserved by using a multi-image speckle filter,
which is crucial for the detection of small change areas,
followed by the masking of areas that may show temporal SAR
backscatter behaviors that could be incorrectly attributed to
disturbed forest or regrowth.
B. Data
1)
Remote sensing data
The global dual polarization (HH, HV) 25m resolution
ALOS PALSAR mosaics produced by JAXA for the years
2007 to 2010 were used in this study. The mosaic consists of a
collage of Fine Beam Dual-polarisation (FBD) data strips
acquired in ascending mode with HH and HV polarizations.

The mosaics are freely distributed in the form of spatially
square tiles (approximately 112×112 km or 1° of latitude and
1° of longitude), 504 of which were needed to cover all of
Vietnam, Cambodia and Lao PDR. For each pixel, the mosaic
dataset also includes values of the local incidence angle and
acquisition date. The FBD data have a swath width of about 70
km. The data have been processed by JAXA using the largescale mosaicking algorithm described in Shimada and Ohtaki
(2010), including ortho-rectification, slope correction and
radiometric calibration between neighbouring strips.
The digital numbers (DN) were converted into γo values
using the following equation:
where CF is a calibration factor equal to -83.0dB, as
provided in [5]. I
n order to reduce the SAR backscatter uncertainty related to
the speckle noise, we applied a multi-image filter developed by
[6] and [7] to decrease the speckle effect while preserving the
spatial resolution of the images. The 2007, 2008, 2009 and
2010 PALSAR mosaics at HH and HV polarizations (8
images) were used as inputs to the filter. The mosaic is
generated with an equivalent number of looks (ENL) of 16.
After filtering, the theoretical ENL value is 112 using a 7x7
window. This corresponds to a decrease of SAR backscatter
uncertainty due to speckle from 1.6dB to 0.5dB for a -25dB
backscatter, and from 1.2dB to 0.4dB for a -7dB backscatter.
Digital elevation models (DEMs) from the Shuttle Radar
Topography Mission (SRTM) were used to derive terrain
slopes. In addition, high- to very high-resolution (VHR) optical
data were used to derive a spatially-explicit training and testing
database to calibrate the method and assess forest disturbances
and regrowth. To this end, we used 33 ALOS Level 1.5
geocoded Advanced Visible and Near Infrared Radiometer 2
(AVNIR-2) (10-m resolution), processed by JAXA, and VHR
Google Earth images.
2)

The training and testing database
We extracted several polygons of natural forests (59 plots)
and disturbed (86 plots) and regrowth (23 plots) areas in test
sites through visual interpretation of the AVNIR-2 and Google
Earth images. The disturbance polygons were drawn in
reference to at least two AVNIR-2 images acquired close in
time to two PALSAR observation dates. Only clear-cut areas
were extracted as disturbance polygons. Selective logging was
not considered because the 25-m resolution is not sufficient to
detect such small disturbances. The forest regrowth polygons
were drawn in the same way and were mostly located in tree
plantations. To assess false positives, natural forest areas that
were very unlikely to have undergone human-induced
disturbances, such as parts of protected national parks located
far from villages, roads and rivers, were analyzed.
C. Method
Considering the multi-temporal data, environmental sources
of noise mainly consist of soil and vegetation moisture. All of
the images were acquired during the same (rainy) season,
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thereby minimizing temporal changes caused by these
environmental effects. However, the rainy season is not the
most appropriate season for forest disturbances and regrowth
assessment because the backscatter differences between forest
and disturbed areas decrease as the accumulated precipitation
increases. However, the backscatter contrast over forest and
bare soil remains sufficient for our purpose, even during the
rainy season. To further minimize temporal changes caused by
environmental conditions or the SAR radiometric stability, the
multi-temporal intensity data were normalized to have
approximately the same temporal mean and variance over the
‘forest pixels’ using the methodology described in [8].
Then, in order to reduce false alarms, a number of land
cover classes are masked out using ancillary data: non-forest
areas, mangroves, areas with slopes higher than 20°, urban
areas, and water bodies.
Because we aimed to detect larges changes at one-year
temporal frequency in this study (three years for forest
regrowth), we assumed that a modification of the local mean
backscatter value is sufficiently reliable to detect changes. An
analysis window is required for the computation of the local
mean value estimation used here. The choice of the
polarization (or combination of polarizations) to be used is
controversial, but we found in this study that the time series
ratios of γ0HV provided the best results for the detection of both
forest disturbances and regrowth: R(ν) = <HV1(ν)>/<HV2(ν)>.
An Expectation Maximization (EM) approach is applied to
decide if a pixel ν with ratio R(ν) belongs to class ωi with class
center Σi (i.e. mean R in class ωi). The classes are intact forest,
disturbance, and regrowth.
The overall approach is summarised in
Figure 1.

Figure 1. Flowchart representing the forest disturbances and regrowth
detection method.

D. Results
Distributions of the intensity ratio R based on γ0HV are
presented in Figure 2 over intact forest, disturbed areas and
regrowth areas. Between 2007 and 2008, 2008 and 2009 and
2009 and 2010, the distributions of disturbed areas showed
mean R values of 5.18 1.65, 6.57 5.85 and 7.28 2.04 dB,
respectively, whereas the distributions of intact forest showed
values of 0.12 1.00, 0.22 1.30 and 0.13 1.10 dB,
respectively. Regarding forest regrowth, R was -4.93 2.09 dB
between 2007 and 2010. According to these results, the
intensity ratio R of γ0HV is a reliable indicator of forest
disturbances and regrowth, even during the wet season.

Figure 2. Distributions of the intensity ratio R over intact forest between 2007
and 2008 (Intact. 7–8), 2008 and 2009 (Intact. 8–9) and 2009 and 2010 (Intact.
9–10), disturbed areas between 2007 and 2008 (Dist. 7–8), 2008 and 2009
(Dist. 8–9) and 2009 and 2010 (Dist. 9–10) and regrowth areas between 2007
and 2010 (Reg. 7–10).

The approach described in
Figure 1, applied using the whole training database,
converged after 8 iterations, with the final class centers
Σ1=0.09 dB (intact forest), Σ2=3.85 dB (regrowth), and Σ3=2.35 dB (disturbance).
Figure 3 shows the forest disturbances and regrowth maps
of Vietnam, Cambodia and Lao PDR between 2007 and 2010.
Figure 4, which shows the map in Figure 3at the pixel scale
in 12 × 12 km areas, highlights the various sizes and
distributions of disturbed areas.
This disturbance and regrowth dataset is used to assess the
disturbance and regrowth rates, and the AGB losses associated
to these changes. The disturbance / regrowth rates between
2007 and 2010 are calculated to be -1.07% / 0.82% in Vietnam,
-1.22% / 0.49% in Cambodia, and -0.94% / 0.35% in Lao PDR.
The corresponding AGB losses are 45.2-60.7 Tg in Vietnam,
43.1-59.2 Tg in Cambodia, and 64-83.8 Tg in ao PDR.
The validation was carried out by using half of the database
for training and the other half for validation. Based on
estimated area proportions, the mean producer’s accuracy (PA)
was 84.7%, and the mean user’s accuracy (UA) was 96.3%.
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Figure 3. Forest disturbances and regrowth maps between 2007 and 2010 over
Vietnam, Cambodia and Lao PDR at 25m resolution.

