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1. OBJECTIVES

Our proposed investigation will contribute to the geometric 
and interferometric validation of the ALOS-2 PALSAR-2 
data. This will involve the following tasks: 
• Contribute to the validation of the geometric accuracy of

ALOS-2 PALSAR data using radar corner reflectors at
Pinon Flat, CA.

• Participate in the ALOS-2 CALVAL meetings in Japan.
• Modify GMTSAR software to work with all modes

(right and left) of ALOS-2 data at L1.1.
Assess the accuracy of ALOS-2 FBD and ScanSAR 
interferograms using the array of continuously operating 
GPS (CGPS) receivers in California. All CGPS data are 
freely available from UNAVCO. 

2. SIGNIFICANCE IN RESEARCH FIELD

Radar interferometry has become an important tool for 
monitoring and developing predictive models of the 
earthquake cycle.  However, our analysis of the San 
Andreas Fault System (SAFS) has revealed several 
limitations of the ALOS-1 data for this application.  (1) 
ALOS-1 did not acquire radar data along the descending 
orbital tracks, which have better geometry for viewing the 
strike-slip motions than the ascending tracks.  (2) The 
ALOS-1 orbit had significant drifts away from the ideal 
repeat track so the InSAR baselines are generally longer 
than is optimal for deformation mapping.  (3) The 
ionospheric phase distortions at L-band are large over 
horizontal length scales > 20 km so the ALOS-1 
deformation stacks must be high-pass filtered before 
combination with GPS vector velocity data. 

We proposed to investigate all three of these issues by 
using the new L-band data from ALOS-2. ALOS-2 is 
routinely operated (>9 times per year) in ScanSAR mode 
along descending passes, which have improved look 
geometry with respect to ALOS-1. The entire SAFS can be 
imaged in just 12 of these 350 km by 350 km scenes.  (2) 
The orbit of the ALOS-2 satellite is well controlled in both 
baseline and burst alignment to enable interferometric 
combinations of any pair thus reducing the errors in the 
InSAR stacks. (3) ALOS-2 also suffers from ionospheric 
phase distortions however the larger frame size enables one 

to relate phase ramps across the images to global 
ionospheric models derived from GPS data such as the 
GIAM model (http://iono.jpl.nasa.gov/gaim/intro.html).  

3. METHODOLOGY

We continued our collaboration with JAXA scientists to 
improve the scientific utilization of ALOS-2 PALSAR-2 
data as well as to use these data for our own scientific 
investigations.  Our investigation was divided into two 
main areas of CALVAL – geometric validation using radar 
corner reflectors and interferometric validation using the 
continuous GPS receivers of the Plate Boundary 
Observatory.   

4. RESULTS

Geometric Validation - Radar Corner Reflectors 
We maintain three radar corner reflectors at Pinon Flat 
Observatory, located between the San Andreas and San 
Jacinto Faults, to support the radiometric, geometric, and 
interferometric assessment of SAR data (Figure 1). These 
are permanent installations designed to remain in place for 
the lifetime of the ALOS-1/2 missions and beyond.  The 
precise locations of the reflectors and their radiometric 
design are available to any investigator (Table 1). Each 
year we visit the site and make repairs as necessary.   

Figure 1 One of the 2.4 m radar corner reflectors at Pinon 
Flat Obs. installed in 1998 (photograph taken September, 
2014).  This arid region, at an elevation of 1200 m, is 
relatively flat with a surface of decomposed granite 
sparsely covered by bush and grass.  Three radar corner 
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reflectors are oriented to reflect energy from ascending 
(A1) and descending (D1 and D2) ALOS passes. 
 
Table 1. Coordinates of Radar Reflectors 

 lat lon height azimuth 
A1 33.612246 -116.456768 1258.990 257.5˚ 
D1 33.612253 -116.457893 1257.544 102.5˚ 
D2 33.607373 -116.451836 1254.537 102.5˚ 

Latitude and longitude in decimal degrees and elevation in 
meters relative to the WGS-84 co-ordinate system and 
ellipsoid. The survey point is the apex (lowest corner) of 
each reflector.   

 
We used the ephemeris data provided with the ALOS-2 
imagery and GMTSAR software to project the location of 
each corner reflector (i.e., latitude, longitude, and elevation 
above the WGS84 ellipsoid) into the range and azimuth 
coordinates of each image.  The locations of the corner 
reflectors were visually identified as bright spots in each 
image and the difference between the orbit location and the 
image location was computed as provided in Table 2. The 
ALOS-2 ScanSAR mean differences are quite small in 
range (0.97 +/-0.47) and the azimuth is essentially zero (-
4E-07 +/-0.67) so no biases have been included in our 
GMTSAR software.  
 
Table 2 Comparison Between ALOS-2 ScanSAR image 
and orbit for Pinon reflectors D1 and D2 and D2. 

NAME CR Ri-Ro(m) Ai-Ao(m) 
ALOS2053922950-150523-WBDR1.1__D-F5 D1 11.78 -1.24 
ALOS2053922950-150523-WBDR1.1__D-F5 D2 12.16 -1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D1 4.02 1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D2 4.43 3.72 
ALOS2076692950-151024-WBDR1.1__D-F5 D1 14.43 -1.24 
ALOS2076692950-151024-WBDR1.1__D-F5 D2 6.28 -6.20 
ALOS2064272950-150801-WBDR1.1__D-F5 D1 6.67 -1.24 
ALOS2064272950-150801-WBDR1.1__D-F5 D2 7.05 -1.24 
ALOS2070482950-150912-WBDR1.1__D-F5 D1 3.64 1.24 
ALOS2070482950-150912-WBDR1.1__D-F5 D2 12.64 1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D1 12.60 1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D2 4.435 3.72 
Mean 

 
8.348(0.97pxl) -4.13E-07 

RMS 
 

4.048(0.47pxl) 2.67(0.67pxl) 
   
One significant finding of the ALOS-2 ScanSAR analysis 
is that the images show 7 stacked reflectors instead of one 
(Figure 2). This is caused by a combined effect of lower 
resolution along azimuth and the diffraction from periodic 
observation. The multiple bright spots from a single 
reflector can result in errors in image alignment because 
the cross-correlation solution may lock on to one of the  
secondary peaks. To avoid locking on to the wrong peak, 
we implemented a filter in the alignment step to band-pass 
the cross-correlation results (+/-3 pixels from the major 
peak). This approach stabilized the image alignment to 
lock onto the primary peak. 

 

 
Figure 2 ALOS-2 ScanSAR image centered on of Pinon 
corner reflector descending (D2). 
 
 
Strip-Mode InSAR 
Two of the Rio Branco images provided to the CALVAL 
team had short temporal (14 days) and perpendicular 
baselines (254 m).  Each image was from a quad-pole 
acquisition so it was possible to create 4 different 
interferograms from HH, VV, HV, and VH polarizations.  
All interferograms have high correlation and small residual 
phase with characteristics commonly found for ALOS-1 
interferograms.  An example line-of-sight, geocoded 
deformation map is shown in Figure 3.  The line-of-sight 
change across the image is less than 14 cm suggesting the 
orbital information has accuracy similar to the ALOS-1 
orbits. 

Figure 3 Example line-of-
sight deformation map of the 
Rio Branco region from an 
ALOS-2 quad-pole pair 
(August 13, 2014 and August 
27, 2014).  The color scale 
saturates at +/- 70 mm.  
Forested areas are partly 
decorrelated and several of 
the fields show apparent 
offsets that are probably 
related to changes in soil 
moisture or standing water. 

 
ScanSAR InSAR 
One of the main advantages of ALOS-2 with respect to 
previous satellites is the rather short 14-day repeat cycle 
that is possible because the satellite is commonly operated 
in ScanSAR mode along descending orbits.  Successful 
ScanSAR interferometry will dramatically improve our 
estimates of stress accumulation rate across the San 
Andreas Fault zone because the second look direction will 
be used to separate horizontal from vertical deformation.  
In mid 2014 we constructed several ScanSAR to ScanSAR 
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interferograms and found excellent correlation on one 
example, marginal correlation on two examples and no 
correlation on another two examples (Table 3).  The 
marginal correlation is caused by small or zero overlap 
between the bursts from the reference and repeat 
acquisitions.   
 
Table 3. Percentage of burst overlap for three ScanSAR 
interferograms. 

F1-5 - subswath number 
N – number of lines between bursts 
N_burst – number of echoes in a burst 
% - burst overlap adjustment. 
 
We worked with JAXA scientists to identify and  correct 
the burst overlap problem. To achieve this burst overlap the 
radar system must be triggered with an along-track 
accuracy better than ~500 m, which corresponds to a 
timing accuracy better than 70 milliseconds [Tong et al., 
2010].  The autonomous navigation system aboard ALOS-
2 was designed to achieve horizontal baseline better than 
500 m and along-track accuracy of 10 m [Kankaku et al., 
2009]. During the commissioning phase of the mission, 
accurate baseline control was demonstrated with most 
perpendicular baselines less than 200 m. However the 
initial interferograms usually had no burst overlap. JAXA 
implemented an adjustment to the onboard navigation 
system in early February 2015 and adequate burst overlap 
has been maintained since then.  
 
The scansar data collected after February 2015 was used to 
provide a spectacular deformation image of the Mw 8.8 
Gorkha, Nepal earthquake (Figure 4) The first pass after 
the February 8 fix and prior to the Nepal earthquakes was 
P048 on February 22.  Subsequent pairs have burst overlap 
better than 70%. 
 

 
Figure 4 Example of a coseismic ScanSAR-to-ScanSAR 
interferogram from ALOS-2 descending Path 48, spanning 
dates February 22, 2015 to May 3, 2015 and covering the 
Mw7.8 Gorkha, Nepal earthquake [Lindsey et al., 2015]. 
Each color cycle (red-green-blue-red) represents 12.1 cm 
of displacement toward the satellite. Data were processed 
using GMTSAR.  Note ALOS-2 provides continuous phase 
across subswath boundaries with no adjustment resulting 
in a single 350 km by 350 km interferogram. 
 

5. OVERALL CONCLUSIONS 
 

• ALOS-2 images can be geolocated on the earth without 
ground control to an accuracy of a few meters.   

• The baseline control of the ALOS-2 mission is 
significantly better than ALOS-1 so any pair of strip-
mode images will form excellent interferograms.   

• ScanSAR to ScanSAR InSAR has been demonstrated 
with ALOS-2 in 2014, however the alignment of the 
reference and repeat bursts is often less than optimal. We 
worked with JAXA scientists (Ryo Natsuak and 
Masanobu Shimada) to identify and correct the burst 
overlap problem. 

• A more complete analysis of burst overlap conducted by 
Ryo Natsuaki at JAXA shows the burst mis-alignment 
goes through a 56.4-day cycle. JAXA has corrected the 
problem in early 2015 and subsequent data have 
excellent burst alignment and thus high interferometric 
coherence 
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ALOS-2/PALSAR-2の偏波校正と検証 -その２- 
PI No 3151 

森山 敏文 

長崎大学工学研究科 

1. はじめに

1990 年代から日本や世界で航空機搭載型のマイク

ロ波偏波合成開口レーダ (Polarimetric Synthetic

Aperture Radar: POLSAR)が開発され，2006年からは

日本の陸域観測技術衛星 ALOS に搭載された

PALSAR(L-band)[1]を始め，RadarSAR-2(カナダ, C-

band)や Terra-SAR X(ドイツ, X-band)が打ち上げられ，

運用されている．これらの SAR には，偏波観測モ

ードが付加され，単偏波でなく水平偏波と垂直偏波

の送受組み合わせた測定が可能となった．その結果，

世界各地で POLSAR による観測が可能になってき

た．主な用途は，災害観測や植生モニタリング，国

土保全用(地図作成や海洋観測)の観測などである．

従来の航空機搭載と衛星搭載の合成開口レーダの特

性の違いの例を表 1 に示す.航空搭載 SAR の場合

[2][3]，レーダの性能は高いが，観測に大きなコス

トがかかり観測頻度が低くなる．一方，衛星搭載

SAR では，観測頻度が高く，広い観測領域により，

植生モニタリングや地図作成などの応用が期待され

る．しかし，従来の衛星搭載 SAR は，レーダの性

能は不十分(地上分解能が 30ｍ程度)であったため，

多偏波で観測を行っても植生モニタリングで十分な

成果を得ることができなかった．特に日本のような

小さい規模の田圃や畑では，数十ピクセルで一つの

田圃を表現するため，高分解能の航空機 POLSAR

で得られるような解析対象の情報を抽出できなかっ

た．そのため，PALSAR の場合，国内外の研究では，

熱帯雨林などの大規模の領域の分類で精度の向上を

確認できたが，稲や野菜などの植生モニタリングで

は十分な成果が得られなかった．そこで衛星搭載

SAR の解析では，分解能が大きな問題であった．ま

た，これまでの研究では，観測した偏波データの特

徴の差異を示すだけに利用され，定量的な植生の成

長や生産量の評価の検討は行われてこなかった．し

かし，2014 年に PALSAR の後継 SAR として，

PALSAR2が ALOS2に搭載されて打ち上げられた[4]．

分解能が偏波観測モードで最高 6m，観測周期も最

短で 14 日となる．そのため，ALOS2 では，標準で

農作地の面積把握を目標としているが，偏波データ

による稲や野菜などの植生モニタリングの可能性も

期待できる．そこで，この研究では，長崎諫早干拓

の大規模農作地(中央干拓地)をテストエリアとして，

農作物のモニタリングの可能性を検討することにし

た．本報告では，2015 年の 8 月と 9 月に PALSAR2

で観測された干拓地のデータを利用し，エントロピ

ー・アルファ法と 4 成分分解法 (Yamaguchi 

decomposition technique)で解析を行った．以下で，

ALOS2/PALSAR2，解析法，更に作物毎の偏波解析

結果を述べる．. 

2. 2. 偏波観測パラメータ

偏波データは，HH,HV,VH,VV の 4 つの組み合わせであ

り，これらから散乱行列が定義される． 

  HH HV

VH VV

S S
HV

S S

 
    
 

S  (1) 

また，偏波間の 2次統計量を取り扱うため，散乱行列から，

Covariance 行列[C(HV)]や Coherency 行列[T(HV)]が導出さ

れる． 
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(3) 

ここで，<・>は，ピクセル間での平均化を表す．これら

の行列をもとに，エントロピー，アルファ角の算出や 4成

分分解により測定データを表面散乱，2 回散乱，体積散乱

等に分解できる．次に，各種偏波データの解析法を簡単に

のべる． 

2.1. エントロピー・アルファ角[5] 
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 式(3)の平均化 Coherency 行列を直交ユニタリ行列[U3]で

対角化が行える． 
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3 2 3
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ここで†は共役転置であり，123であり，[U3]は， 
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である．固有値からは各散乱メカニズムの確率が 

1 2 3

i
iP



  


 
 (i=1,2,3)              (6) 

と表され，この確率を使って，エントロピーH とアルファ

角 が定義される． 

1 3 1 2 3 2 3 3 3log log logH P P P P P P        (7) 

1 1 2 2 3 3P P P                                                 (8) 

但し，0H1，0 90の範囲である．H=0 の時は，三

つの固有値で値を持つのが一つを意味し(散乱メカニズム

が単純)，H=1 の時は，三つの固有値がゼロで無い同じ値

を持っていること(散乱メカニズムが複雑)を意味する．よ

って，エントロピーH は，散乱メカニズムの複雑さを表す．

一方で，アルファ角 は，0で平板，45でダイポール，

90で 2 面コーナーリフレクタを示し，ターゲットの偏波

特性を表す． 

 

2.2. 散乱モデルによる電力分解(4成分分解)[6] 

 

 平均化された Covariance 行列や Coherency 行列を 4 つの

モデル(表面散乱，2 回反射散乱，体積散乱，へリックス

散乱)の散乱行列と分布関数を基に分解して，ターゲット

の特徴を評価する方法がある．この方法は， JPL の

Freeman と Durden による三成分分解を拡張したものであ

り，Y4R,S4R,G4U などのバージョンがある．ここでは，

G4U を利用する．G4U は，最初に式(3)を以下の角度から

ユニタリ回転を行う． 
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また， 
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の演算を行う．その結果，T23=0となり， 

   
11 12 13
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と Coherency 行列は変形される．ここで，式(10)を考慮し

た行列分解を考える． 

     

   

s dsurface double

v cvol helix

T f T f T

f T f T

    

 
  (16) 

ここで，fs, fd, fv, fcは表面散乱，2面反射散乱，体積散乱，

そしてヘリックス散乱の係数を表す．この結果に対して，

式(13)を適用する． 

       
        

   

   

†

s surface

d v cdouble vol helix

s d
surface double

v c
vol helix

T T U f T

f T f T f T U

f T f T

f T f T
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式(17)をもとにした fs, fd, fv, fcから各散乱メカニズムの電力

を求める方法を G4U と言う．この方法は，Freeman と

Durden らによるオリジナルの方法と比べて，負の電力の

発生，体積散乱の過大評価，都市域の 2面コーナーリフレ

クタ散乱の過小評価を低減できる，大変優れた方法である． 

 

 

 航空機搭載合成開口レーダ 衛星搭載合成開口レーダ 

Pi-SAR L2/X2 

(2012(L2)/2008(X2)～) 

ALOS/PALSAR 

(2006～2011) 

ALOS2/PALSAR2 

(2014～) 

分解能(偏波観測) 1.76m(L-band)/0.3m(X-band) 24m 6m 

観測幅(偏波観測) 10～20km 70km 40km 

観測タイミング 観測イベント毎(1年に数回程度) 46日周期 14日周期 

 

表 1．偏波観測での日本における航空機搭載ＳＡＲと衛星搭載ＳＡＲの特性の違い 
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3.  使用データについて 

 

この研究では，ALOS2/PALSAR2 の偏波観測データを利

用した．ALOS2 は，2006 年に打ち上げられた世界最初の

L-band 偏波合成開口レーダを搭載した衛星 ALOS の後継

衛星であり，2014 年 5 月 24 日に打ち上げられ，初期校正

期間を終え，同年 11 月から定常運用が行われている．

ALOS2 には，様々な観測シナリオが有るため，残念なが

ら日本で偏波データを取得できる期間は少ない． 1サイク

ル 14 日として定常の観測シナリオでは，日本での偏波観

測期間を 2年間で 5サイクルが用意されている．なので，

残念ながら農業モニタリングに利用するような 14 日周期

での同じ領域の観測は，現状では困難な状況である．2015

年の 8月 3日から 10月 11日までが，偏波観測の 5サイク

ルの期間に対応し，4 章で述べる長崎県諫早市の中央干拓

地の観測は，8 月 14 日と 9 月 30 日の 0 時過ぎに行われた．

それぞれのオフナディア角は，25.5 度と 35.3 度である．

両画像の干拓地付近の HH偏波画像を図 1に示す． 

 

4. 実験結果 

 