III.

AN

ABOVE-GROUND BIOMASS MAP OF AFRICAN
SAVANNAHS AND WOODLANDS AT 25 METERS RESOLUTION
DERIVED FROM ALOS PALSAR

This work was published in:
Bouvet A., Mermoz S., Le Toan T., Villard L., Mathieu R.,
Naidoo L., Asner G. P., "An above-ground biomass map of
African savannahs and woodlands at 25 m resolution derived from
ALOS PALSAR", Remote Sensing of Environment, vol. 206, pp.
156-173, 1 March 2018, https://doi.org/10.1016/j.rse.2017.12.030

The resulting dataset is available at 25m resolution on demand
(alexandre.bouvet@gmail.com), and at 50m resolution at this
link:
https://drive.google.com/open?id=1ZYuupspPzkuyng1ge4aHqL8Gkm7vL3k
We provide here a summary.
A. Introduction
The role of the African continent in the global carbon cycle
has received increasing attention over the last decade [9]–[14].
Although large uncertainties affect the continental estimation
of the carbon budget, most recent studies agree that Africa is
currently a small sink of carbon, with an average value of 0.61±0.58 Pg.C.yr−1 [13]. Africa is also a major source of
interannual variability in the global atmospheric CO2
concentration [14]. The uncertainties and interannual variations
associated to these estimates mostly involve savannahs and

Figure 4. Forest disturbances and regrowth maps between 2007 and 2010 at
25m resolution over 12km×12km areas in Cambodia and Vietnam, highlighting
the various sizes and distributions of disturbed and regrowth areas.

woodlands, whose contribution to the carbon budget is much
more important in Africa than in the other tropical regions such
as South America or Southeast Asia. Indeed, while the carbon
density of savannahs and woodlands is lower than that of
closed forests, they cover three times larger areas in Africa
[15], e.g. roughly 50% of the continent, and therefore represent
a large carbon stock. Besides, with low – although increasing –
fossil fuel emissions, the carbon balance of Africa is currently
dominated by the uptake and release from terrestrial
ecosystems, which is controlled by climate fluctuations and
human-induced disturbances, both of which have stronger
effects in savannahs and woodlands than in other ecosystems in
Africa. For example fires, which play a significant role in the
African carbon cycle with 1.03±0.22 Pg.C.yr−1 of carbon
emissions, occur in savannahs and dry woodlands in 90% of
the cases [13]. Deforestation rates in African savannah
woodlands are found to be higher than in tropical rain forests,
where massive deforestation has been avoided so far, in favour
of selective logging [10], [16]. Woody encroachment also
appears to be a wide-spread source of change in the carbon
stocks of these biomes [17]. It is therefore important to
accurately estimate and monitor the carbon stocks of African
savannahs and woodlands in order to have a better knowledge
of the African and global carbon budget.
It has long been known that SAR data have high potential
for AGB mapping and AGB stocks estimation, due to the
relationships between the SAR backscatter and biomass [18].
These relationships are affected by other parameters such as
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soil moisture [19], [20], topography [21], or the forest structure
[22], which requires the adoption of specific strategies to
mitigate the impacts of these environmental effects on the
retrieval of AGB. Despite these limitations, SAR systems
remain a promising tool for AGB estimation. Generally
speaking, the backscatter in images acquired at short
wavelengths like X-band or C-band show little dependence on
biomass, although it has been shown that this weak sensitivity
can be counterbalanced with the use of hyper-temporal
observations, in particular in boreal forests [23], [24]. Images
acquired at long wavelengths like L-band or P-band are more
strongly correlated with AGB. In the last decades, L-band
spaceborne SAR data have become available, with the JERS-1
satellite active from 1992 to 1999 and ALOS PALSAR from
2006 to 2011, followed by PALSAR-2 onboard ALOS-2
launched in May 2014. SAOCOM (SAtélite Argentino de
Observación COn Microondas) and NISAR (NASA/ISRO
SAR Mission) L-band SAR systems are planned for launch in
2018 and 2020 respectively. Many theoretical and experimental
studies showed that L-band SAR data are sensitive to forest
AGB until a saturation level is reached and sensitivity is lost;
however, a negative correlation between L-band backscatter
and high AGB may occur when the forest is dense [25]. The
saturation is generally reported to occur between 70 and 150
Mg.ha-1 [26]–[28], depending on the experimental dataset and
on the model used to relate the backscatter to AGB. L-band
SAR data are therefore well suited to the estimation of
savannah AGB, typically below 100 Mg.ha-1. For the denser
woodlands, typically between 100 and 200 Mg.ha-1, and
higher biomass values, P-band SAR systems have a better
potential, but are not available so far in space because of
frequency allocation limitations that were lifted only recently.
The BIOMASS mission [29], planned for launch by the
European Space Agency in 2021, will fill this gap and make it
possible to exploit the synergy between L-band and P-band.
Yearly PALSAR (2007-2010) and PALSAR-2 (2015-onwards)
mosaics at 25m have been built by the Japan Aerospace
Exploration Agency (JAXA), and are freely available
(http://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm),
which facilitates the use of large datasets for forest monitoring
[30]. In the recent years, ALOS PALSAR data have therefore
been used for AGB estimation in savannahs and woodlands for
limited regions or countries in Africa and Australia [26], [27],
[31]–[37]. However, these local studies have not been extended
so far to continental scales, therefore the amount and
distribution of the AGB in the whole African savannahs and
woodlands remains to be better quantified [38].
In this project, we have filled this gap, by estimating woody
AGB at a spatial resolution of 25m over the entire savannah
biome of Africa using ALOS PALSAR 2010 mosaics. The
method comprises two steps. The first step consists in defining
a direct model that relates the PALSAR backscatter to AGB,
with the help of a selected set of field measurements. In the
second step, a Bayesian inversion of this model is performed to
produce the AGB gridded dataset.