ALOS2/PALSAR2 の偏波データで植生モニタリングを行

うために，大規模の農業が実施されている長崎県諫早市諫

早湾の大規模な干拓地である中央干拓地をテストサイトと

することにした．中央干拓地では，農業法人が野菜を 1年

を通して栽培している．又野菜の栽培期間は短いが，もし

14 日の観測期間が実現すれば，収穫までに 3,4 度の観測が

可能である．3 章に述べたように 8 月 14 日と 9 月 30 日に

PALSAR2 による観測が行われた．図 1 を見ると明瞭に耕

作地の区画が確認でき，同じ場所でも二つのデータで後方

散乱係数が大きく変化していることが確認できる． 

観測に際しては，図 1(a)のデータについては前日の 8 月

13 日に，図 1(b)のデータについては一週間後の 10 月 7 日

に現地に赴き，耕作物の写真の取得を行った．その結果，

耕作地の様子と栽培されている野菜等を対応付けられるよ

うにした．8 月ではトーモロコシ，紫蘇，大豆，玉ねぎ等，

9 月ではトーモロコシ，大豆，ブロッコリー，キャベツ，

レタス，ひまわり等が栽培されているのを確認した．また，

土壌が露出，又雑草だけ生えている耕作地もあった．参考

に図 2に現地調査時に撮影した大豆の写真を示す．同じ大

豆であるが，撮影場所は 8 月と 10 月で異なり，違う時期

に植えられたものである． 

解析では POLSARPRO Ver.5.0を利用し，2章で示した偏

波解析法での各耕作物の特徴を調べた．結果は，8 月と 9

月とでデータを分けて表 2，3 に示した．参考に，土壌，

雑草，ビニールハウスが占める領域の特徴も参考に示す．

各耕作物について４成分分解の表面散乱，２回反射散乱，

体積散乱の割合(%),全電力(dB:後方散乱係数に対応)，エン

トロピーH とアルファ角 を示した．また,8 月はオフナ

ディア角 25.5 度,9 月はオフナディア角 35.3 度で観測され

ており，同じ条件での観測では無い．また，データには

Lee Refined filter のスペックルフィルターを適用している．

また，４成分分解では，ヘリックス散乱の成分が弱いため，

残りの三成分で合計が 100%になるように割合の計算をし

た． 

最初に 4 成分分解法と全電力で比較してみる．8 月を見

ると土壌と大豆は，全てのパラメータでほぼ同じような結

果になり，表面散乱が強く，次に体積散乱となった．2 回

散乱は 6％程と非常に小さかった．トーモロコシは体積散

乱の割合が大きく,2 回反射散乱も大きかった．全電力の値

もビニールハウスを除くと一番高くなった．また，紫蘇と

雑草もほぼ同じような結果となり，ここでは体積散乱と表

面散乱が大きくなった．しかし全電力は雑草のほうが大き

く紫蘇は一番小さい．紫蘇は，二つの耕作領域のみで栽培

されており，サンプル数が少なくばらついた可能性があう．

次に，玉ねぎは表面散乱と体積散乱の割合がほぼ等しい．  

9 月は 8 月よりも耕作物の種類が増えている．9 月の特

性として，全体で二回散乱の割合が大きくなった．これは，

オフナディア角（近似的に入射角）が大きくなったことで，

2 回散乱が起こりやすくなったものと考えられる．土壌と

同じような特性を示したのはレタス(収穫期)とブロッコリ

ーであった．これらは，表面散乱と体積散乱で構成されて

おり，全電力も-13.9dB 前後となった．トーモロコシは 8

月に比べ体積散乱が減って，表面散乱と二回散乱の割合が

高くなっていた．また，ひまわりは，構造がトーモロコシ

と同になるためか，同じような偏波特性を示した．また,

雑草,大豆は同じような特性となっているが，表面散乱と

体積散乱で若干の差異があり，大豆は体積散乱，雑草は表

面散乱が大きかった．キャベツは，2 回散乱が一番小さく

なった． 

エントロピー・アルファ角では，8 月と 9 月の両方でエ

ントロピーが高い結果となった．これは，スペックルフィ

ルターの処理の仕方が影響したと思われる．また，アルフ

ァ角は，ビニールハウスを除いて 50 度よりも小さい値に

なっている．土壌は，8 月で 25.6 度，9 月で 36.6 度となっ

ており，入射角などが影響して変化した可能性が有る． 

以上の結果から，オフナディア角が変わることにより，

比較の土壌の偏波特性が大きく変わるため，植生のモニタ

リングでは，観測モードが同じで観測する必要があること

が解った．また，エントロピー・アルファ法よりも 4成分

分解法の方が，耕作物による変化が大きく，作物の特徴を

調べるのに適していることが解った．特に，ひまわりやト

ーモロコシでは 2回散乱，大豆や紫蘇などは体積散乱，キ

ャベツでは，2 回散乱が非常に小さくなるどの偏波特徴を

確認できた．但し，サイズが小さい苗のような作物や土壌

は同じ偏波特性，全電力の特性を示し，違いを確認できな

かった． 

 

5. まとめ 

 

この報告では，ALOS2/PALSAR2 の偏波データを用い，

植生モニタリングの可能性について，初歩的な検討を行っ

た．解析のデータには，長崎県諫早市の諫早湾大規模干拓

地の耕作地のデータを用いた．その結果，オフナディア角

や解析方法，耕作物の形態などによる偏波特徴への影響を

知ることができた．今後は，違う偏波特徴などを利用し，

データ解析を進める予定である． 
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表 2  8月の耕作物の偏波特徴 

 

4成分分解(%) 全電力 
(dB) 

Entropy 
Alpha 

(Degree)  表面散乱 2回散乱 体積散乱 

土壌 0.61  0.07  0.33  -11.33  0.59  25.64  

ビニールハウス 0.09  0.15  0.76  -3.98  0.83  50.29  

雑草 0.35  0.16  0.49  -10.08  0.77  39.42  

トーモロコシ 0.15  0.26  0.60  -7.72  0.87  48.91  

大豆 0.55  0.06  0.39  -11.54  0.65  27.33  

玉ねぎ 0.46  0.08  0.46  -9.68  0.69  31.91  

紫蘇 0.31  0.20  0.49  -13.02  0.82  42.34  

 

表 3  9月の耕作物の偏波特徴 

 

4成分分解(%) 全電力 
(dB) 

Entropy 
Alpha 

(Degree)  表面散乱 2回散乱 体積散乱 

土壌 0.42  0.14  0.44  -13.98  0.77  36.56  

土壌（表面：粗） 0.50  0.13  0.37  -12.05  0.72  33.51  

ビニールハウス 0.24  0.14  0.62  -8.11  0.82  42.78  

雑草 0.31  0.22  0.47  -12.49  0.81  43.45  

トーモロコシ 0.33  0.35  0.32  -8.92  0.73  45.92  

大豆 0.24  0.21  0.55  -10.74  0.83  44.83  

玉ねぎ 0.29  0.19  0.52  -14.23  0.84  42.46  

ひまわり 0.27  0.39  0.34  -10.52  0.80  48.77  

ブロッコリー 0.37  0.13  0.50  -14.29  0.80  38.89  

キャベツ 0.37  0.10  0.54  -12.17  0.80  37.53  

レタス（収穫期） 0.41  0.13  0.46  -13.84  0.79  38.00  

大根 0.33  0.18  0.49  -15.98  0.82  40.69  
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                      (a)                                                                                                      (b) 

図 1 ALOS2/PALSAR2による諫早中央干拓地の HH偏波画像:(a) 8月 14日観測, (b) 9月 30日観測 

                          (a)                                                                                                     (b) 

図 2 諫早中央干拓地の現地調査(大豆)の写真:(a) 8月 13日撮影, (b) 10月 7日撮影 
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ALOS2/PALSAR2の偏波データを
用いた諫早湾干拓地での農業モニ

タリングのための偏波解析

森山 敏文
（長崎大学工学研究科）

長崎大学 RA6報告書

• 研究背景

• 研究目的

• 偏波解析方法

• 解析結果

• まとめ

発表内容

長崎大学 RA6報告書

リモートセンシング： 地球表面や大気で放射，散乱，反射した様々の電磁
波を航空機や人工衛星から計測し，それを地球資源
や地球環境の観測，評価，管理などに役立てる技術

リモートセンシングの利用分野 (Application fields of remote sensing )

■ 大気圏
The atmosphere

気象(Weather)             雨(Rain), 雪(Snow)
大気(Atmosphere)       二酸化炭素(carbon dioxide)

■ 陸域
The land

土地利用モニタリング(Land use monitoring)
地図作成(Mapping), 火山活動(Volcanic activity)
砂漠化(Desertification), 森林伐採(Deforestation)
地殻変動(Diastrophism)

■ 海洋
The ocean

温度分布(Temperature distribution):エルニーニョ(El Nino)
波浪状況(High sea warning)

■ 宇宙開発
Space development

惑星探査(Planet probe)

研究背景

長崎大学 RA6報告書

衛星画像例（Googleでの光学イメージ） 衛星画像(PALSARによるマイクロ波イメージ)

光学セン
サー

マイクロ波
センサー

昼夜

(day and 
night)

昼(Daytime) ○ ○

夜(Nighttime) × ○

天候

(Weather)
晴（Fine） ○ ○

曇（cloud）
雨(Rain)

× ○
パッシブセンサー
(光学センサー)

アクティブセンサー
(マイクロ波センサー)

研究背景

長崎大学 RA6報告書

ALOS2について

PALSAR2の概要
◼ Phased Array type L-band SAR

◼ 観測モード :Spotlight/ Stripmap/ ScanSAR

◼ 偏波モード :単偏波(SP)，２偏波(DP)，４偏波(FP)，コンパクトポラリメトリ（CP）
◼ アンテナサイズ : 3m for El, 10m for Az

◼ 送信帯域 [MHz]  :14/ 28/ 42/ 84

◼ レンジ分解能 [m] :1(Az) (Spotlight)/ 3 or 6 or 10 (Stripmap)/ 100 (ScanSAR)

◼ 刈り幅 [km] : 25 (Spotlight) / 50 or 70 (Stripmap) / 350 or 490 (ScanSAR)

衛星の基本情報
◼ 打上げ日 :2014年5月24日
◼ 軌道 :太陽同期準回帰軌道
◼ 高度 :628Km

◼ 回帰日数 :14日
◼ 観測時間 :12：00(D)，0:00(A)

研究背景

長崎大学 RA6報告書

研究目的

偏波合成開口レーダ(POLSAR)の実利用の検討

長崎県でのPOLSARの利用分野の可能性：
・雲仙普賢岳などの火山観測
・農業観測（生産量全国3位以内の品種(H22年)：

びわ，じゃがいも，冬人参，春大根，春白菜）
・海洋観測

研究目的： ALOS2/PALSAR2:高分解能，フル偏波，14日回帰の可能性
⇒ 諫早湾干拓地での農地モニタリングの検討

種類，
成長，
収穫量
などの把握
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研究目的（参考）

■ Pi-SAR-X2(NICT) ■ ALOS2 /PALSAR2■ ALOS /PALSAR

航空機搭載合成開口レーダ 衛星搭載合成開口レーダ
Pi-SAR L2/X2 ALOS/PALSAR ALOS2/PALSAR2

(2012(L2)/2008(X2)～) (2006～2011) (2014～)

分解能(偏波観測) 1.76m(L-band)/0.3m(X-band) 24m 6m

観測幅(偏波観測) 10～20km 70km 40km

観測タイミング 観測イベント毎(1年に数回程度) 46日周期 14日周期 長崎大学 RA6報告書

研究目的（参考）

諫早湾干拓地について

場所：長崎県諫早市

面積：約581ha

営農計画：露地野菜,施設野菜,施設花木

諫早中央干拓地(Googleより)
(2015年8月6日前後に光学センサーで
撮影)

長崎大学 RA6報告書

偏波解析方法

様々な反射経路（Various reflection paths）
Ⅰ：葉冠（Leaf crown）からの後方散乱
Ⅱ：樹幹（Trunk）からの散乱
Ⅲ：地表と葉冠の２回反射後方散乱
Ⅳ：地表と樹幹の２回反射後方散乱
Ⅴ：地表から後方散乱

Ⅰ
Ⅱ

Ⅲ
Ⅳ

Ⅴ

Ⅰ
Ⅱ

Ⅲ
Ⅳ

Ⅴ

■ 自然地形の散乱(Natural area)

■ 偏波特性

滑らかな面
Smooth

荒い面
Rough

長い波長
Long wavelength

短い波長
Short wavelength透過

Penetration荒さ
Roughness

V

V

V

H

H

H

H

V

長崎大学 RA6報告書

偏波解析方法

Rough
surface
Rough
surface

HH HV=VH VV
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( )
hv hv hv

s d vsurface double volume
C HV f C f C f C   + +           

散乱行列

平均化共分散行列

( ), ,s d vf f f : （注目ピクセルの）特徴

Polarimetric images

Double
bounce
Double
bounce Canopy

Layer
Canopy
Layer

例えば，モデルによる電力分解
やエントロピー・アルファ解析

変換，平均化処理

長崎大学 RA6報告書

■ Covariance行列[C]の固有値展開

ユニタリー行列：


=

=
3

1i

iiiP 確率：

■ 固有値の割合から各要素の発生確率

ターゲットベクトル：
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アルファ：
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偏波解析方法

長崎大学 RA6報告書

 T Tk k=   THVVVHHVVHH SSSSS 2
2

1
−+=kCoherency行列：

偏波解析方法

(i s,d, v,h)i

s d v h

P
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=
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電力比＝
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解析結果

場所：長崎県諫早市

面積：約581ha

営農計画：露地野菜,施設野菜,施設花木

現地調査

8月13日(昼：晴)

(観測の約半日後）

10月7日(昼：晴)

(観測の一週間後)

諫早中央干拓地

(2015年8月6日前後に撮影)

長崎大学 RA6報告書

◼ ALOS2 /PALSAR2による観測(8月)

観測日時：20150813 15:11:49.398(UTC)->2015
年8月14日0時11分ごろ(JST)

観測日時：20150929 15:18:46.286 (UTC)-
>2015年9月30日0時18分ごろ(JST)

◼ ALOS2 /PALSAR2による観測(9月)

Pauli画像
(オフナディア角：25.5度)

Pauli画像
(オフナディア角：35.3度)

解析結果

長崎大学 RA6報告書

8月アルファ画像 8月エントロピー画像

■ ALOS2/PALSAR2による観測画像

9月アルファ画像 9月エントロピー画像

解析結果

長崎大学 RA6報告書

■ ALOS2/PALSAR2による観測画像

散乱モデルによる電力分解(4成分分解:G4U)による画像(左：8月,右：9月)
(2回散乱，体積散乱,表面散乱)

長崎大学 RA6報告書

■ 現地調査の様子

土壌 トーモロコシ

雑草 大豆

紫蘇

解析結果

長崎大学 RA6報告書

4成分分解
全電力(dB) Entropy Alpha(Degree)

表面散乱 2回散乱 体積散乱

土壌 0.61 0.07 0.33 -11.33 0.59 25.64

ビニールハウス 0.09 0.15 0.76 -3.98 0.83 50.29

雑草 0.35 0.16 0.49 -10.08 0.77 39.42

トーモロコシ 0.15 0.26 0.60 -7.72 0.87 48.91

大豆 0.55 0.06 0.39 -11.54 0.65 27.33

玉ねぎ 0.46 0.08 0.46 -9.68 0.69 31.91

紫蘇 0.31 0.20 0.49 -13.02 0.82 42.34

8月（25.5度）
解析結果
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長崎大学 RA6報告書

4成分分解
全電力(dB) Entropy Alpha(Degree)

表面散乱 2回散乱 体積散乱

土壌 0.42 0.14 0.44 -13.98 0.77 36.56

土壌(表面：粗) 0.50 0.13 0.37 -12.05 0.72 33.51

ビニールハウス 0.24 0.14 0.62 -8.11 0.82 42.78

雑草 0.31 0.22 0.47 -12.49 0.81 43.45

トーモロコシ 0.33 0.35 0.32 -8.92 0.73 45.92

大豆 0.24 0.21 0.55 -10.74 0.83 44.83

玉ねぎ 0.29 0.19 0.52 -14.23 0.84 42.46

ひまわり 0.27 0.39 0.34 -10.52 0.80 48.77

ブロッコリー 0.37 0.13 0.50 -14.29 0.80 38.89

キャベツ 0.37 0.10 0.54 -12.17 0.80 37.53

レタス(収穫期) 0.41 0.13 0.46 -13.84 0.79 38.00

大根 0.33 0.18 0.49 -15.98 0.82 40.69

9月（35.3度）
解析結果

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

土壌

25.5度

35.3度

解析結果

表面の粗さから
＋

耕作の方向性から

地面から

長崎大学 RA6報告書

：減る

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

土壌

25.5度

35.3度

解析結果

25.5度 35.3度
入射角

25.5度 35.3度
入射角

：変わらない

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

雑草 0.35 0.16 0.49 -10.08 0.77 39.42
(土壌) 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

雑草 0.31 0.22 0.47 -12.49 0.81 43.45

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

雑草

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

25.5度

35.3度

解析結果

多数の葉や茎から葉，地面から 茎と地面から

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

トーモロ
コシ

0.15 0.26 0.60 -7.72 0.87 48.91

(土壌) 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

トーモロ
コシ

0.33 0.35 0.32 -8.92 0.73 45.92

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

トーモロコシ

25.5度

35.3度

解析結果

Rough
surface
Rough
surface

Double
bounce
Double
bounce Canopy

Layer
Canopy
Layer

多数の葉や茎から葉，地面から 茎と地面から

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

大豆 0.55 0.06 0.39 -11.54 0.65 27.33
(雑草) 0.35 0.16 0.49 -10.08 0.77 39.42

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

大豆 0.24 0.21 0.55 -10.74 0.83 44.83

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

8月

9月

大豆

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

25.5度

35.3度

解析結果

多数の葉や茎から葉，地面から 茎が細い？
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4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

玉ねぎ 0.46 0.08 0.46 -9.68 0.69 31.91
(雑草) 0.35 0.16 0.49 -10.08 0.77 39.42

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

玉ねぎ 0.29 0.19 0.52 -14.23 0.84 42.46

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

8月

9月

玉ねぎ

25.5度

35.3度

解析結果

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

多数の葉や茎から葉，地面から 茎が短い

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ビニール
ハウス

0.09 0.15 0.76 -3.98 0.83 50.29

(土壌) 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ビニール
ハウス

0.24 0.14 0.62 -8.11 0.82 42.78

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

ビニールハウス

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

25.5度

35.3度

解析結果

愛菜ファームWebサイトから
http://aisaifarm.jp/about_farm/
index.html#outline

ビニールハウスとアジマス入射角
による偏波回転

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

紫蘇 0.31 0.20 0.49 -13.02 0.82 42.34
(雑草) 0.35 0.16 0.49 -10.08 0.77 39.42

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ひまわり 0.27 0.39 0.34 -10.52 0.80 48.77

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

紫蘇

ひまわり

25.5度

35.3度

解析結果

Rough
surface
Rough
surface

Double
bounce
Double
bounce Canopy

Layer
Canopy
Layer

多数の葉や茎から葉，地面から 茎と地面から

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ブロッコ
リー

0.37 0.13 0.50 -14.29 0.80 38.89

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

キャベツ 0.37 0.10 0.54 -12.17 0.80 37.53

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

9月

9月

ブロッコリー

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

キャベツ

35.3度

35.3度

解析結果

多数の葉や茎から葉，地面から
（葉大きい）

茎と地面から
（垂直構造物が無い）

長崎大学 RA6報告書

偏波解析のまとめ
• オフナディア角により偏波特性が大きく変化する．
• 4成分分解能で細かなターゲットの偏波特性が評価
できた．

• トーモロコシやひまわりで2回散乱が卓越していた．
• 大豆や紫蘇では，体積散乱が大きかった．
• 苗など(レタス，大豆など)の作物は，土壌と変わりない
特性となった．

解析結果

長崎大学 RA6報告書

まとめ

• ALOS2/PALSAR2による植生モニタリングの検討を
行った．

• オフナディア角が偏波特性に大きな影響を与えた．

• 波長に対する作物の大きさで，偏波特性の感度が
違った．

• 作物により，偏波特性の違いを確認できた．

今後の課題
• 機械学習などにより，偏波特性の評価
• 次回の観測と現地調査の実施
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APPLICATION OF POINT AND DISTRIBUTED TARGETS FOR PALSAR-2 

RADIOMETRIC CALIBRATION 
PI No 3310 

Alexander Zakharov1, Tumen Chimitdorzhiev2

1Kotelnikov Institute of Radioengineering and Electronics, RAS 
2Institute of Physical Materials Sciences, SB RAS 

1. INTRODUCTION

Main task of this project was to provide novel reliable 

reference targets for radiometric calibration of PALSAR-2 

instrument in a form of natural and artificial distributed 

and point objects. Special attention at the planning stage 

was put to parabolic antennas 4.7 m in diameter at Bear 

Lakes calibration site, which have shown good temporal 

stability in our previous studies with PALSAR-1. 