B. Data
1)
Ground data
In order to train a model that relates PALSAR intensities to
AGB, we use AGB estimates derived from field measurements,
from several campaigns carried out in different countries in
Africa between 2000 and 2013, both from published literature
and from original campaigns. To increase the reliability of the
model, it is necessary to reduce as much as possible the
perturbations that affect the relationship between the SAR
backscatter and the AGB estimates. The error sources include
firstly mismatches between the size of the field plots and the
pixel size of the SAR images [39], tree canopy layover and
border effects, errors in data geolocation, and topographic
effects. In order to minimize these errors, we decided to
consider only in situ AGB plots with a size larger than 0.25 ha
and located in flat areas (mean slope lower than 5°). This first
selection step ensures both higher plot homogeneity and lower
noise in the radar backscattering.
Georeferenced polygons were available for 1ha plots in
Cameroon from the REDDAF (Reducing Emissions from
Deforestation and Degradation in Africa) project [40], and in
South Africa from the Council for Scientific and Industrial
Research (CSIR), and the SAR intensities were averaged over
these polygons. For other plots only the coordinates of the
centre of the plots were available. In this case, as the field plots
were bigger than the pixel size, the SAR intensities have been
calculated on a 3x3 pixels neighbourhood centred on each plot.
A test was then applied to keep only the plots that were located
in a homogeneous area of the SAR mosaic. This test consisted
in discarding the field plots for which the coefficient of
variation (CV) of the SAR intensities in the considered 3x3
pixels neighbourhoods was higher than 0.25. This threshold is
a trade-off between the need to discard heterogeneous plots and
the need to keep a sufficient number of plots for a reliable
training of the model.
In total, 144 field plots were selected, located in 8 countries
(Cameroon, Burkina Faso, Malawi, Mali, Ghana, Mozambique,
Botswana and South Africa), with a mean plot size of 0.89 ha.
The field data collection period spreads between 2006 and
2012, with a distribution averaging 2010 ±2.5 year. The
selected in situ data characteristics are summarized in Table
S1.
In each field plot, the AGB has been estimated by applying
allometric equations to in situ measurements of tree parameters
(diameter at breast height, tree height, basal area), following
proper sampling methodologies. The corresponding allometric
equations and methodologies are described in the references
cited in Table S1. Among the studies that use the allometries
described in Chave et al. (2005), the "dry forest" equation is
used for savannah species and the "moist forest" for forest
species
The ground data delivered to JAXA contains the AGB plots
collected in Cameroon (21 plots measured in 2012 in
Adamawa province and 20 plots measured in 2013 in Central
province) in the REDDAF project (https://www.reddaf.info/),
as well as geotagged photos of savannah/woodland/plantations
landscapes taken in North-Eastern South Africa during a sitescoping trip in July 2015 within the GlobBiomass project
(http://globbiomass.org/).
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2)

SAR data
The global dual polarization (HH, HV) 25m resolution
ALOS PALSAR mosaic produced by JAXA for the year 2010
was used in this study. This dataset is described in section
II.B.1. To cover the African continent, about 180 data strips
have been used. About 91% of the data have been acquired in
2010, between 1 May and 28 November, and the remaining
gaps have been filled with FBD imagery from 2009 and 2008.
When applying a single inversion scheme to radar data
acquired at different dates, as is the case in the PALSAR
mosaic, sources of error include variations of environmental
effects between acquisition strips (soil and vegetation moisture,
leaf-on/leaf-off and grass/understory conditions, e.g. if images
are acquired during different seasons) and, less importantly,
radar backscatter variation caused by radar calibration and
incidence angle variation in a data strip. As a result, sharp
radiometric discontinuities can be observed between adjacent
PALSAR strips when the mosaics are produced. These
discontinuities, although they locally represent the reality of the
backscatter at the time of the acquisitions, are considered
troublesome for large-scale applications based on the mosaics.
To reduce this problem, inter-strip balancing algorithms were
applied by JAXA in order to equalize the backscatter across the
whole mosaics [4]. In addition, the seasonal effects were
further minimized by the fact that, thanks to the ALOS
systematic observation strategy, most of the data (74% in
Africa, and 80% if Western Sahara is excluded) has been
acquired within a four-month period between June and
September (
Figure 5, left). During this period, Africa is subject to a wet
season regime mostly in its northern hemisphere, up to
approximately 15°N. In the rest of the continent, i.e. Northern,
Southern and Eastern Africa, this period corresponds to a dry
season, with very low rainfall. During the dry season, the soil
moisture is consistently low and most trees have lost their
leaves, which minimizes discrepancies between strips and
increases the sensitivity of the backscatter-AGB relationships
[42], [43]. In the wet season, the vast majority of trees have
their leaves on, but the random occurrence of rainfall events

leads to locally reduced sensitivity in the backscatter-AGB
relationship as well as larger inter-strip variations. As a
consequence, we decided to estimate the AGB separately in dry
season areas and in wet season areas, keeping in mind that
better results should be found in the dry season. The
delimitation between dry and wet season areas is set by a
rainfall isoline corresponding to a mean total rainfall of 500mm
over the June-September period (
Figure 5, right), calculated from rainfall data of the
WorldClim database representative of the 1950-2000 period
[44].
C. Method
1)
Approach
The relationship between the radar backscatter and AGB is
complex and depends on a large number of parameters related
to vegetation (forest structure, vegetation water content,
presence/absence of leaves) and to the ground (soil moisture,
soil roughness, topography), collectively designated as
“environmental conditions”. The lack of suitable datasets
available globally at sufficient resolutions makes it virtually
impossible to estimate AGB from the backscatter by taking
into account these environmental conditions explicitly.
In this study, the approach that we use consists in
performing the AGB estimation separately in the "wet season"
and in the "dry season" areas described previously, such as
most of the backscatter variability is minimised with respect to
the most important factors. A simple model is developed,
representing the relationship between the backscatter and AGB
for the average environmental conditions encountered in each
area: leaf-on, wet soil, and high vegetation water content in the
"wet season areas", and leaf-off, dry soil, and lower vegetation
water content in the "dry season areas". The variability of the
backscatter, caused by potential deviations from these average
environmental conditions, is simulated using an electromagnetic model [45] and is used in the Bayesian inversion of
the simple model.
The overall approach is summarised in Figure 6.

Figure 5. (Left) Acquisition dates of the 2010 PALSAR mosaic (green: June to September; red: other months), and (Right) Precipitations from Worldclim
aggregated from 1950 to 2000 between June and September, together with the location of the selected forest inventory plots (red disks) and the 500mm isoline used
to separate wet and dry season areas where two different backscatter-AGB models are developed (red line).
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2)

Analysis of backscatter versus biomass
The sensitivity of the radar backscatter to AGB is analysed
using the 2010 ALOS mosaic and in situ AGB data. Figure 7.
shows the backscatter data (γ0HH and γ0HV) as a function of the
AGB of the in situ plots, where in situ plots located in the wet
season areas and dry season areas are plotted in blue and red
respectively. As expected, we found that the relationship
between the radar backscatter and AGB depends on wet and
dry season areas. Note that for the wet season areas, in situ
plots cover a larger range of AGB (up to 250 Mg.ha-1), whereas
for the dry season areas, in situ AGB is under 120 Mg.ha-1. In
the range of AGB under 100 Mg.ha-1, as expected, the
backscatter is mostly higher in wet season areas, which is
explained by the higher soil and vegetation wetness, and
probably also by the vegetation structure and phenology (leafon). However, the dynamic range of backscatter is lower in the
wet season (about 3dB and 4dB from 10 to 150 Mg.ha-1 for HH
and HV respectively) than in the dry season (about 7dB and
9dB for HH and HV respectively), because lower soil moisture
decreases the radar backscatter from the ground and grassdominated areas. This justifies our choice to derive two
different models in the regions where the PALSAR data was
acquired in the wet season and in the dry season.
Figure 6. Flowchart representing the Above-Ground Biomass
estimation method

Figure 7. ALOS backscatter (γ0HV and γ0HH) from mosaic data acquired in 2010 versus in situ AGB estimated over 144 plots in wet and dry season areas. The
dynamic range of backscatter is lower in the wet season than in the dry season because higher soil moisture increases the radar backscatter over bare soils.

3)

The model relating ALOS PALSAR to AGB
In general, the backscatter from a forest canopy is mainly
governed by scattering mechanisms from the vegetation, and
from the bare ground and underlying ground attenuated by the
vegetation layer, plus the coupling terms between ground and
vegetation, commonly referred to as double bounce scattering
mechanism. The relative contribution of each scattering
mechanism in the backscatter depends on the radar frequency,
polarisation, incidence angle, the environment conditions (soil
moisture, surface roughness, topography) and the vegetation
characteristics (AGB, structure, moisture content).
The radar backscatter is sensitive to forest AGB through
vegetation scattering, through the wave attenuation by the

vegetation, and through the double bounce. One possible
approach to characterize the relationship between backscatter
and AGB consists in retaining the main scattering mechanisms
in a simplified backscatter formulation, and comparing the
formulation with the empirical data. The comparison will give
information on the validity of the simplification.
One common formulation is a 3-parameter semi-empirical
equation which consists in a sum of the ground (a) and
vegetation (b) contributions weighted by the attenuation caused
by different vegetation layers (e-c.AGB):
γ0= a.e-c.AGB+b.(1-e-c.AGB)
This formulation corresponds to the modified Water Cloud
Model [46], an adaptation of the original Water Cloud Model
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[47] widely used at higher frequencies like C-band, except that
the stem volume is replaced by the biomass. This 3-parameter
model has already been used for L-band data by several authors
[26], [35], [48], [49]. The three parameters are calibrated for
the two seasons (wet and dry) using the in situ plot data in
conjunction with Landsat Tree Cover data to identify dense
forest areas (b parameter).
In order to minimize the error propagation which would
result from the direct use of the previous equation to convert γ0
into AGB, a Bayesian approach is preferred. This approach
uses the variability of the backscatter with environmental
conditions (soil and vegetation moisture, presence or absence
of leaves) and forest structure, as modeled by the MIPERS
(Multistatic Interferometric Polarimetric Electro-magnetic
model for Remote-Sensing) model [45].
After the inversion, areas of dense forests (above
approximately 85 Mg.ha-1), where the AGB cannot be
estimated properly because of L-band signal saturation, are
masked out using the CCI Land Cover 2010 map, together with
areas of urban areas, bare rocks and water bodies.

E. Applications
1)
Biomass change monitoring
The methodology described here can be applied using the
PALSAR and PALSAR-2 mosaics produced yearly to get
estimates at different years and to monitor the biomass
changes. Ideally, the calibration should be re-conducted,
especially between PALSAR and PALSAR-2. However, in the
absence of new in situ data, the same parameters can be used in
different years.
An example of biomass change product is shown in Figure
9. This image shows biomass changes between 2010 and 2015
in an area near Nelspruit in South Africa. Green depicts an
ncrease while orange and red show a decrease. Two privately
owned areas are indicated with dashed lines. The area between
the two privately owned areas shows a more significant loss of
biomass, probably by fires.
Forest plantations along the bottom of the image show
changes of biomass after logging and regrowth, which occurred
during the five-year period.

D. Results
The resulting wall-to-wall map of the biomass of African
savannahs and woodlands is presented in Figure 8.
The map has been validated through two different
approaches. The first one is a cross-validation that uses the
reference field dataset, and the second is a comparison with
independent AGB estimates obtained from airborne LiDAR
imagery in South Africa. With the first approach, the overall
mean RMSD, calculated at the plot scale, is 17.0 Mg.ha-1 (16.6
Mg.ha-1 for the wet season area and 17.1 Mg.ha-1 for the dry
season areas) and the overall correlation coefficient is 0.76
(0.75 for the wet season area and 0.77 for the dry season areas).
The second approach provides a correlation coefficient of 0.84
and RMSD of 7.7 Mg.ha-1.

Figure 9. AGB change between 2010 and 1015 in South Africa obtained
from PALSAR and PALSAR-2.

Figure 8. Above-ground biomass map of African savannahs and
woodlands at 25m resolution derived in this study from the 2010 ALOS
PALSAR mosaic

F. Carbon assessment and forest definitions
The map of Africa has been used to assess the carbon
stocks in each African country, and to evaluate the amount of
carbon stored in the forests of each country based on national
forest definitions [50]. We quantitatively showed that in many
countries, a large proportion of carbon stocks are found in
non-forest areas, where a large amount of tree cover loss can
also occur.
We further found that under the REDD+framework
(reduced deforestation, reduced degradation, enhancement and
conservation of forest carbon stocks, sustainable management
of forests), some partner countries have proposed activities
related to only reducing deforestation, even when a large
proportion of their carbon stocks are stored outside forests.
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This situation may represent a limitation of the efficiency of
the REDD+ mechanism, and could be avoided if these
countries choose a lower tree cover threshold for their
definition of forests and/or if they were engaged in other
activities.
IV. ESTIMATION AND MAPPING OF FOREST STRUCTURE
PARAMETERS FROM OPEN ACCESS SATELLITE IMAGES ON
CONIFEROUS PLANTATIONS IN FRANCE
This work was published in:
Morin D., Planells M., Guyon D., Villard L., Mermoz S., Bouvet
A., Thevenon H., Dejoux J.-F., Le Toan T., Dedieu G., "
Estimation and mapping of forest structure parameters from open
access satellite images: Development of a generic method with a
study case on coniferous plantation", Remote Sensing, 2019, 11,
1275, doi:10.3390/rs11111275

We provide here a summary.
A. Introduction
Temperate forests are under climatic and economic
pressures. Public bodies, NGOs and the wood industry are
looking for accurate, current and affordable data driven
solutions to intensify wood production while maintaining or
improving long term sustainability of the production,
biodiversity, and carbon sequestration. Free tools and open
access data have already been exploited to produce accurate
quantitative forest parameters maps suitable for policy and
operational purposes. These efforts have relied on different data
sources, tools, and methods that are tailored for specific forest
types and climatic conditions. We hypothesized we could build
on these efforts in order to produce a generic method suitable
to perform as well or better in a larger range of settings. In this
study we focus on building a generic approach to create forest
parameters maps and confirm its performance on a test site: a
maritime pine (Pinus pinaster) forest located in south west of
France. We investigated and assessed options related with the
integration of multiple data sources (SAR L- and C-band,
optical indexes and spatial texture indexes from Sentinel-1,
Sentinel-2 and ALOS-PALSAR-2), feature extraction, feature
selection and machine learning techniques.
B. Data
1)
Ground data
The site is part of the largest European plantation forest
(nearly 1 million hectares of maritime pine, Pinus pinaster)
known as Landes de Gascogne forest, here referred as Landes
forest. The stands are even-aged and intensively managed. A
forest database was used, with 83 stands of maritime pine,
comprising information on tree counts, tree density, diameter at
breast height (DBH), and tree height. Basal area (BA) is
derived from the DBH and tree density, and AGB is derived
from an allometric equation using DBH.
The study site and measured stands are shown in Figure 10.