Since that, because of unavailability of the parabolic 

antennas at the Bear Lakes site and also rare observations 

of Moscow region with ALOS-2, we involved new 

calibration targets, which could be useful for the execution 

of the project. Among them were corner reflectors of 

Institute of Physical Materials Sciences from Ulan-Ude, 

Baikal Lake area, Russia, distributed artificial targets - oil 

platforms in Caspian Sea and natural distributed targets – 

ice covers of Antarctic, and dry soils of Atacama Desert in 

Chile. The only type of the products, level 1.1 data were 

used to calculate radar cross-section (RCS or σ) and 

normalized RCS (NRCS or σ0). It should be noted that, 

naturally, the stability of covers backscatter measured on 

SAR images is dependent on SAR operating stability also, 

but further we will talk about scattering covers stability 

only 

The report has the following structure: Section 2 contains 

CALVAL results obtained at the calibration test site 

located at the coast of Baikal Lake area equipped with 

trihedral corner reflectors. and results of analysis of the 

radiometric stability of oil platforms in Caspian Sea. 

Section 3 describes studies of radiometric stability of 

natural distributed covers of Antarctica and Atacama 

Desert, Chile. Section 4 summarizes project results. 

2. ARTIFICIAL POINT AND DISTRIBUTED

TARGETS 

2.1. Corner reflectors in Lake Baikal area 

Test site with trihedral corner reflectors having 2 meters 

leg was established in fall of 2014 especially for ALOS-2 

Cal-Val activities. The corners were pointed in each 

planned ALOS-2 session according to pointing info from 

JAXA by staff of Institute of Physical Materials Sciences 

from Ulan-Ude. The maps of the test site and image of 

corners are presented in Figs. 1 and 2. The location of the 

corners is marked in Fig. 1 with blue mark. 

Fig. 1 Test site near Boyarsk village 

 Lake is of the most interest in the study. It includes mixed 

and coniferous boreal forests, bare lands, meadows and 

pastures. A set of 12 full-polarimetric PALSAR images 

for the period from May 2006 to April 2008 was selected 

for polarimetric processing. The scene includes different 

types of land cover: two forests on flat land, mountainous 

forest, fields, meadows, waste grounds, the delta of the 

Selenga river (Baikal Lake coast, Siberia). 

Results of Cloude-Pottier polarimetric classification is in 

the Table 1. There are two surface scattering mechanisms 

classes in the classification result maps (with low and 

medium entropy), two dipole classes (with medium and 

high entropy) and two double-bounce classes (with  

Fig. 2 PALSAR-2 image of 2 corner reflectors 

The results of the corners RCS measurements are 

presented in the Table 1. 

Table 1. RCS, dBm2 of corners at Boyars test site 

ALOS-2 session relative 

number 

Pixel 

number 

RCS1 RCS2 

1 502 29.21 28.92 

2 7358 30.14 32.02 

3 7365 30.58 30.24 

4 509 29.79 28.88 

Our measurements show that corners RCS values in 

PALSAR-2 images are about 05.-1 dB below theoretical 

31 dBm2 value in mid of image line (antenna pattern 

center). Corners RCS values are about 1.2 – 2 dB below 

theoretical 31 dBm2 value in the beginning of image line 

(edge of antenna pattern). 

Final Report on the 6th ALOS-2 Research Announcement 
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2.2 Oil platforms in Caspian Sea 

 

Oil platform are huge complex structures. Size of typical 

platform in Oil Stones oil exploration and production area 

near Baku city, Azerbaijan, is about 80*100 m. 22 

PALSAR images obtained at HH polarization during 4 

years’ observation interval were used to conduct analysis 

of 200 oil platforms stability. SLC SAR image of a cluster 

of platforms in Caspian Sea is given in Fig. 3. 

The platforms RCS was integrated in a window 20*80 

pixels (20 pixels in range and 80 pixels in azimuth. The 

RCS of one of the most stable platforms at HH 

polarization is 38.4 dBm2, the scattering stability is 0.38 

dB (see Fig. 4). 

 

 

Fig. 3 PALSAR-1 image of a cluster of platforms in 

Caspian Sea 

It should be noted that the platform backscatter level is 

independent on the season of the year; it is the same in 

different meteorological conditions (wind roughness of 

sea surface) and different slant range resolutions. Similar 

results were obtained for the cross polarized data, not 

presented here, though the backscatter level for the 

platforms is 8-10 dB lower. 

 

 

Fig. 4 RCS of typical oil platform with stable 

backscatter at PALSAR-1 HH polarization 

The distribution of platforms with respect to their 

backscattering stability is presented in Fig. 5. We can see 

that about 80 platforms have the stability better than 0.6 

dB both at HH polarization [1]. Somewhat worse results 

were obtained in analysis of PALSAR-2 data (see Fig. 6). 

Such a unique year-round scattering stability of the oil 

platforms in the sea environment is provided, obviously, 

thanks to the fact the Oil Stones area in Caspian Sea is sea 

ice free during the winter, and radiophysical properties of 

metal constructions as well as water surface do not change 

all the year around. The images analyzed above were 

obtained in similar observation geometry taking in mind 

satellite subsurface trace orientation and SAR signal 

incidence angle. 

 

 

Fig. 5 Distribution of 200 oil platforms with respect to 

scattering stability at PALSAR-1 HH polarization 

 

Fig. 6 Distribution of 200 oil platforms with respect to 

scattering stability at PALSAR-2 HH polarization 

To demonstrate PALSAR-1 – PALSAR-2 intercalibration 

possibility we used L-band SAR images of Oil Stones 

exploration and production area obtained in similar 

geometry conditions: RCS of 104 potentially stable 

platforms (with RCS standard deviation below 0.7 dB) 

was measured on PALSAR-1 and PALSAR-2 images 

acquired in similar observation conditions. An agreement 

of RCS values, the RCSs difference between PALSAR-1 

and PALSAR-2 measurements may be seen in Fig. 7. An 

interesting feature seen here is about 0.4 dB systematic 

excess of PALSAR-1 results.  

 

Fig. 7 RCS difference between PALSAR-1 and 

PALSAR-2 HH measurements for 104 oil platforms 
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According to PALSAR-1/2 data analysis conducted, oil 

platforms in Caspian Sea being observed in the year-round 

ice free conditions may be considered as acceptable 

targets for L-band SAR radiometric calibration and 

intercalibration provided the observations are made in 

repeated observation geometry. Similar analysis of 

platforms RCS stability was made with Sentinel-1 data 

and the results were worse because of higher effect of sea 

surface clutter on the signal power integrated in 

predefined window [2]. 

 

3. NATURAL DISTRIBUTED TARGETS 

 

3.1. Atacama Desert 

 

Amazon rain forest is well-known and de facto reference 

area for the calibration of spaceborne SAR operating in 

various frequency bands [3]. Thanks to permanently high 

humidity because of almost all the year rainy weather with 

2300 mm level of annual precipitations and stable air 

temperature 27-280 the area is attractive target for SAR 

calibration and intercalibration. In our study two other 

distributed areas in regions with stable environmental 

conditions were analyzed from a point of view of their 

scattering stability also. Among them an area in Atacama 

Desert, Chile, and surface of Lake Vostok located in high 

latitudes of Antarctic. The only type of SAR data used for 

the analysis of backscattering stability of all the natural 

distributed targets was level 1.1 L-band PALSAR-1 and 

PALSAR-2 data. 

Atacama Desert is hot and permanently dry region in 

Chile, characterized by low (below 1 mm per year) level 

of annual precipitations and permanently positive (19-200 

in summer and 13-140 in winter) air temperature. This 

highland area is isolated with to mountain belts – Andes 

on the East and Chilean coastal range on the west. These 

high mountain belts prevent moisture transport from either 

the Pacific or the Atlantic Ocean. Almost only kind of 

precipitations in Atacama for many years is water 

condensation from fogs because of fog adherence to the 

needles or leaves of trees or other objects on mountains or 

hills slopes.  For the test area in Antofagasta province we 

have chosen adjacent PALSAR frames No 6730 acquired 

from observation paths 101-103 (see Fig. 8). Owing to 

that, comprehensive dataset describing stability of desert 

covers within entire longitudinal belt covering 

Antofagasta province from Andes Range slopes to Pacific 

coast could be analyzed. 

A stack of about 17 observations made by PALSAR-1 in 

2006-2011 was formed for each frame shown in Fig 8. All 

the SAR scenes were coregistered and averaged in 50*50 

pixels window (in the case of FBS mode of observations), 

then the NRCS mean and standard deviation (SD) was 

calculated for each time series for the 50*50 pixels areas. 

Figs. 9-11 below demonstrate maps of mean NRCS value 

(left images) and SD or stability (right images) of desert 

covers backscatter. On the maps of SD black color 

corresponds to zero SD, and white color corresponds to 1 

dB SD. 

 

 

Fig. 8 Coverage of Atacama Desert with frame 6730 

from PALSAR-1 observation paths 101-103 

   

Fig. 9 Mean and SD of NRCS backscatter within the 

frame 6730, path 101, PALSAR-1 

  

Fig. 10 Mean and SD of NRCS backscatter within the 

PALSAR-1 frame 6730, path 102 

  

Fig. 11 Mean and SD of NRCS backscatter within the 

PALSAR-1 frame 6730, path 103 

Most stable area, black spot on the map of SD in Fig. 9, is 

marked with red arrow. That is a plain vegetation-free 

area with relatively high backscatter, which is located to 

the left from Calama city, seen as bright trapezoidal spot 

on the left image of Fig. 9. The most unstable (bright) 

feature on the SD map above the arrow is a cluster of 
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settling ponds belonging to nearby copper mines. More 

isolated and smaller stable areas may be found also on SD 

map on Fig. 9, as well as in Figs. 10-11, but domination of 

rugged terrain with prominent heights variations is a 

reason of SAR backscatter instability because of soil 

moisture and vegetation variations on the hills slopes (see 

multitude of bright curved lines and spots on SD maps in 

Figs. 9-11, 12). 

Plot of NRCS of plain area temporal behavior near 

Calama city (marked with red arrow in Fig. 9) is shown in 

Fig. 12. The data from 12 PALSAR-1 observations 

presented on the plot were averaged in 500*500 pixels 

window. NRCS mean value here is -9.1 dB, SD is 0.2 dB. 

 

 

Fig. 12 NRCS of plain area near Calama city, dB, 

according to PALSAR-1 

Similar maps, constructed using PALSAR-2 observations 

in 2014-2019, are presented in Fig. 13. Plot of NRCS 

temporal behavior for the same area near Calama city, 

marked with arrow 1, is shown in Fig. 14. NRCS mean 

value here is -9.5 dB, SD is 0.54 dB. A remarkable feature 

here is also obvious 0.4 dB excess of PALSAR-1 NRCS 

measurements compared with PALSAR-2. 

  

Fig. 13 Mean and SD of NRCS backscatter within 

PALSAR-2 frame 6730, observation path 31 

The NRCS temporal behavior of most stable area to the 

South-East from Sierra Gorda and Mina Spence 

settlements, marked with red arrow 2 in Fig. 13 above, is 

shown in Fig. 15. The NRCS samples were also estimated 

in 300*300 pixels window and presented here in a form of 

temporal plot. NRCS mean value here is -17.1 dB, SD is 

0.19 dB. 

Atacama Desert covers (predominantly plain 

homogeneous ones) may be considered as stable reference 

scatterers, what may be explained by permanently hot and 

precipitation-free environmental conditions here.  

 

Fig. 14 NRCS of plain area near Calama city, dB, 

according to PALSAR-2 observation path 31 
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Fig. 15 NRCS most stable area near Sierra Gorda and 

Mina Spence, dB, according to PALSAR-2 

3.2. Lake Vostok ice surface 

 

The most attractive surface feature for the purposes of our 

study, probably, is Lake Vostok located in high latitudes 

of Antarctica. On the flat surface of the Lake covered with 

4 km ice layer there is no any visible manifestation of the 

bottom topography. Extremal weather conditions with 18 

mm annual precipitations and air temperature -650 in 

winters and -350 in summers are common here. 

PALSAR-1 scenes with scene center latitude -77.50 S, 

scene center longitude 105.50 E (frame 5420, path 601) 

were used at earlier stage of our calibration study. As in 

the case of Atacama studies, all the SAR scenes available 

from JAXA archive were coregistered and averaged in 

50*50 pixels window, then the NRCS mean and standard 

deviation (SD) were calculated for each time series of the 

50*50 pixels areas. Fig. 16 below demonstrates maps of 

mean NRCS (left images) and SD of the Lake covers 

backscatter derived from analysis of 15 SAR scenes. On 

the SD map black color corresponds to zero SD, and 

white color corresponds to 0.5 dB SD, as opposed to the 

SD maps of Atacama. 

The topography of coastal hills is clearly seen on the lake 

western bank, in the upper left corner. White line between 

the hills is the road of sledge-track trains connecting 

Vostok station with Molodezhnaya station on the 

Antarctic coast. According to SD map, the stability of the 

ice covers backscatter is better than 0.3 dB in average. 

1 

2 
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Plot of NRCS temporal variations according to 15 

PALSAR observations is presented in Fig. 17. NRCS 

mean value is -17.7 dB here, and SD is 0.19 dB. 

Monotonous decrease of NRCS in range (from left to 

right) discovered in all the scenes being analyzed reaches 

1.2 dB and may be approximated by cos4 law. 

 

  

Fig. 16 Mean and SD of NRCS backscatter within 

PALSAR-1 frame 5420, observation path 601 

 

Fig. 17 NRCS of Lake Vostok surface, dB according to 

PALSAR-1 

According to polarimetric decomposition of the only 

polarimetric PALSAR-1 scene acquired on 20090614, 

total domination of surface-like type of backscatter with 

moderate entropy is typical for the area. There is 1.5 dB 

excess of VV backscatter over HH. Co-pol phase 

difference equals to 200, what may be explained by 

presence of thin ice cylinders below snow covers, what is 

similar to observations and conclusions made in [4]. 

PALSAR-2 RA6 AO provided more data for the analysis 

of Lake Vostok covers radiophysical properties. Temporal 

series of PALSAR-2 scenes acquired from paths 173-179 

were selected from archives, processed, and stability of 

Lake Vostok covers was analyzed. Fig. 18 below 

demonstrates maps of mean NRCS value (left) and SD 

(right) of the Lake covers derived from series of scenes 

with frame number 5420, path 173. Again, white color on 

SD map corresponds to 0.5 dB backscatter stability. 

SAR observations of PALSAR-2 mission confirm high 

and uniform stability (below 0.3 dB) of the Lake ice 

covers. Plot of NRCS temporal behavior for the 500*500 

pixels area is shown in Fig. 19. NRCS mean value here is 

-14.9 dB, SD is 0.14 dB. 

 

  

Fig. 18 Mean and SD of NRCS backscatter within 

PALSAR-2 frame 5420, observation path 173 
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Fig. 19 NRCS of Lake Vostok surface, dB, according 

to PALSAR-2 observation path 173  

An example of corrupting effect of meteorology on SAR 

measurements may be seen in Fig. 20, where a series of 

NRCS measurements from observation path 175. 
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Fig. 20 NRCS of Vostok Lake surface, dB, according 

to PALSAR-2 observation path 175 

Fig. 21 demonstrates plot of NRCS measurements made 

from neighboring path 174. There is no similar NRCS 

deviation on the date 20200830.  Impressive ~1.5 dB raise 

of NRCS in datatake 2020904 from track 175 may be 

explained by meteorological events in a form of snowfall. 

Snow blizzards were reported by local Vostok 

meteorological station in early September 2020. 

Antarctic covers demonstrate in general outstanding 

temporal stability of NRCS, though there is usually 2-3 

dB spatial variation of NRCS across the PALSAR-1/2 

standard image frame. Main reason of the Antarctic covers 

scattering stability is low level of annual precipitations 

and permanently cold air temperatures, 

about -200…-600 C.  
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Fig. 21 NRCS of Vostok Lake surface, dB, according 

to PALSAR-2 observation path 174 

 

4. CONCLUSION 

 

A main task of the project, an application both well-

known and new reference targets for radiometric 

calibration of PALSAR-2 in a form of natural and 

artificial stable objects was accomplished. PALSAR-2 

absolute calibration was conducted with a help of trihedral 

corner reflectors and in a form of PALSAR-2 

intercalibration with PALSAR-1 using distributed stable 

scatterers like as oil platforms in Caspian Sea. Oil 

platforms in Caspian Sea were discovered to be 

acceptable targets for monitoring the spaceborne SAR 

stability – among the 200 platforms investigated about 80 

platforms according to ALOS PALSAR data show yearly 

backscattering stability better than 0.6 dB with typical 

RCS 38 dBm2. The same platforms show 0.2-0.3 dB 

worse stability on PALSAR-2 images. The platforms RCS 

difference between PALSAR data and PALSAR-2 data is 

about 0.4 dB, what may mean underestimation of 

PALSAR-2 RCS measurements compared to PALSAR-1. 

A number of new stable scatterers to be used for 

radiometric calibration were investigated. Among them 

are ice covers of Antarctic and dry soils of Atacama 

Desert in Chile. NRCS best stability of distributed targets 

in Atacama Desert and Lake Vostok being discussed is 

about 0.14-0.54 dB, as was shown in analysis of ALOS-

1/2 SAR image series. Some images of the Lake Vostok 

area may be affected by meteorological events leading to 

an increased backscatter (rare but strong snow blizzards?). 

Comparison of PALSAR-1 and PALSAR-2 NRCS 

measurements in Caspian Sea and Atacama Desert show 

0.4 dB difference. 

In general, areas studied during the project 

implementation may be used for the monitoring of 

spaceborne L-band SAR stability, though there may be 

spatial variations of the distributed surfaces NRCS. 
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1. INTRODUCTION

The ionosphere, extending from ~60 to 1,000 km above the 
earth's surface, is an important part of the solar–terrestrial 
space environment [1]. To better understand and 
characterize the ionosphere, it is necessary to observe the 
ionospheric parameters such as total electron content 
(TEC) and three-dimensional electron density [2]. Several 
methods and models have been developed to observe these 
parameters, such as global navigation satellite system 
(GNSS) [3]; constellation observing system for 
meteorology, ionosphere, and climate (COSMIC) [4]; 
ionosonde [5]; incoherent scattering radar (ISR) [6]; 
coherent scattering radar [7]; and International Reference 
Ionosphere (IRI) model [8]. However, a challenge to the 
current methods and models is the low spatial resolution, 
leaving it difficult to analyze the ionospheric spatial 
variations [9]. 
As an advanced space observation technique, synthetic 
aperture radar (SAR) imagery has demonstrated its 
potential in mapping the high-spatial-resolution 
ionospheric parameters [10]. When SAR signals travel 
through the ionosphere, they interact with the electrons and 
the magnetic field with the result that additional time delay, 
phase advance, and polarization changes are produced [11]. 
By means of this phenomenon, the ionospheric parameters 
can be estimated from SAR and SAR interferometry 
(InSAR) observations [12]. Meyer et al. successfully 
developed a method to map the TEC distribution by using 
SAR interferograms [13]. This method exploited the 
differences in sign between range group and phase delays 
caused by the ionosphere. According to the relationship 
between Faraday rotation (FR) angle and ionosphere, Pi et 
al. mapped the vertical TEC (VTEC) distribution from the 
Advanced Land Observation Satellite (ALOS) full-
polarimetric SAR images [14]. Ji et al. improved the 
procedure of the FR angle estimation through establishing 
a trans-ionospheric wave propagation model [15]. Rosen et 
al. proposed an ionospheric estimation method based on a 
multifrequency split-spectrum processing technique [16]. 
This method exploited the dispersive nature of radar 
signals in estimating the ionospheric signals.  
Although intensive research of retrieving the ionospheric 
parameters from SAR and InSAR has been carried out, 
most of it is centered on the one- or two-dimensional 
ionospheric parameter. Retrieval of three-dimensional 
ionospheric electron density from SAR and InSAR has not 
been well-studied. Based on this background, the aim of 

this article is to develop an efficient method to map the 
high-spatial-resolution three-dimensional ionospheric 
electron density. For this, a method of combing of 
polarimetric SAR and IRI model is proposed in this study.  