Figure 10. Study site location in Southwest France. The measured stands
are in red.

2)

Remote sensing data
This study uses four different satellite sensors: Sentinel-1,
Sentinel-2, ALOS-PALSAR-2 mosaics (all three open access),
and SPOT (freely available over France for French public
bodies).
Apart from the reflectances (optical sensors) and
backscattering coefficients (SAR sensors), textural metrics
have been generated from both optical and radar using a Grey
Level Spatial co-occurence Matrix. Eight features were
extracted: energy, entropy, correlation, homogeneity, inertia,
cluster shade, cluster prominence, and Haralick correlation.
In total, almost 300 remote sensing features were extracted
from the four satellite sensors. For statistical reasons, a feature
selection is needed, and 36 selected features were retained
based on regression tests and correlation analysis. Three
features concern ALOS-2 : L-band HV, L-band HH, and Lband HV/HH.
C. Approach
1)
Relationships between remote sensing features and
forest structure parameters
The linear correlations between the 36 remote sensing
features and the six forest structure parameters can be divided
in two groups of similar patterns: (1) AGB and BA, and (2)
height, tree density, DBH and age.
L-band wavelength penetrates tree crowns and is sensitive
to trunk and large branches volume, and allows to retrieve
AGB. L-HV polarization is more sensitive to wood volume,
and L-HH to humidity. The correlations calculated in this study
confirm that our maritime pine plantations verify these
principles: r > 0.7 for both (L-HV, AGB) and (HV/HH ratio,
AGB) correlations. C-band wavelength is more sensible to
crown elements (thorns and small branches). These elements
are related to other forest structure parameters because
allometric relationships are strong in these forests; this explains
the high correlation of C-band VH polarization and textural
indexes with AGB found in the study. Moreover, C-band VH,
VV and extracted textural indexes are highly correlated with
height (0.75 < r < 0.85). Optical indexes are poorly correlated
with AGB and height. In contrast, some textural indexes
extracted from the optical Brightness Index show significant
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correlations with height (r > 0.6) and AGB (r > 5). Springtime
optical texture indexes from Spot-6 at 1.5 m spatial resolution
show significant correlation with height (r > 0.6) whereas the
correlation is poor for both AGB and height at 6m spatial
resolution.
This conclusion based on the correlations between remote
sensing features and forest structure parameters highlights the
capability of C-band and various textural indexes to describe
linearly forest parameters on these plantations. Several studies
showed high correlations between L-band SAR and AGB on
different forests; these correlations apply to our study site. The
comparison between Sentinel-2 and Spot-6 shows that spring
time 6 m spatial resolution image is less adequate than winter
and summer 10 m spatial resolution images, whereas Spot’s
spring time 1.5 m spatial resolution image adds useful
information.
2)

Regression algorithms
Statistical regressions have been used to establish the
connections between the remote sensing features and AGB,
BA, DBH, age, density and height variables. We investigated
non-parametric and multiple regression methods that could
perform with several input predictors and a small number of
samples. Deep learning approaches like neural network for
regression are not relevant for a small dataset.
Multi-linear regressions (MLRs) are very simple and
frequently used in papers related to forest variables estimation
using remote sensing. MLRs assume that predictive variables
have linear relationships with predicted variables, although it
has been shown it is not always an acceptable approximation
when applied to remote sensing features and forest structure
parameters. Machine learning approaches like support vector
machines and random forest algorithms are increasingly and
successfully used in remote sensing domain. In this study we
tested MLR, random forest regression (RF) and support vector
regression (SVR).
Although a first step of feature selection was applied, there
are still features inter-correlated and thus not necessarily
useful. Moreover, too many features could lead to a
degradation of results or over-fitting. To avoid that, we tested
three feature selection approaches: Principal Component
Analysis (PCA), Forward selection (we start with the best
efficient feature using the regression algorithm, and then for
each iteration we choose which feature could be added
providing the lower RMSE, until all features are selected.), and
Backward selection (the reverse process).
Regarding the regression approach, the best estimates are
obtained using SVR, RF and MLR in this order. The results
confirm the benefits of using non-linear and non-parametric
algorithms, and SVR is better at handling small datasets.
Regarding the feature selection approach, forward selection
was found to perform better.
D. Results
In general, for the whole forest variables, L-band and
textural metrics from C-band are very important, often present
in the first selected features. C-band backscatter is less useful,
maybe because VH and VV backscatters are highly correlated
with their textural indexes. Sentinel-2 spectral indexes and

textural indexes are also often selected by the forward method
although they have fewer correlations with forest parameters.
This further illustrates the importance of taking into account
the synergy between features and not just individual
performance to build the best models for forest parameters
estimation.
We present here only the results related to AGB, but the
other forest structure parameters (BA, DBH, stand age, tree
density, dominant height) are presented in the paper
Figure 11 shows the AGB predictions versus AGB
references. The RMSE is 19.5 tons/ha (28%) and the absolute
error is 22.7%. The variance of the errors is found to be
approximately constant with the increase of the AGB, but the
positive or negative orientation of these errors is not random.
Indeed, the errors are negative from 100 tons/ha. This is due to
signal saturation for AGB estimation. The analysis of the SVR
model and the high Cost parameter (C = 500) selected suggest
that the model gives high weights to each sample, and has
trouble generalizing. This could be improved either by a larger
reference dataset or in the future by adding new features that
have stronger relationships with the AGB (P-band radar for
example).

Figure 11. Validation scatterplot of the AGB estimation using SVR and
forward selection method from L-band, C-band, C-band textural index and
Sentinel-2 indices.

Remote sensing images allow to spatialize forest
parameters estimates. Figure 12 shows the AGB map of the
studied area. We stack the features used for AGB prediction
and we make a pixel-level application of the model learned. In
order to have proper predictions, we mask non-coniferous
forested areas with the land cover map produced in 2016 with
Sentinel-2 time series. Within the forest classes, the
nomenclature differentiates coniferous and broadleaved forests.
With the help of ancillary land cover data, our method is able
to produce high spatial resolution maps of forest parameters.
We note that textural indexes that are sensitive to boundary
conditions create unwanted effects. For example, AGB should
decrease where there are pathways between the stands, but
does rise instead.
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Abstract— This project was proposed to contribute to K&C
through the application of earth observation satellites products
provided by JAXA and ground truth data from produced on the
application of projects by The Nature Conservancy and their
partners. We assess the fulfillment of zero deforestation
agreements at farm level, ALOS-1 and ALOS-2 PALSAR fine
beam dual imagery for years 2010 and 2016 was processed with
ad-hoc routines to estimate stable forest, deforestation, and stable
nonforest extension for 2615 participant farms in five
heterogeneous regions of Colombia. Landsat VNIR imagery was
integrated in the processing chain to reduce classification
uncertainties due to radar limitations. Farms associated with
Meta Foothills regions showed zero deforestation during the
period analyzed (2010–2016), while other regions showed low
deforestation rates with the exception of the Cesar River Valley
(75 ha). Results, suggests that topography and dry weather
conditions have an effect on radar-based mapping accuracy, i.e.,
deforestation and forest classes showed lower user accuracy