2. METHODOLOGY

The proposed method is composed of three steps: first, the 
FR angle is calculated from the full-polarimetric SAR 
images; then, the high-spatial-resolution VTEC map is 
estimated from the calculated FR angle; finally, the three-
dimensional ionospheric electron density is reconstructed 
by using the SAR-derived VTEC and IRI-derived electron 
density.Figure 1 shows the flowchart of the proposed 
method to map the high-spatial-resolution three-
dimensional electron density. 

Figure 1. The flowchart of the proposed method. 

According to Bickel , FR angle Ω can be calculated by [17]: 
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Once the FR angle is determined, SAR-derived VTEC is 
calculated by [18]: 

ϕθ seccos102.365 0
4

2

B
fVTEC
××

Ω=
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IRI can provide of global ionospheric parameters, such as 
ionospheric electron density. With electron density, the 
IRI-derived VTEC is calculated by: 

∑
=

=
max

min

)(
H

Hh
IRI hNVTEC (3)

 Ne(h) is the electron density at an altitude of h km. After 
we get SAR-derived VTEC and IRI VTEC, the corrected 
electron density could be obtained through combing of 
SAR-derived VTEC and IRI model: 

Final Report on the 6th ALOS-2 Research Announcement 

272



IRI

SAR

VTEC
VTEC

hNhN ×= )()(ˆ (4)

where )(ˆ hN is the corrected electron density at an altitude
of h km.After this operation, the improved high-spatial-
resolution three-dimensional ionospheric electron density 
is mapped. 

3. EXPERIMENT AND ANALYSIS

Two L-band full-polarimetric ALOS-1/Phase Array L-
band SAR (PALSAR) images acquired on August 6, 2010, 
and March 31, 2011, are collected in this experiment.  
Table 1 shows the parameters of these SAR images. 
Additionally, ISR-derived electron density data at SAR-
acquired time are collected from Poker Flat Incoherent 
Scatter(PFISR) system with purpose of validating the 
corrected electron density. 

Table 1. Parameters of synthetic aperture radar (SAR) 
data in this study. 

Figure 2A represents the spatial distributions of estimated 
FR angles on August 6, 2010. The statistics show that the 
mean value and standard deviation of FR angles are, 
respectively, 2.6° and 0.28° in Figure 2A. The small 
standard deviation suggests the absence of severe 
fluctuation of FR angles in space and relative quiet FR 
distribution over the study area. Because the system-
dependent terms and noise have been calibrated and 
mitigated, the estimated FR angles in Figure 2A are 
primarily introduced by the ionosphere. Therefore, the 
relative quiet ionospheric activities are shown at the SAR-
acquired time on August 6, 2010. However, careful 
inspection indicates that the subtle fluctuation appears in 
the lower-middle part of Figure 2A, which is clearly shown 
by the green line in Figure 2C. According to FR estimation 
theory in Estimation of the FR Angle From SAR Images, 
the FR may be affected by the calibration errors, such as 
inaccurate channel imbalance, crosstalk terms, additional 
noise, and backscatter characteristics of the imaged surface. 
In this case, the observed FR fluctuation in Figure 2A is 
considered to be related with the backscatter characteristics 
of the imaged surface through comparing the estimated FR 
distribution and ground surface types. 
Figure 2B represents the spatial distributions of estimated 
FR on March 31, 2011. Compared to Figures 2A,B shows 
the smaller FR angles, where the mean value and standard 
deviation are, respectively, 1.9° and 0.19°. The smaller 
FR angle in Figure 2B may be related with the solar activity 
because it is ~10 o'clock in the evening at local time on 
March 31, 2011, whereas it is ~12 o'clock in the daytime at 
local time on August 6, 2010. It is similar with Figure 2A 
that the small standard deviation is observed in Figure 2B, 
indicating the relative quiet ionospheric activities at the 
SAR-acquired time on March 31, 2011. However, the FR 
gradient is observed in Figure 2B, which is clearly shown 
by the gray line in Figure 2C. Considering the gradient is 
varied with the latitude, we think the variations in Figure 
2B are related with the geographical latitude. 

Figure 3. The SAR-derived FR angle maps on August 
6, 2010 (A), and March 31, 2011 (B), where the FR 
angle profile along the lines a-a′ of (A) and b-b′ of 
(B) is shown in (C).

Once FR angles are determined, the SAR-derived VTEC 
maps can be generated.  The final SAR-derived VTEC 
maps on August 6, 2010, and March 31, 2011, are shown 
in Figure 3.Figure 3A presents the spatial distributions of 
VTEC on August 6, 2010. It is observed that Figure 3A 
shows the similar spatial pattern with Figure 2A, 
suggesting that the geomagnetic field has little effect on the 
VTEC spatial variations. The statistics show that the mean 
value and standard deviation are, respectively, 6.3 and 0.67 
TEC unit (TECU) in Figure 3A. The small standard 
deviation indicates the quiet ionospheric condition, which 
is sometimes known as the background ionosphere. The 
maximum VTEC in Figure 3A is ~6.7 TECU, which is 
located at the lowest latitude of SAR coverage. The 
minimum VTEC is ~6.2 TECU, which is located at lower-
middle part of Figure 3A. The light blue line in Figure 3C, 
recording the VTEC values along the line aa' of Figure 3A, 
shows the ionospheric spatial variations along the latitude. 
It is found that the ionospheric activities display somewhat 
gradient and fluctuation in space. 
Figure 3B presents the spatial distributions of VTEC on 
March 31, 2011. The mean value and standard deviation in 
Figure 3B are, respectively, 4.5 and 0.46 TECU, both of 
which are smaller than Figure 3A. These differences are 
due to the different imaging time for SAR observation. The 
small standard deviation indicates the background 
ionospheric condition over study area at the SAR-acquired 
time on March 31, 2011. The maximum and minimum 
VTEC are, respectively, 5.2 and 4.6 TECU, which are, 
respectively, located at the high and low latitude of SAR 
coverage. The prominent gradient is observed from the 
light brown line in Figure 3C, which records the VTEC 
values along the line b-b′ of Figure 3B. As analyzed in 
the last section, this gradient is related with the 
geographical latitude. 
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Figure 4. High-spatial-resolution three-dimensional 
ionospheric electron density on August 6, 2010, by 
combing of polarimetric SAR and IRI model, where 
cross circles represent the electron density at center of 
images. 

 
Figure 5. High-spatial-resolution three-dimensional 
ionospheric electron density on March 31, 2011, by 
combing of polarimetric SAR and IRI model, where 
cross circles represent the electron density at center of 
images. 

Figures 4, 5 show the corrected three-dimensional 
ionospheric electron density maps on August 6, 2010, and 
March 31, 2011.Figure 4 presents the ionospheric electron 
density at 100, 200, 300, 400, 500, 600, and 700 km above 
the ground on August 6, 2010. It is observed that the 
electron density increases followed by a decrease with the 
decreasing altitude and has a peak value of 

310 /1024.6 mele×  at an altitude of 238 km. Figure 5 
presents the ionospheric electron density at 100, 200, 300, 
400, 500, 600, and 700 km above the ground on March 31, 
2011. Compared with Figure 4, the similar variation is 
presented in Figure 5: the electron density increases 
followed by a decrease with the decreasing altitude. 
However, the difference between them is that the 
maximum of electron density in Figure 5 is 

310 /1022.2 mele× at an altitude of 306 km. The Figure 
6 presents the electron density along the lines a-a ′ 
(marked in Figure 3A) and b-b′ (marked in Figure 3B). 

 
Figure 6. Profiles of electron density along the lines a-a′ 
of Figure 4A and b-b′ of Figure 4B at the different 
altitude on August 6, 2010 (A), and March 31, 2011 (B). 

Compared with the VTEC profile, it is found that the 
electron density in Figure 6 presents the similar variation 
pattern with the lines in Figure 3C. 
 
4. THE COMPARISONS OF ELECTRON DENSITY 

FROM ISR, IRI, AND PROPOSED METHOD 
 
In order to validate the results, the electron densities from 
ISR, IRI, and proposed method are compared, as shown in 
Figure 7. 

 
Figure 7. The comparisons of electron density from ISR, 
IRI, and proposed method at SAR-acquired time on 
August 6, 2010 (A), and March 31, 2011 (B). 

Figure 7A shows the comparisons of electron density from 
ISR, IRI, and proposed method on August 6, 2010. It is 
observed that the electron density is consistent in shape and 
F2-layer peak height (hmF2) among ISR, IRI, and 
proposed method. For the shape, they present the 
increasing electron density followed by a decrease with the 
decreasing altitude. For the hmF2, the peak electron 
density is concentrated at an altitude of 238 km. 
Comparisons of the magnitude of electron density at 
different altitude suggest that IRI is close to ISR at most 
altitude except the around the altitude of hmF2, where the 
maximum difference of 310 /103.55 mele× is observed. 
We think this inconsistency is mainly due to the lack of 
enough underlying database for IRI to calculate the 
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electron density. Further comparisons of the electron 
density between proposed method and ISR at different 
altitude show that this inconsistency is mitigated, 
particularly around the altitude of hmF2. The statistics 
shows that the standard deviation of the differences 
between ISR and IRI in Figure 7A is about 

310 /1013.2 mele× , whereas this value is decreased to 
310 /101.01 mele× for the differences between ISR and 

proposed method. It means that the standard deviation 
decreases by approximately two times compared to those 
before the correction, demonstrating the reliability of the 
proposed method. 
Figure 7B shows the comparison of electron density from 
ISR, IRI, and proposed method on March 31, 2011. It is 
similar with Figure 7A that the shape of electron density is 
approximately consistent among ISR, IRI, and proposed 
method. However, inconsistent hmF2 of electron density is 
observed in Figure 7B: the hmF2 is ~306 km for IRI and 
proposed method, whereas this value is ~289 km for ISR. 
The reason of same hmF2 between IRI and proposed 
method is that IRI is involved in the electron density 
estimation of proposed method. The inconsistent hmF2 
between IRI and ISR may be due to the lack of enough 
underlying database for IRI empirical model. The standard 
deviation of the differences between ISR and IRI is ~

310 /103.95 mele× , whereas this value is decreased to
310 /102.68 mele× between ISR and proposed method. 

Approximately 1.5 times' decreases of standard deviation 
demonstrate the reliability of the proposed method. 
However, the improvement of electron density estimated 
by proposed method in Figure 7B is not significant as 
Figure 7A. We think this phenomenon may be caused by 
the inaccurate hmF2 from IRI model. Therefore, the hmF2 
is also an important parameter when using the proposed 
method to estimate the electron density. 
 

5. CONCLUSIONS 
 
There are the difficulties in obtaining the high-spatial-
resolution VTEC and three-dimensional electron density 
for the current methods and models. In this situation, this 
article presents an efficient method to retrieve the high-
spatial-resolution VTEC and three-dimensional 
ionospheric electron density by combing of the full-
polarimetric SAR and IRI model. For the performance test, 
two L-band ALOS/PALSAR full-polarimetric SAR 
images over Alaska regions are processed. Based on this 
study, the following conclusions are summarized: 
(1) The VTEC distribution with high spatial resolution is 
successfully mapped from the full-polarimetric SAR data. 
In this study, the high-spatial-resolution VTEC distribution 
at SAR-acquired time is estimated from the FR angles, 
which help us better characterize the ionospheric spatial 
variation. 
(2) Three-dimensional ionospheric electron density is 
successfully reconstructed by combing of the full-
polarimetric SAR and IRI model. International Reference 
Ionosphere–derived electron density is corrected by the 
SAR-derived VTEC. When comparing with the electron 
density derived from PFISR system, it is found that the IRI-
derived electron density is obviously improved, where the 
standard deviations of differences between PFISR and IRI 
decrease, respectively, by ~2 and 1.5 times compared to 

those before the correction, demonstrating the reliability of 
the developed method in reconstructing the three-
dimensional ionospheric electron density. 
Although the reliability of the proposed method has been 
proven by experiments, there are still two limitations. The 
first is the FR estimation error due to the inaccurate SAR 
calibration parameters, such as channel imbalance f1 and 
f2; crosstalk terms δ1, δ2, δ3, and δ4; additional noise 
N, as well as backscatter characteristics of the imaged 
surface. Because the SAR-derived VTEC is derived from 
the estimated FR, this error will inevitably introduce bias 
in the three-dimensional electron density reconstruction. 
The second is the three-dimensional electron density 
estimation error due to the inaccurate ionospheric 
parameters, such as hmF2 and E-layer parameters. 
Reconstructed electron density on March 31, 2011, is not 
as good as the result on August 6, 2010, which is mainly 
attributed to the inaccurate hmF2. Therefore, future 
research is needed in overcoming these limitations. 
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1. INTRODUCTION

Measurement of surface velocity field due to tectonic 

deformation provides an important constraint in 

geodynamic models, and a method to improve the 

evaluation of earthquake potential. The increase in spatial 

and temporal coverage of geodetic images such as those 

provided by Interferometric Synthetic Aperture Radar 

(InSAR) motivates us to better quantify the evolution of 

tectonic deformation and strain accumulation associated 

with crustal faulting. The east boundary fault system of 

Sichuan-Yunan block composed of the Anninghe fault, 

Zemuhe fault and Xiaojiang fault, is a major active tectonic 

feature in the southeastern margin of the Tibetan Plateau, 

connecting the active Xieshuihe fault in the north. It is 

dominated by left-lateral strike slip faulting. The Zemuhe 

fault locates at a complicated geological structure zone in 

the whole east boundary fault system, where the striking of 

the fault changed from the generally north to the N30°W, 

the slip rate (3-6mm/a) [1] is smaller than the one on the 

Xiaojiang fault (~10mm/a) [2] to the south and Xieshuihe 

fault (>10mm/a) [3-5] to the north, and two M7.5 

earthquakes ever happened since 1500. The Daliangshan 

lied about 40km northeast of the Zemuhe fault zone, 

accommodates partially the eastwards movement of the 

Xieshuihe fault, which further increases the complexity of 

the regional motion.  

With the launching of ALOS-2 satellite, L-band PALSAR-

2 onboard provide us a good opportunity to carry out 

tectonic deformation observation with fine resolution in 

those heavily vegetated area like Sichuan-Yunan block 

area. We seek to use PALSAR-2 data acquired between 

2014 and 2021 to map an overall picture of the deformation 

velocity and strain fields across the whole Zemuhe-

Daliangshan fault zone, which provide detailed constraints 

both on the slip rate of each segment and on the temporal 

and spatial evolution of the strain accumulation over the 

period the data spanned, examining the behavior of the 

fault movement, and looking for changes in the rates of 

movement on them. Sparse GPS and geological data are 

not detailed enough to fully answer these questions. InSAR 

provides a density of coverage not possible with GPS and 

geological data available. 

2. METHOD

2.1 SBAS-InSAR with Atmospheric-Corrected 

Interferograms 

The detection of slow interseismic motion using InSAR 

requires a combination of multiple radar images over an 

extended time period to reduce the atmospheric, temporal 

decorrelation and topographic impacts, and improve the 

signal-to-noise ratio. Firstly, a small-baseline 

interferogram network is constructed, and traditional 

interferometric processing from co-registration to 

unwrapping is carried out for each interferometric pair. 

Because the amount of interseismic deformation is subtle, 

atmospheric and orbital correction should be conducted for 

each interferogram before SBAS inversion if it is necessary. 

Network for small-baseline 
interferometric pairs

Muti-temporal interferograms

Atmospheric 
correction?

GACOS correction

Orbital 
correction?

Orbital model test, 
fitting and correction

SBAS inversion

Deformation velocity and time 
series

Yes

No

Yes

No

Fig. 1 Flowchart of InSAR data processing 

As for atmospheric effect, GACOS (Generic Atmospheric 

Correction Online Service for InSAR), a newly published 

numerical weather model, is used to remove the stratified 

tropospheric signal in interferograms. Orbital and 

ionospheric correction is another crucial issue for 
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improving observation accuracy, due to their strong 

coupling with long-wavelength component of tectonic 

deformation. A linear or quadratic model is tested to 

determine the appropriate model for different satellite data. 

Then, a trend is fitted and removed from the GACOS-

corrected interferograms, using only phase measurements 

30 km or further from the fault on both side to avoid the 

effect of the near-fault gradient in ground deformation. 

After the atmospheric and orbital corrections, residual 

interferograms are inverted to estimate the deformation 

time-series and velocity using SBAS method (Fig. 1). 

 

2.2 Velocity and Strain-Rate Field Inversion from 

InSAR and GPS 

A variety of algorithms have been developed to invert 

geodetic data for strains. The traditional subnetwork 

methods (e.g. [6-7]) usually generate discontinuities of the 

strain estimates at the subnetwork boundaries. The 

geostatistical methods can tackle the discontinuity problem. 

However, they assume that the deformation field is 

isotropic and homogeneous, and the accuracy and 

reliability often depends on the spatial distribution of the 

data (e.g. [8–11]). The physics-based models were 

developed to estimate the elastic and inelastic strain fields 

from geodetic data (e.g., [12-13]). Shen et al. [14–16] 

developed a series of algorithms to model strains with 

reasonable weighting and smoothing function optimally 

determined from observation data, which works well with 

unevenly distributed data, and can deal with the nonelastic 

strain accumulation caused by fault creeping in the upper 

crust. The method in Shen et al. [16] was used in our study. 

We realized Shen’s method in a spherical coordinate 

system due to our big study area. Considering the high 

spatial coverage of InSAR velocity map, an irregular grid 

that discretized the study area based on the location of fault, 

is used in InSAR and GPS inversion, which allow us 

capture the strain variations near the fault. 

For each node of the grid, its unknown vector can be related 

to the 3D velocity of its surrounding GPS observations by 

the following model: 

GPS GPSu A l                                                      (1) 

Where, GPSu is the vector of GPS observation, l  is the 

unknown vector of the displacement, strain, and rotation on 

each node of the grid, and GPSA  is the design matrix.  

For InSAR observations, the observation equation can be 

established as: 

los losu A l
                                                           (2) 

where， losu  is the vector of InSAR observation， losA  is 

the design matrix. InSAR LOS velocity can be written by 

using 3D deformation components (Figure S2) as follow: 

 cos sin sin sin coslos
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Then the design matrix  losA  can be calculated by GPSA  

as: 

cos sin sin sin=( )coslos GPSA A           (4) 

where  is the azimuth angle of InSAR, and   is the 

incidence angle. 

Finally, the joint observation equations for GPS and InSAR 

can be formed as: 

u Al                                                                (5) 

A least-squares solution can be resolved in the form of 
' 1 1 ' 1( )T Tl A C A A C u                                   (6) 

Where, 
'C is the weighting factor, which is constructed by 

the covariance matrix C  multiplying a weighting function

G . G accounts for the distance and spatial coverage 

dependency between the unknown point and observation 

points (see Shen et al. [16] for details) 

 

3. RESULTS 

3.1 InSAR Velocity Field 

We collected 10 ALOS-2 PALSAR strip images on 

descending Path 38 up to now, which covers the Zemuhe-

Daliangshan fault zone. Interferometric data spans the 

2015-2018 period. Contributing to the long wavelength of 

L band and small spatial baseline of ALOS-2, the 

cohenrence can be maintained very well on those 

interferograms with 3-4 year of time space, even in our 

study area which is heavily-vegetated. Thus each 

acquisition can interfere with others, and all-combination 

interferograms are constructed using GAMMA software. A 

filled 3 arc sec (90 m) resolution Shuttle Radar Topography 

Mission (SRTM) digital elevation model (DEM) [17] was 

used to remove the topographic contribution to the 

interferometric phase changes. Interferograms were 

filtered using a weighted power spectrum filter [18] to 

improve the signal-to-noise ratio, and unwrapped using the 

branch-cut method [19]. 

 

 

Fig. 2 (a) Mean LOS rate map for Path 38 produced 

from 18 interferograms. A positive LOS displacement 

corresponds to movement towards to the satellite. The 

perpendicular pair of arrows shows the direction in 

which the satellite moves (Az), the satellite line-of-sight 

direction (los), and the incidence angle (i) at the centre 

of the scene. Three dashed blue lines show the centre of 

each profile presented in (b), (c) and (d). The rectangle 

in the bottom right corner shows a red area where there 

are residual atmospheric errors due to topography. The 

ellipsoid shows an atmospheric turbulence effect. The 

black arrows are leveling data. (b) Rate profile for a 5 

km-wide swath centred the line A-A’, where blue points 

are individual pixels from the rate map on the left, and 

red line shows mean velocity within 0.5 km bin along 279



the profile. (c, d) Same as (b) for profiles B-B’ and C-

C’. 

From a first inspection of the preliminary interferograms, 

we found the orbit for one acquisition (20160112) was 

controlled badly, as shown by the same irregular orbital 

fringe patterns in those interferograms with this acquisition 

as either the master or slave image. Given strong coupling 

between orbital, ionospheric errors and tectonic 

deformation, it’s difficult to use an empirical model to fit 

the complicated orbital error, so we excluded those 

interferograms using acquisition (20160112) in subsequent 

analysis. Reviewing all of interferograms, we found the 

atmospheric and orbital signals are very complicated in 

ALOS-2 interferograms of our study area. GACOS 

correction for tropospheric signal doesn’t worked well for 

each interferogram (see Section 4.1 in detail). Whether or 

not to use GACOS correction need to be checked visually 

for each interferogram. Orbital and ionopheric fitting also 

need to be done by testing different empirical model due to 

non-linear error distribution for ALOS-2 (see Section 4.2 

in detail). Finally, a quadratic polynomial is chosen to fit 

for orbital and ionospheric phase, and remove from the 

interferograms in our study. After the atmospheric and 

orbital corrections, only 18 interferograms, which are 

corrected relatively well for atmospheric and orbital effect, 

are selected to invert to estimate the deformation time-

series and rate map using SBAS method in GIANT 

software. 

Both the rate map and two profiles A-A’ and B-B’ show a 

distinct tectonic signal across the middle segment of 

Zemuhe fault (Fig. 2), qualitatively consistent with left-

lateral slip. The profile A-A’ shows a rapid increase in the 

line-of-sight rate of deformation (∼2 mm/yr) in a relatively 

narrow region across the fault. The profile B-B’ shows a 

bigger deformation gradient, which is caused by a local 

near-fault uplifting area (∼25 km2) southwest of the fault. 

We didn’t find any of factories, dams, and gas injection 

projects etc. in this area in the field investigation, which 

means it might be caused by the tectonic movement of the 

fault instead of humans. There is no clear gradient in 

displacement rate cross the fault on the profile C-C’, which 

results from the effect of uplift of Daliang Mountain area, 

which is superposed by the atmospheric turbulence effect 

in the northern region shown by an ellipsoid in Figure 1. 

Unlike the striking slip movement, uplift of Daliang 

Mountain area gives a negative contribution to the line-of-

sight of deformation. We also can see some atmospheric 

errors are not completely corrected by GACOS. The 

rectangle in the bottom right corner of ratemap shows a red 

area where there are residual topography-dependent 

atmospheric errors. The large-scale atmospheric turbulence 

effect still remains in the results, which we can see it clearly 

in some original interferograms. From the time-series 

images of crustal deformation, we can see that distinct 

deformation signal cross the Zemuhe fault can be captured 

in one year, starting from the first acquisition. 

 

3.2 Inversions Results from InSAR and GPS 
Applying the method in section 2.2, we inverted jointly the 

InSAR and GPS data for a fine velocity and strain rate field 

of present-day crustal motion of the Zemuhe-daliangshan 

fault zone (Fig. 3; 3D GPS data are provided by Dr. Liang 

Shiming from Institute of Geology, Chinese Earthquake 

Administration). As shown in the vertical deformation field 

(Fig. 3b), we can see crustal uplift on the east side of 

Zemuhe and Anninghe fault and the north side of the 

northern segment of Daliangshan fault. From the strain rate 

field (Fig. 3c), it can be seen that the area of rapid strain 

accumulation mainly locate in the area between the 

Anninghe and Daliangshan fault and the intersection of the 

faults. 

 

Fig.3 a fine velocity and strain rate field of present-day 

crustal motion of the Zemuhe-daliangshan fault zone 

inverted jointly from InSAR and GPS. (a) the 

horizontal velocity; (b) the vertical velocity and (c) the 

strain rate (the second invariant of the strain rate 

tensor). 
 

4. DISCUSSIONS 

4.1. Tropospheric errors in the ALOS-2 interferograms 

of the Sichuan-Yunan block area 

The total tropospheric delay is often divided into a 

stratified delay and a turbulent delay for InSAR 

applications [20]. Both these two kinds of tropospheric 

components exist in the ALOS-2 interferograms of the 

Sichuan-Yunan block area (See Fig. 4). Variations in 

atmospheric stratification have a first order effect, with a 

single path LOS delay reaching ∼10 cm/km in some areas 

[21]. Dramatic phase variations in our interferograms are 

caused by the topographic-dependent atmospheric delays 

due to strong topographic relief, which are not random in 

time but represent seasonal fluctuations. Interferograms 

whose master and slave image was acquired in the different 

season show much more serious stratified effect than those 

with the master and slave image from the same season (see 

Fig.4). GACOS cannot afford to correct them completely, 

but it worked better for the cross-season Interferograms 

than the same-season Interferograms (see Fig.5). 

 

 
Fig. 4 Seasonal atmospheric effect on interferograms in 

the Zemuhe-Daliangshan fault zone. 

 

Due to the high variability of atmospheric turbulence, the 

spatial pattern of the turbulent delay is mostly random on 

 

     

       (a)                      (b)                        (c) 
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each acquisition date and can be removed efficiently by 

stacking interferograms [22] or through InSAR time series 

analysis. However, the spatial scale of wave-like turbulent 

effects in our interferograms is very large, and therefore it 

is difficult to totally remove them by stacking or temporal 

smoothing, even when working with a large InSAR data set. 

That’s why we can see that the residual turbulent effects 

are left in the rate map (see Fig. 2). 

 

 
Fig.5 GACOS atmospheric correction: before (top) Vs 

after (bottom) 

 

4.2 Orbital and ionospheric error in the ALOS-2 

interferogram 

A conventional interseismic fault model proposed by 

Savage and Burford [23] shows that the surface fault-

parallel displacement distribution for a striking-slip fault 

meets an arctan model. Orbital error is usually 

characterized as a first or more order polynomial, a long-

wavelength signal, which is tightly coupled with long-

wavelength component in the tectonic arctan signal. 

Therefore, orbital correction, especially selection of orbital 

model, is one of most important steps in InSAR data 

processing when we retrieve subtle interseismic 

displacements (e.g., millimetres per year on the Zemuhe 

fault). It is suggested that a linear ramp provides a good 

representation of the phase variations due to orbital errors 

in one frame of ASAR or ERS data [24]. But for ALOS-2 

data, a linear model might not work enough, 

particularly when we use long strip SAR data (>200km). 

Here, a linear and quadratic model is fitted and removed 

from the interferograms respectively, using only phase 

measurements 30 km from the fault on both side to avoid 

the effect of the near-fault gradient in ground deformation. 

Comparing each of the interferograms “before” and “after” 

correction with the fitting orbital error, we see that a 

quadratic model is the appropriate model for ALOS-2 data 

in our study area. Another point to note is that the 

ionospheric path delay in our method is not taken into 

account separately, which is treated as a long-wavelength 

signal together with orbital error. 

 

5. CONCLUSION 

We have used ALOS-2 PALSAR data, combined with the 

estimates of atmospheric path delays from GACOS, to 

estimate the interseismic strain accumulation across the 

Zemuhe-Daliangshan fault zone. The results show that the 

atmospheric phase variations due to topographic relief in 

our interferograms represent strong seasonal fluctuations, 

and the GACOS-based corrections partially worked in 

removing the topography-dependent atmospheric delay in 

Sichuan-Yunan block area, especially for those cross-

season Interferograms. Turbulent signal is also 

considerable, and hard to remove by stacking or temporal 

smoothing because of its large scale in space. More new 

data need to be collected in the next few years, which will 

beneficial for identifying and removing such large-scale 

turbulence. 

Using GACOS corrections and appropriate orbital 

corrections, we obtained the estimates of the variation of 

the rate of displacement across the Zemuhe-Daliangshan 

fault zone by inverting selected interferograms. A distinct 

tectonic signal across the middle segment of Zemuhe fault 

is shown in the rate map, qualitatively consistent with left-

lateral slip. The profile cross the Zemuhe fault gives a line-

of-sight rate of ∼2 mm/yr, in agreement with present-day 

GPS results [25]. The strain rate field from InSAR and GPS 

shows the rapid strain accumulation occurred in the area 

between the Anninghe and Daliangshan fault and the 

intersection of the faults. 

Our results will make significant contributions to the 

general understanding of how the active Zemuhe-

Daliangshan fault zone accommodate the eastwards 

movement of the Xieshuihe fault, and how individual 

segments interact with each other, which will provides us 

critical first-order data for the assessment and mitigation of 

seismic hazard within this tectonically active area. 
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1. INTRODUCTION

Large parts of the central United States have recently 
become seismically active, even though they are 
commonly regarded as stable, intraplate regions. The 
dramatic increase in earthquake activity started in 2009 
with continuous rise of seismicity rate. In 2014, the number 
of earthquakes with magnitude M ≥ 3 in Oklahoma 
exceeded that in California (Fig. 1). The largest recent 
event in Oklahoma was an Mw = 5.8 in 2016 causing some 
significant damage. It is generally viewed that this seismic 
activity in the stable, central part of the American plate is 
the result of fluid injection as part of oil and gas production. 
In Oklahoma, this injection is dominated by wastewater 
disposal into wells that penetrate deep, permeable rock 
units. At 12:02 UTC on September 3, 2016, an Mw 5.8 
earthquake struck near Pawnee, OK. This is the largest 
instrumentally recorded earthquake in Oklahoma. It 
occurred within a region that has suffered an explosion of 
seismic activity and increasing magnitude events since 
2008 (Figure 1). As the elastic rebound theory holds that 
earthquakes are intimately tied to elastic deformation of the 
crust, a large, concentrated change in the seismicity rate 
should be accompanied by a change in the crustal 
deformation rate.  A very shallow event of the size of the 
Pawnee earthquake, which has a fault plane between 5 x 
5km2 and 10 x 10km2, and slip between .5 m and .05 m 
respectively, should produce measurable co- and post-
seismic geodetic signals.  
An inclusion-filling mode of wastewater injection into pre-
existing fractures is expected to produce deformation in 
which the geodetic moments exceed the seismic moments, 
as commonly observed in volcanic regions. The 
dimensions of the deformed areas may reach tens km and 
are expected to form within the regions of water injection 
and earthquakes, yet their spatial relationships with 
specific injection wells and earthquakes cannot be 
predicted. On the other hand, a local injection mode of 
wastewater injection is expected to produce coseismic 
deformation patterns for which the threshold of detectable 
earthquake magnitudes is in the range of M 4 to 5 with 
depths shallower than 5km and 15km, respectively. This 
mode generates localized deformation patterns a few km 
wide that are expected to be spatially associated with both 
injection wells and earthquakes. Single-frame 
interferograms (40-100 km wide in the range direction) 
should suffice to detect such areas, and the short wave (x-
band) radar satellites (COSMO SkyMed and TerraSAR-X) 

are likely to perform better for such small-magnitude 
deformation. 

Figure 1: Map of earthquakes and faults in Oklahoma from 
2010 to 2015. Areas A and B were analyzed by 
interferometry.  

2. RESEARCH OBJECTIVES

The objective of this research is twofold: 
1. To identify regional deformation associated with
inclusion-filling injection and ongoing regional seismicity.
Due to the vegetated nature of the region and the longer
periods required for identification of small deformation, we
use ALOS-1 images for this goal.
2. To measure the deformation associated with the Mw 5.8
Pawnee Earthquake and examine whether it has been
related to any of the existing faults or to a newly formed
fault. For this goal neither ALOS-2 nor any x-band data are
available, and we thus use Sentinel-1 images.

3. RESULTS

(a) Deformation associated with diffuse seismicity

The topography of central and northern Oklahoma is 
relatively flat, and thus less influent on the deformation 
measurements. We present ALOS-1 interferograms of the 
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two seismic regions (areas A and B in Fig. 1). Figure 2 
shows three interferograms of area A, spanning the period 
between July 2007 and January 2011. Despite the high 
coherence, no clear deformation can be detected in the area 
of intensive seismicity (blue circles in panel (d)). Figure 3 
shows two interferograms of area B spanning the period 
between March and December 2010. No deformation is 
detected in this area as well. 
 

 
Figure 2: ALOS-1 unwrapped interferograms spanning 
periods from July 2007 to January 2011 in Area A (Fig. 1). 
Blue circles in (d) mark locations of earthquakes between 
November 2009 and January 2011. Note that no clear 
deformation can be identified anywhere in the 
interferograms. 
 
 
(b) Deformation associated with the Mw 5.8 Pawnee 
earthquake 
 
Due to lack of ALOS or x-band images for the period 
spanning the Pawnee earthquake, we processed Sentinel-1 
data to produce a coseismic interferogram (Fig. 4). The 
maximum Line of sight (LOS) displacements are in the 
order of 5 cm in a 10x20 km2 area. An E-W aligned series 
of aftershock occurred during the first two months after the 
earthquake (Fig. 4, after [2]), delineating a possible fault 
solution for the main shock. A kinematic slip inversion 
based on the geodetic and seismic data yielded a rupture 
mechanism along that fault [1]. 
 

 
Figure 3: ALOS-1 unwrapped interferograms spanning 
periods from March to December 2010 in Area B (Fig. 1). 
Note that no clear deformation can be identified anywhere 
in the interferograms. 
 

4. DISCUSSION AND CONCLUSIONS 

 
Preliminary analysis of the L-band ALOS-1 data from the 
Jones area east of Oklahoma City (Fig. 2) indicates that L-
band observations maintain phase over the study area and 
can be useful for the proposed research. The ALOS-1 
results span specific periods between 2007 and January 
2011 during which seismicity levels were relatively low. 
Single interferograms for those periods did not reveal 
surface deformation (Figs. 2, 3). This may imply one or 
more of the following possibilities: (a) the wastewater 
injection volumes and rates were too small to generate 
surface deformation. (b) The wastewater injection volumes 
and rates were too small to generate deformation detected 
by L-band (23.8 cm wavelength) interferometry (detection 
threshold of a single interferogram is 1-2 cm). (c) Larger 
observation areas and/or time-series analyses are required 
to detect the injection-related deformation. (d) 
Deformation may be found in areas or periods of higher 
seismicity, unexplored so far. Our work plan will attempt 
to clarify which of these possibilities is likely to occur in 
the Oklahoma region. Figs. 2 and 3 show an apparent long-
wavelength deformation. However, as this pattern may also 
be due to orbital errors or atmospheric effects, it should be 
carefully analyzed by additional coeval images and wider 
swath interferometry.  

 
 
Figure 4: Sentinel 1 unwrapped interferogram of the 3 
September 2016 Pawnee earthquake, showing the 
deformation field, aftershocks (after [2]), and the major 
faults in its vicinity. 
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1. INTRODUCTION

Karamay, which means "black oil" in Uyghur language, is 
a typical mining city, relying on oil field exploration and 
development. It has abundant deposits of heavy and ultra-
heavy oil that are estimated to be several hundred million 
tons [1]. After several years of oil field development, a 
subsurface water injection project was initiated in 1985 to 
increase the effectiveness of oil recovery [2]. In most case, 
the oil and gas extraction from underground reservoirs and 
waste-water injection induce deformation in reservoirs by 
changing the reservoir pressure and consequently generates 
measurable surface deformations as subsidence or uplift 
[3].  
While there is a lack of ground-based measurements, the 
advanced remote sensing technologies, especially the 
Interferometric Synthetic Aperture Radar (InSAR) can be 
a powerful tool for remotely mapping the human and 
nature-induced ground deformation [4-6]. Recently 
Shirzaei et al. [7] used the multi-temporal InSAR approach 
and revealed the relationship between the wastewater 
injection in different depths with surface uplift and time-
dependent seismic hazard at the oil well sites in the eastern 
Texas, USA.  
In this study, for better understanding the land surface 
deformation in Karamay oil field, two path D-InSAR 
method was applied to three L-band SAR images acquired 
by ALOS PALSAR over the study area in the period from 
January 20, 2007 to January 25, 2009. Moreover, to 
validate the results obtained by ALOS observations, we 
further applied the Persistent Scatter (PS) and Small 
baseline subset (SBAS)-InSAR technique to 21 C-band 
images acquired by the ENVISAT ASAR in the period 
from 30 September 2003 to 15 June 2010.  
Under the scheme of this project, the use of ALOS 
PALSAR data in geohazard monitoring. In addition to this 
research area, we also used the provided ALOS PALSAR 
and ALOS PALSAR-2 images to measure the land 
subsidence in the Urayasu City and Earthquake-induced 
landslide in Hokkaido, Japan (See the appendix). 

2. STUDY AREA AND DATA SETS

2.1 The study area 
Karamay city is a prefecture-level city in the north of the 
Xinjiang Uyghur Autonomous Region, the People's 
Republic of China. There are four administrative districts 
in Karamay, which are Urho, Baijiantan, Karamay and 

Dushanzi with a total area of 9,500 km2. The Karamay oil 
field in Xinjiang is the largest oil field in China. The 
geomorphological type of Karamay is predominantly Gobi 
Desert. The altitude is in the range between 250 m and 500 
m. 

 Figure 1. Geographic location of study area 
(Note: Blue and pink lines are indicating the coverage area of 

ALOS-PALSAR and ENVISAT-ASAR data, respectively). 

2.2 Data sets 
The ALOS PALSAR data sets covering the region of 
interest were provided by the Japan Space Exploration 
Agency (JAXA). The SAR interferograms were computed 
from PALSAR fine-beam single-polarization (FBS) data 
taken on three different dates (January 20, 2007, December 
10, 2008, and January 25, 2009). The data sets have the 
same observation parameters: the reference system for 
planning (RSP) number 94, the path number 501, and 
acquired from the ascending orbit with an off-nadir angle 
of 34.3°. We also used twenty-one C-band ENVISAT 
ASAR images acquired in the period from Sep. 30, 2003 to 
June 15, 2010, provided by the European Space Agency 
(ESA). The data sets were acquired on the descending orbit 
with an incidence angle of 22.9°. A subset area was 
selected from the original images corresponding to the 
whole study area. The cover ranges of the ALOS and 
ENVISAT data are shown in Figure 1. 
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3. METHODS  
3.1 D-InSAR 
In this study, the two-pass Interfrometry method was 
implemented using two ALOS PALSAR SLC images for 
interferogram generation. Then the topographic phase in 
the wrapped phase was removed by introducing SRTM 
DEM data. To reduce noises and smooth the interferogram, 
the Goldstein–Werner filtering process was applied. 
Finally, the InSAR products were geocoded from the 
Range-Doppler coordinates to the map geometry 
corresponding of the Universal Transverse Mercator 
(UTM) projection (zone 45N) with a pixel resolution of 25 
m. ENVI and SARscape software were employed to 
process the level-1.1 data and perform the interferometric 
analysis.  