values on mountainous and dry regions revealing overestimations
in these environments. Nevertheless, overall ALOS Phased Array
L-band SAR (PALSAR) data provided overall accurate, relevant,
and consistent information for forest change analysis for local
zero deforestation agreements assessment. Improvements to
preprocessing routines and integration of high dense radar time
series should be further investigated to reduce classification
errors from complex topography conditions. Provide as abstract
a brief synopsis of your K&C project in the form of an Executive
Summary, where the main findings are clearly highlighted. Since
this is a report for JAXA, emphasise the significance of
PALSAR-2 for your project, including both its potential and
limitations.
Index Terms—ALOS-1 PALSAR-1, ALOS-2 PALSAR-2,
K&C Initiative, Forest Theme, Deforestation, agreements,
assessment, Colombia.

I.

INTRODUCTION

A. Deforestation in Colombia
About 44% of global forests are concentrated in the tropics
(1,770,156 thousand ha in 2015 [1]), and is also where the vast
majority of forest loss occurs, with reported rates of loss of 6.4
M ha year−1 between 2010 and 2015 [1]. In Colombia,
approximately one third of forest cover has been cleared since
the year 1700, as a result of multiple, heterogeneous historical
processes [2]. At the beginning of the 20th century the
agricultural footprint rapidly increased due to population
growth; cattle ranching played an especially important role in
landscape change dynamics within the country [2]. Currently,
ranching represents one of the key economic subsectors in
Colombia, contributing to approximately 3.5% of the overall
Gross Domestic Product (GDP) and 27% of the agricultural
and livestock GDP [3]. Cattle ranching exploited more than 38
million hectares over the last 50 years, holding approximately
23.5 million heads, supporting 7% and 28% of national and
rural employment, respectively.
Information related to forest trends are critical to different
actors involved in the decision-making of policies and
investments promoting the conservation of forests and their
ecosystem services. Globally, several efforts have been put in
place to develop consistent and robust methodologies to assess
forest extension and change [4–10]. As a response to the rapid
advance of global forest loss and degradation, the UN
Framework Convention on Climate Change (UNFCCC)
launched the Reducing Emissions from Deforestation and
Forest Degradation program (REDD+). The general aim of
REDD+ is to contribute to the mitigation of climate change by
reducing greenhouse gas (GHG) emissions by decreasing and
reversing forest loss and degradation, and by increasing the
removal of GHGs through conservation and the expansion of
forests [11]. In 2008, the national government of Colombia in
collaboration with UN launched the UN-REDD program in
Colombia; since then, multiple collaboration initiatives,
promoted especially by NGOs and multilateral organizations,
implemented environmental programs based on the REDD+
approach that presented the Readiness Preparation Proposal for
Colombia in 2013.
Dominating the forestry-based climate mitigation programs
in Latin America and the Caribbean [12], REDD+ programs
face multiple challenges for their operational implementation
and the achievement of multiple goals involving climate
change,
biodiversity
conservation,
and
sustainable
development [13]. For effective implementation and
assessment of such programs it is often necessary to obtain
systematic Earth Observation-based forest data, together with
specific methods and protocols integrating ground truth,
geospatial information, and capacity building to ensure the
project’s monitoring, reporting, and verification (MRV)
[14,15]. Consequently, several international partnerships, like
the Global Forest Information Initiative (GFOI), have been
established to provide national forest monitoring systems with

guidelines to exploit Earth observation data for REDD+, in
order to foster robust, reliable, and achievable forest
monitoring and assessment [16].

Figure 1.Location of the five regions studied in Colombia (green areas): 1:
Bajo Magdalena; 2: Cesar River Valley; 3: Boyacá-Santander; 4: Coffee
Ecoregion; and 5: Meta Foothills. Orange dots represent the 2615 farms
participating to the Mainstream Sustainable Cattle Ranching project.
Geographical Coordinate System WGS 84

B. Zero deforestation agreements assessment in five regions
of Colombia
In this work we exploit ALOS PALSAR data to assess zero
deforestation agreements of the Colombian Mainstream
Sustainable Cattle Ranching project (MSCR) in five different
regions of Colombia (Figure 1). The MSCR aims are to
improve the ecosystem functioning of degraded pastures lands
through the implementation of sustainable silvopastoral
practices, contributing to national goals to reduce the total
cattle ranching land, contribute to climate change mitigation, as
well as to generate socioeconomic benefits. The MSCR project
integrates small holder cattle ranching farmers in a payment for
the environmental services scheme (PES), where farmers have
compromised through the signing of a contract to a zerodeforestation agreement inside the farms during the project´s
life. Farmers receive materials, technical assistance, and PES

associated with the establishment of silvopastoral systems and
the restoration/conservation of areas that include forest. During
the technical assistance phase project’s staff monitored the
fulfilment of the zero-deforestation agreements by field
inspection of the farm’s forest areas. The integration of a
further assessment based on remote sensing imagery provides
the required independent key performance indicator of
estimation of deforestation extent at the project level,
complementing field deforestation monitoring at the individual
farm level.
II. DESCRIPTION OF YOUR PROJECT
A. Objectives and relevance to the K&C drivers
The Kyoto & Carbon (K&C) initiative, an international
collaborative project led by the JAXA Earth Observation
Research Center (EORC), was designed to contribute data and
information to the UNFCCC Kyoto Protocol and international
actors for the development of a Terrestrial Carbon Observing
system, together with giving continuation to the previous
initiatives, such as the Global Rain Forest Mapping (GRFM)
and the Global Boreal Observing Satellite (GBFM) [17,18].
The K&C research is based on the Advanced Land Observing
Satellites (ALOS). ALOS carries on board the active sensor
Phased Array L-band SAR (PALSAR). ALOS PALSAR is
considered a pathfinder global monitoring mission due the
improvement of sensor performance and its systematic dataobservation strategy, providing reliable wall-to-wall
observations at fine resolution with consistency in spatial and
temporal resolutions [18,19]. This ensures land observation
acquisition through multiple missions, i.e., ALOS-1 (2006–
2011) and ALOS-2 (2014–present). ALOS PALSAR
information has been extensively used in forest applications,
such as forest mapping [9], deforestation monitoring [20,21],
aboveground biomass estimation [22], and mangrove
monitoring [23]. In addition to the advantage of cloud-free
imagery provided by the SAR sensors, ALOS L-band provides
key information related to forest canopy and surface features
[24]. With the ability to penetrate vegetation canopy, ALOS
PALSAR L-band sensors, compared to other SAR instruments
(e.g. C-band based), are more sensitive to trees’ aboveground
structural characteristics, providing very suitable Earth
Observations data for forest monitoring [4] with a systematic
acquisition strategy.
Recent small-scale deforestation patterns found in
Amazonian countries [25] have been found to be increasingly
related to land cover conversion from small landowners, e.g.,
Brasil [26]. Current methodological and technical advances in
remote sensing [19,20,21] allow the inclusion of robust smallscale deforestation detection in the assessment phase of
deforestation monitoring programs. Previous projects exploit
ALOS PALSAR data to quantify deforestation patterns at
small-scale farm level to detect deforestation events below the
hectare [27], or use Landsat data to estimate deforestation with
a minimum area detection of 6.25 ha [28] to assess farmers’
‘no deforestation’ compliance agreements.