3.2 PS and SBAS-InSAR 
The PS-InSAR is one of the promising approaches that 
improves the precision of conventional InSAR 
displacement measurements. The PS-InSAR algorithm 
utilizes time series of radar images to detect coherent radar 
signals from PS points to derive information of terrain 
motion [8]. Another algorithm called small baseline subset 
(SBAS), which use conventional interferograms with small 
baselines to obtain time-series displacements [9]. The both 
algorithms work to minimize the disadvantages of 
conventional D-InSAR, namely the phase errors due to the 
geometrical and temporal decorrelations as well as the 
atmospheric disturbance.  
The ENVISAT-ASAR data were processed using both PS-
InSAR and SBAS-InSAR methods. For the PS-InSAR, we 
selected the slant range image on November 28, 2006, as 
the master image and generated 20 interferograms with 
respect to the master image. The time position plot is 
shown in Figure 2. For the SBAS-InSAR, we selected the 
slant range image on October 28, 2008, as the super master 
image, and generated 68 interferograms using a maximum 
temporal baseline of 735 days and a maximum spatial 
baseline of 483 m. The time position plot is shown in 
Figure 3.  

 
Figure 2. Time position plot for the PS-InSAR 

 

Figure 3. Time position plot for the SBAS-InSAR 

 

3. RESULTS AND ANALYSIS 

4.1 Results of D-InSAR interferometry 
For the D-InSAR generation, we have two data pairs 
(2007/01/20 & 2008/12/10, Bn = 643m; 2008/12/10 & 
2009/1/25, Bn = 472m). Although the interferogram with a 
relatively small normal baseline showed good coherence, 
no significant land deformation was found. It is due to the 
short period of time, 46 days. Therefore, we used the 
differential interferogram generated from the large normal 
baseline pair, which showed clear deformation at two sites 
in the study area. These areas were indicated by blue 
dashed circles in Figure 4. In the process of extracting the 
ground displacement, we unwrapped the interferogram to 
solve the 2π ambiguity and corrected the satellite orbit 
inaccuracies and phase offset using the collected external 
ground control points (GCPs). The final ground 
displacement map in the slant-range direction is shown in 
Figure 5. From the figure, we could see that two sites in the 
north-eastern part of the city exhibit clear indications of 
land uplift. The maximum displacement was 12.97 cm in 
the study period. 

 
 

 
Figure 4. D-InSAR interferogram obtained from the 
ALOS PALSAR images taken on Jan. 20, 2007, and 

Dec. 10, 2008. 

 

(20070120&20081210) 
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Figure 5. Displacements in the slant-range direction 
obtained by the D-InSAR analysis from the ALOS 
PALSAR pair. 

 
4.2 Results of PS and SBAS-InSAR interferometry 
The PS-InSAR and SBAS-InSAR analyses were carried 
out using the ENVISAT-ASAR dataset. The results 
showed significant surface deformation over or near the oil 
field working area (Figures 6 and 7). Figure 6 represents 
the spatial density of PS points and reveals the spatial 
distribution of the mean deformation velocity (mm/year) 
from 2003 to 2010, where the main deformation areas are 
indicated in blue dashed circles. Temporal decorrelation 
due to the large amount of the agricultural areas was 
excluded based on the coherence value larger than 0.65. 
Dense PS points were detected around the reservoir area, 
whereas the distribution of PS points were sparse in other 
areas. The maximum rate of deformation was about 24.4 
mm/year.  
The locations and the average surface displacement 
velocity detected by the SBAS-InSAR technique in the 
study area are shown in Figure 7.  It could be seen that two 
significant land uplift locations were detected in this study 
area, which were indicated in blue dashed circles. They are 
located around the oil production wells. The maximum 
deformation velocity was about 33.3 mm/year. 

 
 
Figure 6. Estimated mean displacement velocity using 
the PS-InSAR method from the ENVISAR-ASAR 
dataset. 

 

 

Figure 7. Estimated mean displacement velocity using 
the SBAS-InSAR method from the ENVISAR-ASAR 
dataset. 
 
4.3 Time series analysis of PS and SBAS-InSAR  
Figure 8 shows the displacement rate distribution between 
PS-InSAR and SBAS-InSAR time series measurements 
(from 2003/09/30 to 2010/06/15) in the Karamay oil field. 
We selected three typical reference points with the induced 
deformation as the P1-P3 in Figures 6 and 7, and one stable 
reference point as the P4. Figure 8 illustrates that the both 
PS-InSAR and SBAS-InSAR methods have good 
agreement in the deformation trend, which is the increasing 
uplift. 

 
Figure 8. Time-series of the line-of-sight displacements 
obtained by the PS-InSAR and SBAS-InSAR methods 
at the locations, P1-P4. 

4.4 Comparison of the results from D-InSAR, PS and 
SBAS-InSAR methods 
To compare the deformation results obtained from the D-
InSAR, PS and SBAS-InSAR methods, the mean 
deformation velocity of D-InSAR processing results was 
calculated by averaging the displacement values. We 
selected 500 reference points from the PS-InSAR results in 
the study area, include both the stable and deformed areas. 
The LOS displacements velocity for these points was 
plotted comparing with the SBAS and D-InSAR results, 
and the correlation coefficients were calculated. The results 
showed good agreement between SBAS and D-InSAR 
methods with the correlation of 0.76. However, the 
correlation between D-InSAR and PS-InSAR was not so 
good match with a low correlation of 0.54. All the three 
methods have identified the main deformation areas, 
except one of the main deformation areas in PS-InSAR 
indicated in red dashed circles in Figure 6. It may be caused 

P4                          

P1             
P2 

P3 

P4 

P3 

P1            
P2 
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by low backscatter in the wide non-urban land use, where 
enough PS points could not be collected in the PS-In SAR 
processing.   

 
Figure 9. Comparison of D-InSAR, PS and SBAS-
InSAR results. 

 
4. CONCLUSION 

 
To address oil field deformation in Karamay, Xinjiang, 
China, the D-InSAR technique was applied to ALOS 
PALSAR data and the PS-InSAR and SBAS-InSAR to 
ENVISAT ASAR dataset. The results showed that these 
techniques can provide useful information for identifying 
the boundaries of deformation and monitoring the temporal 
behaviour of land deformation. The three methods revealed 
two areas of land uplift near the oil field. The maximum 
deformation velocity was estimated to be 33.3 mm/year. 
The subsurface water injection to enhanced oil recovery 
might be responsible for the land uplift. The comparison of 
the obtained results from the three methods indicated that 
the correlation of the SBAS-InSAR and D-InSAR results 
is higher than that of the PS-InSAR and D-InSAR results. 
For this study area, the SBAS-InSAR seems to be more 
robust than the PS-InSAR. The future work will be focused 
on the GPS base station establishment in the high 
deformation area and monitoring of long-time land 
deformation by integrating SAR data. 
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1. INTRODUCTION

Polarimetric synthetic aperture radar (POLSAR) provides 
rich information of earth surface under all-weather and 
day-and-night conditions. The polarization diversity makes 
POLSAR an advantageous tool for land cover 
classification and target detection. Simultaneously, with 
the rapid development in deep learning theory, learning 
hierarchical features automatically from datasets with 
multi-stage architectures has attracted more and more 
attentions.  
For POLSAR land cover classification, Zhou et.al 
investigates the suitability and potential of deep 
convolutional neural network (DCNN) in supervised 
classification of POLSAR images [1]. Firstly, the 
multilook POLSAR data in the format of coherence or 
covariance matrix is converted to a normalized 6-
dimensional real feature vectors. Then the 6-channel real 
image is fed into a 4-layer convolutional neural network 
tailored for POLSAR classification. With two cascaded 
convolutional layers, the designed deep neural network can 
automatically learn hierarchic polarimetric spatial features 
from the data. Zhang et.al proposes complex-valued CNN 
(CV-CNN) specifically for SAR image interpretation. It 
utilizes both amplitude and phase information of complex 
SAR imagery [2]. All elements of CNN including 
input/output layer, convolution layer, activation function 
and pooling layer are extended to the complex domain. 
Moreover, a complex back-propagation algorithm based on 
stochastic gradient descent is derived for CV-CNN 
training. The proposed CV-CNN is well tested on the 
typical POLSAR image classification task which classifies 
each pixel into known terrain types via supervised training. 
For POLSAR ship detection and discrimination, Ao et.al 
proposes a novel method for ship detection and 
discrimination in complex background from SAR image 
[3]. It first implements a pixel-level land/sea segmentation 
with aid of a global 250-meter water mask. Then, an 
efficient multi-scale constant false alarm rate (CFAR) 
detector with generalized Gamma distribution (GΓD) 
clutter model is designed to detect targets in sea. At last, a 
maximum-likelihood discrimination is designed to further 
exclude non-ship objects in nearshore and harbor area. The 
method is extensively tested with the ALOS-2 spaceborne 
SAR images, which demonstrates superior performance in 
detecting ship targets with nearshore and harbor 
background. In addition, it has been proved that 
polarimetric information can greatly improve false alarm 

discrimination capability for polarimetric-based 
discrimination. 
The remainder of the paper is organized as follows. Firstly, 
the detailed algorithms are described in Section 2. Then, 
the results of experiments are presented and discussed in 
Section 3. Finally, Section 4 concludes the paper. 

2. METHODOLOGY

A. DCNN for POLSAR Image Classification

a) 6D Real Vector Representation of POLSAR Data
Monostatic POLSAR data in MLC format can be fully
represented by a 33 complex coherency or covariance
matrix T. It has to be converted to a real vector in order to
be able to feed into real-valued convolutional neural
networks nowadays. We propose a new 6D real vector
representation tailored for neural networks as follows:

( )10 11 22 33
10 logA T T T= + + (1) 

( )22 11 22 33
/B T T T T= + + (2) 

( )33 11 22 33
/C T T T T= + + (3) 

12 11 22
/D T T T=  (4) 

13 11 33
/E T T T=  (5) 

23 33 22
/F T T T=  (6) 

where A is the total scattering power in dB of all 
polarization channels; B and C are the normalized ratio of 
power of T22 and T33, respectively; D, E, and F are relative 
correlation coefficients. Except A, the rest 5 parameters are, 
by definition, normalized in [0, 1]. The total power A can 
also be normalized by setting a nominal range for any 
particular SAR image. Therefore, any MLC POLSAR 
image can now be converted into a 6D real vector defined 
in the unit hypercube. 

b) Network Architecture
This paper proposes a deep convolutional neural network
for POLSAR data terrain classification. Its architecture is
illustrated in Fig. 1, which contains two convolution layers
interleaved with two max-pooling layers, two fully
connected layers, and a Softmax classifier connected to the
output. Each convolution layer is followed by a max-
pooling layer, with pooling size 2×2 and a stride of 2 pixels.

Final Report on the 6th ALOS-2 Research Announcement 

290



 
Fig. 1 Network architecture 

The Rectified linear units (ReLU) activation function is 
applied to the first fully connected layer. Spatial zero 
padding P=2 is used in the first convolution layer, and all 
the convolution stride is fixed to 1 pixel. It is a slightly 
different version from the famous LeNet network [4], 
which is known to perform well on multiclass digit 
classification tasks. The difference is replacing the sigmoid 
activations with ReLU activations for the neurons because 
the partial derivatives of the latter are easy to calculate and 
can accelerate the convergence of stochastic gradient 
descent [5].  
The convolution layer receives inputs from a set of units 
located in a small neighborhood from the previous layer, 
which is called local receptive fields. A typical 
convolutional network is composed of several feature maps. 
Weight vectors between different feature maps are 
different but all the units within one feature map share the 
same set of weights. Due to the use of local receptive fields 
and weight sharing, the number of free parameters to be 
learned is significantly reduced. Subsampling layer usually 
implemented as max-pooling layer further reduces feature 
dimension with translational invariance. Fully connected 
layer is similar to classical neural networks computing a 
dot product between their input vector and their weight 
vector. The Softmax nonlinearity is used as the final output 
layer to deal with multiclass classification problems. The 
detailed parameters of each layer are described below. 
Training samples and testing samples are fed into input 
layer with size of h×w×c, where h and w correspond to the 
height and width of the image and c to its number of 
channels. After a spatial zero padding P=2 in the first 
convolution layer, the (h+4) × (w+4) × c data are then 
filtered by 20 convolution filters with size 3×3 in the first 
convolution layer, resulting in 20 feature maps with size 
(h+2) × (w+2) before subsampled with a 2×2 max-pooling 
layer to obtain a (h/2+1) × (w/2+1) × 20 outputs. The 
outputs from the first max-pooling layer are as the input of 
the second convolution layer. The convolution filter size in 
this layer is 2×2, producing 50 feature maps with size (h/2) 
× (w/2) which become (h/4) × (w/4) after second max-
pooling. These (h/4) × (w/4) × 50 outputs are then fed into 
first fully connected layer with 500 units. The ReLU non-
linearity is then applied and its outputs are then resolved to 
N units (the number of classes) in the second fully 
connected layer. Finally, a Softmax classifier is used to 
calculate the probability for every class. 
 
c) Training Algorithm 
The model was trained using back-propagation and 
stochastic gradient descent with mini-batch size of 64. In 
this study, momentum parameter 0.9 and weight-decay 
parameter 0.0005 were used to update weights. The update 
rule for weights w is given by: 
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 where vi is velocity parameter defined in momentum 
method, i is the number of iteration, ε is learning rate and 

i i
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is the average gradient of the loss function with 

respect to wi, computed by training samples on the i-th 
mini-batch [5].  
It is a common practice that decreasing the learning rate as 
the optimization progresses. Inverse decay learning policy 
was employed to decrease learning rate as a function of the 
iteration number. The learning rate policy can be presented 
as: (1 )

r
l k  −+ , where lr is the learning rate initialized 

0.01, γ=0.0001 and α=0.75. Parameter k is the current 
iteration, γ andα are parameters to compute learning rate. 
Initialization of weights is also of great importance. For the 
weight initializer, the scale of initialization was 
automatically determined based on the number of input and 
output neurons using the xavier algorithm [6]. For the bias 
initializer, it was simply initialized as constant, with the 
default filling value 0. 
In the supervised training procedure, early stop strategy 
was adopted to prevent overfitting by stopping training 
when the accuracy starts decreasing. 
 
B. CV-CNN for POLSAR Image Classification 

a) Architecture of CV-CNN 
As shown in Fig. 2, the architecture of a CV-CNN can be 
regarded as a variant of the deep neural networks. It is 
designed to take advantage of the two-dimensional 
structure of the input image. In image classification, one or 
more two-dimensional matrices or channels are treated as 
the input. The hidden units of convolutional and pooling 
layers are also organized as a set of two-dimensional 
matrices which are called feature maps. Just like RV-CNN, 
CV-CNN also include an input layer, several alternations 
of convolutional and pooling layers, fully connected layers, 
and a final classifier layer. Amongst the multiple layers, the 
lower and higher layers are used to learn the low-level and 
high-level feature representations, respectively. The input 
layer usually has a size of Width by Height by Depth, 
where Depth indicates the number of channels of the input 
image. In the case of SAR image classification, the 
complex multi-channel SAR image could be directly fed 
into the CV-CNN. 

 
Fig. 2 An overview of CV-CNN architecture 

A typical process of feature extraction in CNN is a 
convolution layer with nonlinear activation followed by a 
pooling layer. Convolution layers perform convolution 
with multiple learnable filters in parallel. Both the input 
and output could be multi-channel 2D matrices. The 
convolutional results are fed into nonlinear activation 
functions, such as sigmoid or the recently-introduced 
Rectified Linear Unit (ReLU) function, to generate feature 
maps. Then, a pooling function is used to 
downsample/locally-accumulate the feature maps in order 
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to reduce spatial dimension. These represent the typical 
characteristics of CNN, i.e. local connectivity, weight 
sharing, pooling and cascaded layers. For CV-CNN, all the 
elements of the networks, including filters, activation 
functions, and pooling, should be fully complex-valued. 
The details of each element in its complex-valued version 
is presented in the following. 
 
b)  Convolution 
Each hidden unit, which is complex-valued, in the 
convolutional layers is connected to local patches in the 
feature maps, also complex-valued, of the previous layer 
through a set of complex weight matrices known as kernels 
or filter banks. The units in a local patch are convolved by 
the weight matrix, and then passed through the non-
linearity activation function. By convolution, it means that 
the units in a feature map are forced to share the same filer 
bank. Different feature maps in a layer use different filter 
banks, which corresponds to different channels. Each filter 
bank detects specific regional features from the input 
matrices, so each feature map represents a unique feature 
at different positions of the previous layer. One of the 
advantages by using local connectivity and weight sharing 
is that the number of free parameters to be learned is 
significantly reduced, which helps to avoid the over-fitting 
problem and also reduces the memory requirements. The 
usage of this convolutional architecture is supported by the 
fact that image data are often spatially correlated and the 
interesting features should be translational invariant. In 
other words, if a pattern appears in one part of the image, 
it could appear anywhere. That is the reason why the units 
at different locations sharing the same weights and 
detecting the same pattern in different parts of the image. 
In the convolutional layer, the complex output feature maps  

2 2( 1) W H Il

iO
 +  are computed by the convolution between 

all the previous layer’s input feature maps 
1 1( ) W H Kl

kO
 



and a bank of filters 
( 1)l F F K I

ikw +    , then add a bias 
( 1)l I

ib +  , where ℂ denotes the complex domain and the 
superscript is its dimension. This convolution is calculated 
by: 
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  (10) 
where 1j = − , is the imaginary unit. Character   is the 
convolution operation. R and I  denotes the real and 
imaginary part of a complex number. ( )l

kO  is  the unit of 
the k -th input feature map in layer l , ( 1)l

iV +  denotes the 
weighted sum of inputs to the i -th output feature map in 
layer 1l + . ( )f   denotes a nonlinear function. Note that 
the sigmoid function is used in this paper.  
The hyper-parameters of a convolutional layer include 
number of feature maps I , filter size F F K  , stride S  

and zero padding size P . The stride means the intervals of 
each moving when the filters contact to the input feature 
maps. Due to the convolution operation, the valid output 
feature map is smaller than that of the input. By zero-
padding process, the size shrinking with depth can be well 
compensated with proper 𝑃 , which helps to make an 
arbitrary deep convolutional network. If the input is 
composed of 𝐾  feature maps with size 1 1W H , and the 
output will be with I  feature maps of size 2 2W H , where 

2 1( 2 ) / 1W W F P S= − + + , 2 1( 2 ) / 1H H F P S= − + + . 
Recent research indicates that using small filter sizes (e.g. 
3 3 , or 5 5 ) with a stride of 1 usually produces better 
performance, therefore the filter size and stride of this 
study are 3 3  and 1, respectively. The parameters to be 
learned in the convolutional layer include F F K I  
weights and I  biases. The aim of the learning procedure is 
to find sets of filters 𝑤  that can extract discriminative 
features for image classification.  
 
c) Pooling 
Pooling layer is to merge semantically similar features that 
are detected by convolutional layer. The pooling function 
calculates a summary statistic over a local patch 
independently for each feature map in the convolutional 
layer. Therefore, the number of feature map in pooling 
layers and convolutional layers is equal. Maximum and 
average of a rectangular neighborhood are the two mostly 
used pooling functions. In other words, pooling layers can 
be regarded as sub-sampling layers. Apart from reducing 
the dimension of feature, pooling also helps to make the 
representation invariant to small shifts and distortions of 
the input. Invariance to local translation can be a very 
useful property, when the feature itself is considered rather 
than its location.  
A straightforward extension of average pooling from real 
to complex can be defined as:  
 ( ) ( ) ( ) ( )1

, 0, , 1
, ,l l

i i
u v g

O x y ave O x s u y s v
+

= −
=  +  +   (11) 

where g  denotes pooling size, and s  is the stride. 
( 1) ( , )l

iO x y+ is the unit of the i -th input feature map at 
position ( , )x y .  However, for max pooling, extension from 
real to complex is not readily available. A natural way is to 
simply take the amplitude maximum. In this paper, we use 
the complex-valued average pooling as defined in Eq. (11). 
Pooling size of 2 2  or 3 3 with a stride of 2 are most 
frequently used. It is known that with increasing pooling 
size or stride, more information is abandoned and leading 
to poorer performance. 
 
d) Fully connected layer 
In the top layers, usually one or more fully connected layers 
are used in our CV-CNN. That is, each neuron in the fully 
connected layers is connected to all neurons in the 
preceding layer, which can be seen as a special case of 
convolution layer. The number of fully connected layers 
and each layer’s neurons are not fixed. Usually, lower 
layers tend to have fewer neurons while higher layers have 
more. The output can be written as:  
 ( ) ( )( )( ) ( )( )( )1 1 1l l l

i i iO f V jf V
+ + +
= +R I   (12) 
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 ( ) ( ) ( ) ( )1 1 1

1

K
l l l l

i ik k i

k

V w O b
+ + +

=

=  +   (13) 

where K  denotes the number of neurons in 𝑙 -th fully 
connected layers. 
 
e) Output layer 
After multi-hierarchical feature extraction stages, the final 
output layer acts as the classifier to predict the 
classification of the input sample. In CV-CNN, the target 
output is represented as a (1 )j of c+ − − vector where c  is 
the number of classes. The location of 1 + 𝑗 in the vector 
is the actual class number of the input and other location is 
set to zero. Correspondingly, results of the output layer are 
complex value as well. Given input samples and their 
labels, the parameters of CV-CNN are learned in an end-
to-end supervised way by minimizing a loss function on 
training data.  
In RV-CNN, the output layer is usually a softmax classifier 
predicting the probability distribution over different 
classes. Then the entire network is learned by minimizing 
the log-loss function. If the softmax is applied to CV-CNN, 
the result is not a probability due to its complex value input. 
Therefore, the final output is the classifier and the least-
squares loss function is adopted in CV-CNN. 
 
f) Complex backpropagation for CV-CNN 
Supervised training of a CNN is to optimize the 
weights/biases so that the network output match with the 
desired output or the given labels of the training data. After 
the multiple feature extraction stages, there still exists error 
between the output and the target. The error can be 
described as a loss function E , for exampling using the 
classic least squared error in CV-CNN. Therefore, the 
network parameters are trained by stochastic gradient 
descent and minimizing the loss function in 
backpropagation. Stochastic Gradient Descent (SGD) 
refers to estimating the gradient using only a subset of 
training samples, i.e. 100-sample minibatch. Therefore, the 
estimated gradient is actually sampled from a small number 
of cases, which is in fact a stochastic sampling process. By 
computing the error gradient with respect to parameters

E

w




 , the updating rule is: 

E
w w

w



 −


, where   is 

learning rate.  
The training sample can be expressed as 1{ [ ], [ ]}N

nX n T n =

where [ ]X n  and [ ]T n  denote the n -th input data and the 
label, respectively. Both the input and label are complex 
value. Hence, the total classification error is given by:  

  ( )  ( )( )  ( )  ( )( )
2 2

1 1

1 1
2

N K

k k k k

n k

E T n O n T n O n
N = =

 = − + −
  

 R R I I   

(14) 
The minimum of above loss function is searched by 
iteratively adjusting the weights according to: 
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The derivatives of complex functions are obtained 
according to the complex chain rule. The key point is 
computing the error gradient of weights. 
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 (17) 
In order to simplify the expression, an intermediate 
quantity called “error term” is defined. 
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With Eq.(9),(10),(14),and (18), Eq.(17) can be simplified 
as: 
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where (⋅)̅̅̅̅  denotes taking the complex conjugate. 
By iteratively reducing the above error, the parameters are 
updated until the error reaches a minimum. To show the 
detail of error term in each layer, the derivation is given in 
the following subsections. 
 
g) Error term of fully connected layers 
For the error term of fully connected layers, assume the

1l +  layer is output layer, then the previous layer l  is 
called hidden layer, and error ( 1)l

i
+  can be expanded as: 
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According to Eq.(12) and Eq.(13), the second and third 
term in Eq.(20) are zero. Taking Eq.(14) into account, the 
other two terms can be calculated out: 
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For the hidden layer’s error term
( )l

k , it can be unfolded 
similarly. Fully connection means that one unit in the 

hidden layer 
( )l

kO  connects with all the units in the output 

layer 
( 1)l

iO +

, thus 
( )l

kO  is affected by the error through all 
the units of output layer. Based on chain rulers, the real and 
imaginary part of the error are deduced as: 
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Considering Eq.(18), ( )l

k  will be: 
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The error term of hidden layers is in line with that of output 
layers. Furthermore, it can be summarized that the lower 
layers’ error term is the product of the higher layers’ error, 
weights, and the derivative of nonlinear function to lower 
layer’s input. For real valued network, it can be simply 
formulated as ( ) ( 1) ( 1) ' ( )( ) ( )l l T l l

k iw f V + += . 
 
h) Error term of convolutional layers 
If l -th layer is the convolutional layer, its error term ( )l

k  
is related to the error term of the pooling layer ( 1)l

i
+  and 

the pooling factor  . The weights at a pooling layer map 
are all set equally to  , which is a constant value 

computed by 1
g g

 =


, which is inverse proportion to the 

square of pooling size g . Characters k and i  denote the 
feature map in , 1l l +  layers respectively. Because of the 
subsampling, the size of 1l +  layer is smaller than l  
layer’s. To keep the same size, it needs to up-sample the 

( 1)l

i
+  by copying each pixel g  times in two directions, 

denoted as ( 1)( )l

iup  +  in the following. Similar as the 
derivation Eq.(24) of the hidden layer in fully connected 
layers, the error term becomes: 

( )( ) ( )( )( ) ( )( )( ) ( )( ) ( )( )( )( )1 11 1l l l l ll

k i i i k kup up O O   
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 (25) 
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I I R I I   (26)  

 ( ) ( )( ) ( )( )l l l

k k kj  = +R I      (27) 

 
i) Error term of pooling layers 
There are no parameters to be learned in the pooling layer. 
However, it still needs to compute its error term in order to 
obtain the lower layer’s error term during backpropagation. 
The size of feature maps in the pooling layers is smaller 
comparing with the convolutional layers. To keep them 
same size, it needs to pad 1F −  times zeros in each 
dimension of ( 1)l

i
+ . According to Eq.(24), the error term 

in pooling layers is: 
 ( )( ) ( )( ) ( ) ( )( ) ( )1 11 1l l ll l

k ik i ik i
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( )( ) ( )( ) ( ) ( )( ) ( )1 11 1l l ll l

k ik i ik i

i

w w  
+ ++ + = −

 I R *I I *R            (29) 

Like Eq.(27), ( )l

k  is the sum of the real and imagery part. 
After computing the error term of each layer, the partial 
derivative of loss function with respect to weights and bias 
is computed as Eqs.(15-16) and Eq.(19). 
Neurons in fully connected layers are formed in 1-D array 
and its parameters are update by: 
 ( )   ( )   ( ) ( )1 1 11l l l l

ik ik i iw t w t O
+ + +

+ = +   (30) 
 ( )   ( )   ( )1 1 11l l l

i i ib t b t 
+ + +

+ = +   (31) 
In other layers, neurons are formed in 2-D array. 
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The parameters are adjusted iteratively until the precision 
between the target and the network output meets the 
requirement.  
 
C. Ship Target Detection 

a) Multi-scale iterative CFAR detection 
Although CFAR is considered quite efficient for the first 
step target detection in the ATR framework, the 
conventional pixel-based sliding window CFAR is still too 
time-consuming for a large SAR image with millions of 
pixels. The main computation lies with the adaptive sea 
clutter model fitting and parameter estimation. It becomes 
even worse if sophisticated clutter model such as the GΓD 
is employed. Hence, this paper proposes a novel multi-
scale iteration CFAR algorithm to address this issue. 
The flowchart of the proposed efficient ship target 
detection algorithm is shown in Fig. 3. It employs a novel 
multi-scale iteration scheme. The idea is to first apply large 
scale adaptive CFAR thresholding which gives rise to a 
coarse sea mask and then apply smaller scale CFAR based 
on the coarse mask. Such iteration could be done iteratively. 
However, only two-scale CFAR algorithm is taken in this 
study. 
As shown in Fig. 3, the land-sea segmentation provides a 
sea mask, based on which a large-scale 2D gridding is 
applied along the azimuth and range dimensions. Adaptive 
CFAR thresholds are then calculated independently for 
each large-scale grid cell. Due to imperfect sampling and 
estimation errors, there might be abrupt changes in the 
estimated 2D threshold grids. It makes sense to smooth the 
threshold surface through a weighted linear least squares 
filter. Then a bilinear interpolation is taken to calculate a 
smooth interpolated pixel-by-pixel adaptive threshold 
surface for the sea region. An initial target/background 
mask can then be obtained by applying a simple 
thresholding. Smaller-scale CFAR grid can be iteratively 
applied where the mask of previous round CFAR would be 
used to exclude potentially target pixels from being 
included in the sea clutter model fitting. The final stage is 
discrimination of non-ship objects. 

 
Fig. 3 Flowchart of ship target detection in complex 

background in SAR image. 

b) Large-scale CFAR 
The large-scale CFAR is implemented on an azimuth-vs-
range 2D grid partitioning of the sea area. GΓD parameter 
estimation is conducted on each grid cell. Hence, the 
threshold of is adaptively calculated for each grid cell for a 
given false alarm rate, i.e. 

𝑇𝐺 = 𝑐𝐺
−1(1 − 𝑃𝐺𝐹 ; 𝛽, 𝜆, 𝜈) (34) 

Such an adaptive threshold can effectively compensate 
some large-scale factors such as RCS dependence on the 
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incident angle varying along the range direction or 
localized sea events such as high sea state condition or rain 
cells. Due to insufficient pixel samples or leaked target 
pixels in any one particular grid cell, there might be noises 
or spikes in the 2D threshold surface. In this paper, 
weighted linear least squares filtering is adopted to 
suppress the abnormal thresholds and smooth the threshold 
surface. Finally, a binary mask is obtained via pixel-by-
pixel thresholding using the bilinear interpolated 
thresholds. 
 
c) Small-scale sliding CFAR 
Small-scale sliding CFAR is then conducted on the 
detected candidate target pixels only, which greatly 
reduces the computation load. Figure 4 illustrates a local 
area of large-scale CFAR mask where blue pixels represent 
sea clutter; the yellow pixels represent the currently 
selected region for small-scale CFAR processing; the red 
point represents its center; the red window represents 
CFAR background window; the light blue pixels represent 
these samples which are used to estimate the GΓD 
parameters of the background clutter; the white pixels 
represent a nearby target pixels which should be excluded 
for GΓD estimation. Similarly, the threshold of the 
background window can be derived 

𝑇𝐴 = 𝑐𝐺
−1(1 − 𝑃𝐴𝐹 ; 𝛽, 𝜆, 𝜈) (35) 

Then the yellow pixels in the connected region is compared 
with this local threshold. So an updated binary mask is 
produced which is the final result of CFAR detection. 

 
Fig. 4 Small-scale iterative CFAR 

The result of multi-scale iterative CFAR algorithm is 
shown in Fig.5 for the ALOS2 SAR image. Both red 
pixels and green pixels are target pixels as detected by 
large-scale CFAR algorithm. The red pixels are the final 
result after small-scale local CFAR filtering.  From 
Fig.5, the false alarms represented by green pixels 
mainly include residual land, bright sea clutter, and 
sidelobe leakage of bright targets. This experimental 
result demonstrates that small-scale CFAR can 
effectively discriminate the most of false alarms through 
modeling local clutter distribution.  

 
Fig. 5 Result of multi-scale iterative CFAR (green 

pixels: detected by large-scale CFAR but removed by 

small-scale CFAR; red pixels: final result of small-

scale CFAR). 

d) Maximum likelihood discrimination 
From the result of multi-scale CFAR, we can see there are 
some non-ship targets left, such as wharfs, dyke-dams, 
ledges, and islets and offshore buoyancy net cages, etc. 
These nearshore non-ship scatterers are primarily 
manmade constructions. Their average backscattering 
intensities are much higher than sea clutter but still 
generally lower than ship targets.  
The maximum likelihood discrimination method is 
proposed to further discriminate these nearshore non-ship 
targets. The steps of this method is described as follows: 
Coastal land clutter probability distribution is estimated 
using GΓD as 𝑝𝐿(𝑥|𝛽𝐿 , 𝜆𝐿 , 𝜈𝐿). 
Offshore ship targets probability distribution is estimated 
also using GΓD written as 𝑝𝑆(𝑥|𝛽𝑆 , 𝜆𝑆, 𝜈𝑆). 
Assuming that the selected nearshore target consists of 𝑁 
independent pixels, i.e. {𝑋𝑖|𝑖 = 1,2, ⋯ , 𝑁} , the log-
likelihood probability of all 𝑁 pixels belonging to coastal 
land clutter can be derived as: 

𝑙𝐿(𝛽𝐿 , 𝜆𝐿 , 𝜈𝐿) = ln {∏ 𝑝𝐿(𝑋𝑖|𝛽𝐿 , 𝜆𝐿 , 𝜈𝐿)

𝑁

𝑖=1

} 

 = 𝑁ln (
𝜈𝐿

𝛽𝐿
𝜆𝐿𝜈𝐿Γ(𝜆𝐿)

) + 

   ∑ [(𝜆𝐿𝜈𝐿 − 1) ln(𝑋𝑖) − (
𝑋𝑖

𝛽𝐿
)

𝜈𝐿
]𝑁

𝑖=1   

(36) 

Likewise, the log-likelihood probability of it belonging to 
ship targets can be written as: 

𝑙𝑆(𝛽𝑆, 𝜆𝑆, 𝜈𝑆) = 𝑁ln (
𝜈𝑆

𝛽𝑆
𝜆𝑆𝜈𝑆Γ(𝜆𝑠)

) +

 ∑ [(𝜆𝑆𝜈𝑆 − 1) ln(𝑋𝑖) − (
𝑋𝑖

𝛽𝑆
)

𝜈𝑆
]𝑁

𝑖=1   
(37) 

If 𝑙𝐿 < 𝑙𝑆, the target is regarded as a ship target. Otherwise, 
the target is classified as a non-ship target. 
 
e) Polarimetric discrimination 
It’s very difficult to discriminate the detected islets and 
ledges using the grayscale magnitude only. With 
polarimetric feature, we can further discriminate via 
different scattering mechanisms. The 2-D 𝐻/�̅� plane is an 
unsupervised classification scheme proposed by Cloude 
and Pottier [7]. Polarimetric parameter �̅� (0° ≤ �̅� ≤ 90°) 
is useful for identifying the dominant scattering 
mechanism. Polarimetric entropy 𝐻 (0 ≤ 𝐻 ≤ 1)  is a 
measure of statistical disorder of each distinct scatter type 
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within the ensemble. The dominant scattering mechanism 
of ship target is dihedral reflector scattering, thus a simple 
criterion is tested, i.e. 

{47.5° < �̅� ≤ 90°

0 ≤ 𝐻 < 0.5
 (38) 

 
3. EXPERIMENTS 

 

A. Experiments of POLSAR Image Classification 

In order to illustrate the practicability of the POLSAR 
surface classification method based on deep neural 
networks, we further verified the universality of the 
classifier trained with labeled data. The training data and 
test data come from the same POLSAR images obtained in 
different regions.  
The training data comes from the ALOS-2 POLSAR in the 
Nanjing area. The acquisition time is April 14, 2016, and 
the incident angle is 30.9°. Fig.6 is the ALOS-2 image of 
Nanjing area. In this area, four types of terrains used for 
training: buildings, vegetation, waters and bare land. After 
training the CNN classifier, the model is used to classify 
the ALOS-2 images in another area of Nanjing and 
Shanghai. In the classification results, red corresponds to 
buildings, green corresponds to vegetation, blue 
corresponds to waters, and yellow corresponds to bare 
land. 

 
Fig. 6 ALOS-2 image of Nanjing area. 

Fig. 7 shows the ALOS-2 POLSAR pseudo-color image, 
classification result and corresponding optical image in 
another area different from Fig. 6 of Nanjing. The 
classification of buildings, vegetation, and waters is 
basically correct in both places. However, the bare surface 
category in the test area is not very obvious, the yellow 
categories in the classification results are scattered. 

 
(a) 

 
(b) 

 
(c) 

Fig. 7 The classification result of ALOS-2 image in 

Nanjing area. (a) The ALOS-2 image, (b) The 

classification result, (c) The corresponding optical 

image. 

Fig. 8 shows the ALOS-2 POLSAR pseudo-color image, 
classification result and corresponding optical image in 
Shanghai area. The acquisition time is March 9, 2015, and 
the incident angle is 25.4 ° . Although the POLSAR 
images from Fig. 7 and Fig. 8 are from the same sensor, 
their acquisition time, location, and incident angle are very 
different. Judging from the classification results, the 
classification effect is ideal for various types of terrains, 
indicating that the CNN model can extract efficient 
features from ALOS-2 POLSAR data. 

 
(a) 

 
(b) 

 
(c) 

Fig. 8 The classification result of ALOS-2 image in 

Shanghai area. (a) The ALOS-2 image, (b) The 

classification result, (c) The corresponding optical 

image. 

 
B. Experiments of Ship Detection 
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False alarm ratio and miss ratio are introduced as 
quantitative measures to evaluate the ship detection 
algorithm’s performance. False alarm ratio is defined as 

FA =
𝑁𝑓𝑎

𝑁𝑡𝑡 + 𝑁𝑓𝑎

 (39) 

where 𝑁𝑓𝑎 denotes the number of falsely detected targets, 
𝑁𝑡𝑡 denotes the number of correctly detected ships. Miss 
ratio is defined as 

MA =
𝑁𝑔𝑡 − 𝑁𝑡𝑡

𝑁𝑔𝑡

 (40) 

where 𝑁𝑔𝑡 denotes the number of actual ships. 
Quality factor FoM is a combined factor of false alarm ratio 
and miss ratio 错误!未找到引用源。, i.e. 

FoM =
𝑁𝑡𝑡

𝑁𝑓𝑎 + 𝑁𝑔𝑡

 (41) 

FoM ranges from 0 to 1, with 1 indicating the best 
performance. To calculate these factors we have to have 
ground truth data. In this paper, human-interpreted results 
are used as the ground truth. 
The ship detection result of Zhoushan Islands is shown in 
Fig. 9. The background of this area is very complex and 
there are several hundreds of ships in the scene. Almost all 
of ships are detected. The ML discrimination has removed 
most false-alarm objects in nearshore area. Note that some 
islet targets in the white rectangle area are difficult to 
remove. An enlarged view of the white rectangle area is 
given in Fig. 10. These islet targets can be discriminated 
via polarimetric discrimination. 

 
Fig. 9 The final detected ship targets after ML 

discrimination of Zhoushan ALOS-2 SAR image. The 

left is ship detection result and the right is a partial 

enlargement figure. 

The polarimetric discrimination result is shown in Fig. 10. 
It demonstrates that polarimetric feature can greatly 
improve discrimination capability because the most of 
islets or ledges are natural random media which has distinct 
polarimetric feature than ship targets. The final ship 
detection result of Zhoushan Islands is shown in Fig. 11. A 
quantitative result of the detection performance is given 
later in Table 1. Note that recently developed polarimetric 
methods should be explored in the future in terms of using 
multi-polarization SAR image to discriminate and further 
classify ship targets [8][9]. 

 
Fig. 10 The left is before polarimetric discrimination 

and the right is after polarimetric discrimination. 

 
Fig. 11 Final ship detection result of Zhoushan Islands, 

China. 

As shown in Fig. 12 and Fig. 13, two L-band HH SAR 
images from ALOS2 are chosen to test the validity and 
robustness of the proposed algorithm. 

 
Fig. 12 Ship detection of ALOS-2 SAR image of Kamo, 

Japan (Red pixel: ship targets, green pixels: detected 

non-ship targets). Left is the target detection result 

and the right is target discrimination result. 