B. Work approach
During the K&C phase 4 for the completion of the research
proposed by this project we work on multiple activities, first to
understand the basic observation strategy of the ALOS-1 and
ALOS-2 missions and relevant parameters important to
integrate in pre-processing routines to provide the analysis with
radiometrically and terrain corrected imagery.
Pre-processing routines where developed using Gamma
Remote Sensing software.
Ground truth data about farms delimitation, LULC and
deforestation locations where collected in six regions of
Colombia. Local researchers where trained to apply protocols
to collect geophotos. Data collection was carried out from 2010
to 2018.
We contributed to training workshops in Colombia about
radar pre-processing and change detection routines, where
K&C science team trained researchers in Colombia about
ALOS-1 and ALOS-2 pre-processing and application to
deforestation analysis.
The results of the K&C research where publish to scientific
publications
(https://www.mdpi.com/2072-4292/10/9/1464),
and
platforms
(https://icf-sps.tncco.ourecosystem.com/interface/) and shared during the K&C
meetings. Recount how the project was conducted,
methodologies developed or adopted, etc. Report on field
campaigns undertaken (if any), how they coincided with the
PALSAR-2 acquisitions, ground data collected, collaborating
organisations etc. etc. Make proper references to data sets
obtained from third parties, such as SRTM DEMs, forest
inventory data etc.
C. Satellite data
ALOS PALSAR imagery was used to classify forest and
non-forest cover, and to estimate deforestation extent at farm
level for the five regions under analysis. ALOSPALSAR Fine
Beam Dual (FBD) imagery was obtained through the Kyoto &
Carbon Initiative as part of the collaborative research between
The Nature Conservancy and the Japanese Aerospace
Exploration Agency (JAXA). Data was accessed through the
ALOS User Interface Gateway (AUIG2). A total of 125 SLC
(Level 1.1) ALOS-1 and ALOS-2 FBD images were used,
covering years 2010 (ALOS-1) and 2016 (ALOS-2)
(https://www.mdpi.com/2072-4292/10/9/1464/s1).
Multiple routines were implemented to convert single look
complex (SLC) images into geocoded gamma naught (γ0)
backscatter intensity images through: multilooking,
radiometric, geocoding, and geometric/radiometric correction
procedures (Figure 2). Multilooking was performed to SLC
imagery complex data to produce multilook intensity imagery,

using four range and one azimuth looks as parameters.
Radiometric calibration of multilook imagery was applied
using different calibration factor for ALOS-1 (−115 dB) and
ALOS-2 (−83 dB) [33] for the normalization reference area
correction to multilooking gamma naught imagery at a 15 m
pixel resolution. Shuttle Radar Topography Terrain Mission
(SRTM) 30 m digital elevation model was used for terrain
correction and geocoding; additionally, a fine registration is
implemented where SAR image is simulated based on the
digital elevation model and used to determine the fine
registration using a cross correlation analysis. Geocoded,
radiometric, and geometric corrected products for ALOS
PALSAR imagery products were obtained after pre-processing
procedures performed using Gamma software® [34], which
provides Synthetic Aperture Radar (SAR) pre-processing
routines. Pre-processing functions, parameters and workflow
implemented through the software, asimagery archive used are
detailed in: https://www.mdpi.com/2072-4292/10/9/1464/s1

performed to generate HH and HV polarization mosaics for
both years 2010 and 2016.

Figure 3. (A) ALOS-2 Fine Beam image (FCC: Red: HH, Green: HV and Blue:
|HH-HV| polarizations); (B) the same image with Lee filter speckle reduction.

Landsat VNIR imagery was integrated in the workflow to
reduce misclassifications of classified forest/nonforest areas
based on ALOS PALSAR imagery. Landsat scenes were
provided by the Colombian National Forest and Carbon
Monitoring System. Shadow/cloud masking spectral
reflectance normalization, atmospheric correction, and surface
reflectance conversion standard procedures [37–42] were
implemented to generate mosaic products. Integration was
implemented in mountain areas where the geometric correction
of ALOS imagery was not effective due the presence of steep
topography (Figure 4). ALOS-1 PALSAR-1 (2010) and
ALOS-2 PALSAR-2 (2016) forest classifications products
were explored visually, and misclassified forest/nonforest
classes of steep slopes were reclassified to the correct class.
This procedure was performed mainly in Boyacá-Santander, in
the Coffee ecoregion, and partially in Meta foothills and Cesar
river valley. Four Landsat VNIR spectral bands were used,
avoiding bands in the visible blue and green intervals due to
their sensitivity to atmospheric effects, especially in
mountainous areas [43]. Forest change products (2010–2016)
were then derived using the consolidated products, and zero
deforestation assessment carried out at farm level.
Figure 2. Zero deforestation agreements assessment data processing workflow
for the MSCR project, including: ALOS Phased Array L-band SAR (PALSAR)
Fine Beam Dual (FBD) preprocessing, Landsat preprocessing, thematic
classification, and accuracy assessment

All imagery was projected to UTM 18N WGS84. An
enhanced lee speckle filter was applied to HH and HV
polarizations to reduce speckle (Figure 3). The filter was
applied by means of least squares of the signal intensity in a
kernel area of 3*3 pixels [34]. Mosaicking was finally

The use of difference techniques using polarization values
(especially HV) between image pairs can also lead to robust
and cost-effective change detection results [28,44–46]. This
research, however, needed thematic forest/nonforest extent
products to estimate the carbon balance of the project (tons of
equivalent CO2 at the baseline versus the assessment year).
Additionally, the thematic maps were also necessary for forest
management interventions in the project, e.g., defining
conservation areas using fence isolation to avoid cattle access
to forest.

(F),

DEFORESTATION (DF) AND STABLE NON-FOREST (NF)
CLASSES. ACCURACY MEASURES ARE CALCULATED WITH 90%
CONFIDENCE INTERVAL, FOLLOWING THE METHOD OF A
PREVIOUS PAPER [47].

Figure 4. Figure 6. 2010 imagery (A) ALOS-1 fine beam imagery (FCC: Red:
HH, Green: HV, and Blue: |HH-HV| polarizations). Steep slopes affect ALOS
backscatter, where signal is intensified by terrain aspect (brighter pixel on
mountain areas) or is lost by terrain aspect (brighter pixel on mountain areas) or
is lost by terrain aspect (black areas in mountain areas) in reference of the beam
angle; (B) Landsat 8 OLI (FCC: Red: NIR, Green: SWIR, and Blue: red).
Geographical Coordinate System WGS 84.

D. Ground data
Ground truth data was provided to JAXA related to MSCR
project related to forest areas acquired during field surveys.
Polygon of forest areas associated to participant farms was
generated using GPS devices. Additionally, ~1000 LULC
geophotos associated to the hotspot of deforestation in
Colombia, Bajo Caguán, Caquetá where delivered to JAXA.
III. RESULTS AND SUMMARY
Forest and forest change products generated using ALOS
PALSAR showed satisfactory overall accuracy (OA) values for
all the regions analysed (Table 1), presenting no significant
differences among regions. High overall accuracy can be
partially explained by the high accuracies obtained in the
nonforest class, which is the class with largest area proportion
(82%) compared to the forest and deforestation classes. This is
a well-known limitation of this accuracy parameter.
Table 1. THEMATIC

ACCURACY INDICES AND NUMBER OF
VALIDATION POINTS PER REGION ASSIGNED TO STABLE FOREST

Regions with highly complex topography (BoyacáSantander and partially Cesar River Valley) presented lower
accuracy levels for the forest and deforestation classes,
respectively. Our results suggest that local slope orientation
present in mountains with respect to the incidence angle of
SAR sensors had a relevant effect on image distortion [49] or
hampered the surface visibility by the sensor [50,51]. Here the
integration with optical sensor information was necessary to
reduce the misclassified areas. Higher accuracy performance
was obtained in the Meta foothills region, which is
characterized mostly by flat areas compared with mountain
regions (i.e., Boyacá-Santander and Coffee Ecoregion). The
Cesar river Valley region showed lower classification accuracy
values, especially user’s accuracy, indicating an overestimation
in the deforestation extension.
Deforestation
products
were
characterized
by
misclassification errors especially within regions with dry
conditions (Cesar River Valley and Bajo Magdalena),
compared to the humid regions (Coffee ecoregion, BoyacáSantander, and Meta foothills). During forest classification,
detection of dry forests was more challenging, due to both (i)
the high variation in vegetation structure observed in the ALOS
PALSAR Fine Beam Dual imagery, and (ii) the seasonal
deciduous behavior (phenology), well-observed using Landsat
optical imagery. Our results suggest that dry forests mapping
could need comprehensive ground truth data surveys to
integrate the remote sensing-based mapping workflow. This is
especially necessary for Colombia, where limited detailed and
spatially explicit information is available for this forest type
[30].
The low proportion of forests in the project’s farms reflects
historical processes of deforestation, prior to the
implementation of the MSCR project. The study regions
characterized by greater proportion of forest cover within farms
are located in mountainous or partially mountainous areas,
possibly due to the limited accessibility [52], while those with
less forest cover proportion are associated with dry regions

which are historically characterized by high agricultural
pressure [30].
In the Meta foothills region, zero hectares of deforestation
detected between 2010 and 2016 (Table 2) advocates the
fulfillment of zero deforestation. For the flat Bajo Magdalena
region, deforestation estimate is 1.6 ha and with low variation
due to uncertainties (Table 1), while in the mountain region of
Boyacá-Santander, the deforestation estimated area (3.7 ha) is
overestimated based on relatively low UA accuracy results.
This was somehow expected due to the presence of steep
slopes characteristic of the region, coupled with the lower
efficiency of radar sensing in these topographic conditions
[52].
In the case of the Cesar River Valley region, where major
deforestation areas were detected and the lowest UA
calculated, a postvalidation visual assessment was performed,
revealing that the largest deforested area corresponds to a
single event of approximately 33 ha; for this single event the
area of the corresponding farm was estimated using the circular
buffer method, so the direct attribution of noncompliance had
an additional uncertainty due to the simplified geometric
protocol used.
Nevertheless, other multi-temporal postclassification
studies reported change classes as showing generally higher
commission errors compared to errors associated to stable
classes (forest/nonforest) [48,53–56]. Multiple research has
discussed general minimum accuracy standards for remote
sensing-based thematic mapping [57], although there is no
global consensus for thematic accuracy of deforestation
products. We stress that projects associated with zero
deforestation agreements monitoring and assessment should
always report omission and commission accuracy indices of
each thematic class coupled with error-adjusted areas and their
confidence intervals. Minimum accuracies should be included
in the project specific requirements, together with additional
procedures
to
corroborate
agreements
compliance/noncompliance, e.g., field corroboration of change
detection procedures based on remote sensing analysis.
Table 2. FOREST,

NON-FOREST AND DEFORESTATION AREA
ESTIMATIONS AT FARM LEVEL FOR 2615 FARMS ASSOCIATED TO
THE MSCR PROJECT (2010–2016).

The application of ALOS PALSAR FBD imagery was
found to provide significant and consistent information for the
detection of forest and nonforest cover; the results were
especially relevant for highly clouded tropical conditions [4].
Nonetheless, we found that its application in mountainous
areas presents some limitations, since the signal of ALOS

PALSAR resulted rather affected by the topography
characteristics of some regions. The integration of highly
detailed digital elevation models, dense temporal image series
and improved preprocessing routines should be used to
generate more accurate products for forest, nonforest, and
deforestation detection and quantification in these specific
conditions. The integration of optical sensors information
improved the detection of forests and deforestation in
topographic areas characterized by steep slopes, however, at
the cost of the time of processing. Operational integration of
Synthetic Aperture Radar imagery with optical imagery can
significantly improve the consistency and robustness of forest
monitoring in the tropics [58], to achieve efficient forest
monitoring procedures for interoperability and classifications
needs.
The Kyoto and Carbon Initiative has contributed
significantly to the development and application of
methodologies for forest monitoring in Colombia based on
ALOS PALSAR products, allowing us to investigate their
application for forest monitoring and deforestation at the local
scale; complementing national efforts to quantify forest extent
and forest change.
The present work highlighted some of the operational
issues to be considered in the implementation and replicate of
SAR-based systems for forest monitoring. These include the
influence of topography features in SAR backscatters and the
effect of structural and phenological characteristics of tropical
dry forests. Our findings suggest that additional research
should focus on more efficient geometric correction procedures
to reduce errors associated with topography features. Future
improvements to the current approach can include the use of
radar dense time series to improve detection change analysis,
together with ground truth data for dry forests to calibrate
ALOS PALSAR sensors and reduce classification
uncertainties. Large scale and medium resolution advances
have been implemented on the generation of ALOS PALSAR
products, i.e., JAXAS’s worldwide PALSAR mosaics [59] for
forest monitoring, however additional research needs to be
done on how to generate robust, consistent, and high accuracy
forest products at local scales. ALOS PALSAR and SAR
sensors provide multiple operation modes and processing
approaches that need to be further explored to understand their
real potential contribution to local scale forest monitoring.
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