 
Fig. 13 Ship detection of ALOS-2 SAR image of 

Matsusaka, Japan (Red pixels: ship targets, green 
297



pixels: detected non-ship targets) Left is target 

detection result and the right is target discrimination 

result. 

Table 1 Evaluation of the algorithm performance 

District FA MA FoM 
Zhoushan, 

China 6.79% 5.17% 0.887 

Zhoushan, 
China 7.10% 2.30% 0.955 

Kamo, 
Japan 7.55% 0 0.925 

Matsusaka, 
Japan 6.67% 2.33% 0.875 

Table 1 lists all the performance metrics of three 
experiments. It demonstrates that the ship detection and 
discrimination algorithm for complex background 
proposed performs well in terms of the used three metrics. 
This algorithm can greatly suppress the interference caused 
by false alarm objects, especially nearshore non-ship 
targets, such as wharfs, dyke-dams, islets and ledges, etc. 
Note that polarimetric information is not used in 
discrimination for all four cases listed here. 
 

4. CONCLUSION 

For POLSAR land cover classification, a novel POLSAR 
terrain classification framework is proposed using deep 
convolutional neural networks. And six characteristic 
parameters are selected to represent the original POLSAR 
data. Spatial information is naturally employed to terrain 
classification due to the properties of convolutional 
networks. The proposed method has been validated by two 
datasets in different area from ALOS-2 POLSAR image.  
For ship detection of POLSAR images, the algorithm 
proposed can automatically adapt to various complex 
maritime environments. The detector adopts a multi-scale 
fast CFAR based on the generalized Gamma distribution. 
Finally, ML intensity-based and polarimetric methods are 
used to discriminate non-ship targets. Three experiments 
demonstrate that good performance, high robustness and 
low complexity of the proposed method. The algorithm 
proposed affords a broad application prospect for fishery 
industry, protection of oceanic environment and resources, 
defense industry and military field.  
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INTRODUCTION 
The main purpose of this project is to use PALSAR and 

PALSAR-2 data to monitor ground deformation near 

active in China, and to study the seismic activity 

characteristics and future seismic risk of active faults. 

PROJECT IMPLEMENTATION 
We obtained about 60 scenes of PALSAR and PALSAR-2 

data from JAXA, performed interferometric processing 

and generated interferograms. We found that there are 

obvious residual phases of orbit errors all interferograms 

(see Fig. 1). Generally, the interferogram includes surface 

deformation phase, atmospheric residual phase, terrain 

error phase, orbit error phase, and thermal noise [1-5]. To 

extract the surface deformation phase from these 

interferograms, other signals must be eliminated. This is a 

difficult problem in InSAR deformation research. 

Fig. 1: PALSAR-2 interferograms with orbital error 

phase. 

In China, the interferograms of small baseline sets of 

PALSAR and PALSAR-2 data are very rare, and the 

multi-temporal interferogram processing method is 

difficult to apply. Therefore, we encountered great 

difficulties during the implementation of this project. 

Therefore, we adjusted our research goals. Recent work is 

mainly to study the methods of eliminating various errors 

in interferograms. In view of the obvious orbit error phase 

in the interferogram, we focused on the study of 

interferogram orbit error elimination algorithm. Based on 

the analysis of the advantages and disadvantages of the 

existing orbit error elimination algorithm, we developed a 

new method by accurately estimating the orbit phase 

frequency to eliminate the orbit error phase in these 

interferograms. 

OUTPUT 
We have published an article and noted that the SAR data 

comes from this project. The title of this article is: 

“Accurate frequency estimation for removal of orbital 

fringes in SAR interferograms”. 

REFERENCES 

[1] Fattahi, H., and F. Amelung. 2014. InSAR Uncertainty Due to Orbital 

Errors. Geophysical Journal International 199: 549–560. 

[2] Osmanoglu, B., F. Sunar, S. Wdowinski, and E. Cabral-Cano. 2016.

Time Series Analysis of InSAR Data: Methods and Trends. ISPRS 

Journal of Photogrammetry and Remote Sensing 115: 90–102.

[3] Dochul Yang, Sean M. Buckley, 2011. Estimating high-resolution 

atmospheric phase screens from radar interferometry data, IEEE 

Transactions on Geoscience and Remote Sensing, 49(8), 3117-3128.

[4] Manoochehr Shirzaei, 2013. A wavelet-based multitemporal DInSAR

algorithm for monitoring ground surface motion, IEEE Geoscience and

Remote Sensing Letters, 10(3), 456-460.

APPENDIX 
Xianjie Zha, Zhigang Shao, Zhiyang Dai and Yazhu Dong, 2020. 

Accurate frequency estimation for removal of orbital fringes in SAR 

interferograms, International Journal of Remote Sensing, 

doi:10.1080/01431161.2020.1731772. 

Final Report on the 6th ALOS-2 Research Announcement 

299



APPLICATION OF ALOS-2 INSAR TO VOLCANO DEFORMATION 

PROCESSES 
PI No. 3024 

Paul R. Lundgren 

 Jet Propulsion Laboratory, California Institute of Technology, Pasadena, CA, 91109 USA 

1. INTRODUCTION

The goal of this project was to integrate ALOS-2 data to 

evolving volcano unrests along the Pacific Rim, with an 

emphasis on South America. We proposed to compare 
ALOS-2 data with InSAR data from other sensors, 

including satellites such as COSMO-SkyMed, 

RADARSAT-2, and Sentinel-1. For most volcanoes 

showing signs of unrest, or deformation found by accident, 

the applicability of each sensor will depend on the 

characteristics of the deformation and the surface 

environment, with respect to the characteristics of the 

satellite mission and the radar performance. Thus, in 

general having a suite of SAR systems from which to 

choose offers the best chance of retrieving useful signals. 

This project’s primary objective is to investigate the spatial 

and temporal transport of magma within volcanic systems 
in order to improve our ability to forecast the evolution of 

volcano unrest and volcanic eruptions. The project’s 

significance is that the spatiotemporal variation of volcano 

surface deformation is a fundamental observable for 

constraining the physical models of magma transport and 

the conditions under which volcanoes erupt. The large 

spatial coverage and dense spatial sampling of InSAR play 

an especially important role for volcano deformation 

studies.  Significant results have been obtained this year for 

several interesting and diverse volcanoes (Fig. 1): the 2018 

Kilauea eruption (ongoing); two eruptions within a week 
of each other in June 2018 in the Galapagos Islands; and 

Domuyo volcano, Argentina, that showed no signs of 

unrest but was found to be inflating at a fast rate (~12 

cm/yr) during the entire ALOS-2 mission time period and 

is still inflating. Sierra Negra, Galapagos, Domuyo volcano, 

Argentina, and the 2020 eruption of Taal volcano, 

Philippines were the subject of multiple manuscripts 

(Lundgren et al., 2020; Bell et al., 2021; Bato et al., 2021). 

Domuyo was first imaged with ALOS-2 data under our 

RA4 project P1326 and will be continued under this RA6 

project. 

2. PROCESSING SYSTEM FOR ALOS-2

PRODUCTS 

We used the InSAR processing module based on the JPL 

InSAR Scientific Computing Environment (ISCE) [1] 

developed by Liang et al. [2] to measure ground 

deformation with the data acquired by the Japan Aerospace 

Exploration Agency (JAXA) Advanced Land  

Fig. 1. Wrapped ALOS-2 interferograms for three 

volcanoes under analysis through this RA6 project. 

Top, portion of a 3-year ALOS2 SM3 interferogram 

for Domuyo volcano, Argentina; middle, ALOS-2 SM3 

interferogram covering the first month of the 2018 
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Kilauea volcano, Hawaii, eruption; bottom, a portion 

of the WD1 interferogram spanning the ongoing 

Sierra Negra, Galapagos, Ecuador, eruption. This 

figure shows the diversity in volcanic deformation we 

are studying and the great need for L-band SAR data 

in order to maintain coherence as well as to measure 

large (meter-scale) surface displacements. 

Observing Satellite-2 (ALOS-2) Phased Array L-band 
Synthetic Aperture Radar-2 (PALSAR-2) instrument. We 

used the Liang et al. [2-3] method to process ALOS-2 L1.1 

single-look complex (SLC) data from both SM1, SM3, and 

WD1 (full-aperture) products processed by JAXA.  

 

 
Fig. 2. Wrapped ALOS-2 ScanSAR pair 2015/04/04–

2018/01/20 interferogram in radar coordinates. Top is 

original interferogram, center is estimated ionospheric 

phase, bottom is interferogram after correction. Scene 

is a portion of the 350 km wide swath, using sub-

swaths 3, 4, 5. Fringes are at the nominal 11.8 

cm/cycle. This example’s data were acquired under 

our previous RA4 project P1326. 

An important capability of the ALOS-2 ISCE-based 

processing code is the ability to analyze the ionospheric 

path delay through a split spectrum approach [2]. An 

example of the ionospheric effects found in the southern 

Andes (around 37° S latitude) in 3 subswaths of an ALOS-

2 ScanSAR pair from 2015/04/04 to 2018/01/20 is shown 

in Fig. 2. Deformation fringes from two deforming 

volcanoes (Laguna del Maule towards the top and Domuyo 

volcano below; Lundgren et al., 2020) are evident among 

the ionospheric fringes. The correction removes the strong 
ionosphere phase while preserving the true volcano 

deformation. On the right of the image, there is still 

residual phase. This is likely caused by the poor 

performance of the ionospheric correction in this area as 

the range split-spectrum approach relies on coherence.  

 

3. VOLCANOES OBSERVED WITH ALOS-2 

 

We processed ALOS-2 data for a number of volcano 

studies and as part of volcano response efforts aimed at 

assisting local volcano observatories, especially in Hawaii, 

Guatemala, Colombia, Ecuador, Chile, and Argentina (Fig. 
3). In some cases (Ecuador, Colombia) we coordinated 

both with the local observatory and with the U.S. 

Geological Survey (USGS) and the Volcano Disasters 

Assistance Program (VDAP).  

 

 
Fig. 3. Map of volcanoes (red triangles) where we 

have analyzed ALOS-2 data in 2018. 

 

One such example is for Fuego volcano in Guatemala in 

which resolvable deformation was observed (Fig. 4). Here 

the 14-day interferogram shows no apparent short-term 

deflation associated with the eruption, but volcanoes with 

what are considered “open” systems often do not appear to 
deform, although this may be a problem with either the 

coarse temporal sampling of the SAR data acquisitions or 

a process that results in only very small deformation. 

 

One of the most significant sets of ALOS-2 data were 

acquired for the on-going Kilauea rift-zone 

intrusion/eruption and summit activity. ALOS-2 

interferograms for the Lower East Rift Zone (LERZ) 

showed significant deformation within the first week of the 

eruption (Figure 5, left). These spanned both the dike 

opening as well as a M6.9 earthquake. As the eruption 
continued at a low effusion rate in the first two weeks 

(through May 18) significant deformation was ongoing 

(Fig. 5, right) as pre-existing magma in the LERZ was 

pushed out of the way of the hotter, less viscous magma 

Kilauea

Galapagos

Fuego

Chiles

Domuyo

Cordon Caulle
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coming from the summit. The summit magma fed the more 

voluminous lava flows after May 18 but marked the end of 

significant LERZ deformation (Fig. 6). 

 

 

 
Fig. 4. ALOS-2 wide-swath interferogram 

2018/05/24 to 2018/06/07 spanning the June 3, 2018 

eruption which generate pyroclastic flows that 

killed over 100 people. The ALOS-2 interferogram 

from WD1 data shows no significant deformation of 

the volcano. 

 

 
Fig. 5. ALOS-2 interferograms related to the dike 

opening of the lower East Rift Zone (LERZ) of Kilauea 

volcano during the 2018 dike intrusion and fissure 

eruption. Fringe patterns show th combined effects of 

dike opening and the M6.9 earthquake on the left, with 

pure dike opening shown on the right. Both are from 

p89 SM3 data. 

 

The significant number of ALOS-2 data provided by JAXA 
in response to the Kilauea eruption were more than we can 

show here. These data will be the focus of research into the 

eruption kinematics and dynamics by the JPL group as well 

as colleagues at the U.S. Geological Survey. JAXA’s 

exceptional response to this volcano crisis served not only 

the Hawaiian Volcano Observatory (HVO) in their 

situational awareness, especially in the initial 2 weeks 

through the ALOS-2 low latency and ALOS-2’s high 

coherence in the critical LERZ, but they also provide a 

unique data set for constraining the Kilauea plumbing 

system. 

 

 

Fig. 6. Kilauea eruption ALOS-2 interferogram 

p185, WD1, 20180609-20180526 14 day interfeogram 

showing that by May 26 there was no significant 

deformation continuing in the LERZ, with continued 

significant summit deflation as well as mild middle 

ERZ deflation occurring as magma continued to 

withdraw from the summit through the MERZ 

feeding flows from the LERZ fissures. 

 
Two very interesting eruptions of 2018 were at Fernandina 

and Sierra Negra volcanoes, in the Galapagos Islands. Each 

of these volcanoes (as well as Kilauea) will be the focus of 

Dr. Marco Bagnardi, a new postdoctoral scholar at JPL. 

The complexity of these eruptions is evident in the 

interferograms shown in Fig. 1, bottom, for Sierra Negra 

and in Fig. 7, for Fernandina. The large amplitude of 

deformation (meter level at Fernandina and nearly 5 m at 

Sierra Negra) highlight the need for L-band in order to 

minimize aliasing of the deformation when the fringe-rate 

approaches the pixel size, as well as for improved 
performance in vegetated terrains. The Sierra Negra 

eruption and interferograms from ALOS-2 were included 

in the paper by Bell et a1. (2021). 

 

2018.05.22-2018.05.082018.05.08-2018.01.30
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Fig. 7. ALOS-2 interferogram for Fernandina from 

the same 2018.06.29-2018.05.18 WD1 interferogram 

shown in Fig. 1, bottom. Here we see the complex 

deformation pattern of inflation of the summit 

caldera and positive line-of-sight (LOS) 

displacement of the eastern side of the dike to the 

north as magma propagated northward and erupted 

onto the north flank of the volcano. 

 
The final example is given by the eruption of Taal volcano, 

Philippines, in January 2020 (Fig. 8). In a recent paper by 

Bato et al. (2021) we combine ALOS-2 and Sentinel-1 

interferograms and time series to model the pre- and co-

eruption sources to understand the nature of the eruption 

and show that the eruption might have been much larger if 

not for the re-direction of magma into a very large (~0.5 

km3) lateral dike. 

 

4. ANALYSIS OF ALOS SAR DATA 

 
ALOS SAR data were analyzed as part of our study on 

Domuyo volcano, Argentina (Lundgren et al., 2020). There 

were three significant dates in 2008, 2010, and 2011 from 

the descending track and another pair from an ascending 

track (that verified the ~half a fringe deflation signal). This 

was the only satellite available at that time to show this 

deflation, a critical piece of information towards 

unraveling the subsurface deflation-inflation signal that 

allowed us to infer different physical models. 
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Fig. 8. ALOS-2 interferogram the January 12, 2020 

eruption of Taal volcano, Philippines. Interferogram is 

from 2020.01.26 – 2019.09.08 and is a combination of 

dike opening to the SW and deflation of a ~5-6 km deep 

magma reservoir beneath Volcano Island in the center 

of the caldera (Bato et al., 2021). 
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1. INTRODUCTION

This RA6 project builds upon our previous work applying 
ALOS-2, mostly WS1 scanSAR, to producing large-scale 
InSAR time series over most of central and southern 
California along the San Andreas fault, the primary fault 
that accommodates more than half of the North America – 
Pacific relative plate motion. This report reflects our work 
on the InSAR processing and time series work towards 
developing a comprehensive InSAR time series 
deformation field across California. Currently most of the 
ALOS-2 processing has been devoted to extending the 
processing. Analysis of the existing ALOS-2 data is 
currently being used for understanding fault mechanical 
models of southern California fault systems. 

Our understanding of earthquake occurrence and plate 
boundary zone mechanics has evolved from a fairly simple, 
static/cyclic-occurrence/constant-velocity paradigm to one 
in which transient stresses modulate earthquake occurrence. 
In this new paradigm earthquakes respond to each other 

# © 2018. All rights reserved. 

and through lithospheric mechanical feedback mechanisms 
to produce non-steady-state behavior. Transient stress and 
strain in the crust and upper mantle are the result of both 
the interactions of individual sets of recent earthquakes, 
which cause coseismic static stress changes followed by 
postseismic stress changes that evolve over varying time 
scales, and potentially, residual stress changes that evolve 
over longer time scales and generate earthquake clustering 
that is linked in both space and time. Advances in this field 
have resulted from combinations of the seismic record, 
geologic observations, and geodetic observations, coupled 
with numerical models. Our ability to understand and 
quantify these processes has improved as the spatial and 
temporal resolutions of surface deformation observations 
have improved. 

In this proposal we seek to relate the spatiotemporal 
variation of surface deformation to infer the slip and 
mechanical variations of faults and the rheology of the 
lithosphere along the plate boundary zone in southern 

Figure 1. Examples of C-band Sentinel-1A TOPS interferometry (a) and L-band ALOS-2 ScanSAR 
interferometry (b, c) in central California. (a) Sentinel-1A descending track interferometric pair of 
2016/04/12-2016/04/24, consisting of three subswaths and two frames/slices along track, processed at 7 
azimuth x 17 range looks with a swath width of ~250km. (b, c) ALOS-2 ScanSAR interferometry of 
2015/03/01-2016/01/17 from descending track 167 before (b) and after ionosphere noise correction (c). Each 
consists of 5 subswaths processed at 28 azimuth x 5 range looks with a swath width of ~350km. The surface 
deformation due to tectonic and non-tectonic sources shows up clearly after the correction. 
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California. We will focus on the San Andreas fault system 
that lies adjacent the Los Angeles metropolitan area. 
Our objectives are to address three main questions:  

• How do fault slip-rates across the San Andreas 
Fault (SAF) and other faults near Los Angeles 
derived from space geodesy compare to 
geologic slip rates?  

• What is the fault mechanical spatiotemporal 
behavior along SAF from the locked Carrizo 
Plain section to the north through Cajon Pass 
and to the southern SAF?  

• What are the mechanical responses of the 
lithosphere and faults in the Mojave and 
southern California regions following the 1992 
Landers/1999 Hector Mine earthquakes?  

•  
We proposed to combine improved spatiotemporal 
deformation maps derived from InSAR and GPS time 
series with advanced numerical modeling techniques to 
better resolve fault slip/locking and to constrain models of 
lithosphere rheology. The uniqueness of our approach is its 
improvement in the spatiotemporal resolution of surface 
deformation measurements across the deforming plate 
margin in southern California through the computation of 
InSAR deformation time series. To address each of our 
objectives we will analyze InSAR time series from new 
ALOS-2 acquisitions with existing ERS, Envisat, ALOS 
satellite data and future Sentinel-1a/b data once they 
become available. Where possible we will also add 
TerraSAR-X data. Archive ERS, Envisat, and ALOS-1 
data have been obtained previously through the WInSAR 
archive. TerraSAR-X data was obtained from the German 
Space Agency (DLR) through the Los Angeles Supersite 
proposal through the Group on Earth Observations (GEO) 
to DLR. We will combine InSAR time series and InSAR 
mean velocity maps with GPS solutions to achieve our 
scientific objectives. 
 

 

Figure 2. ALOS-2 SM3 (strip-map 3) interferograms 
covering parts of Los Angeles metropolitan area and 
the San Andreas fault. Data were processed at JPL 
using the ISCE software package. 

 
2. PROCESSING SYSTEM FOR ALOS-2 

PRODUCTS 
 
We use the InSAR processing modules based on the JPL 
InSAR Scientific Computing Environment (ISCE) [1] 
developed by Liang et al. [2] to measure ground 
deformation with the data acquired by the Japanese 
Aerospace Exploration Agency (JAXA) Advanced Land 
Observing System-2 (ALOS-2) Phased Array L-band 
Synthetic Aperture Radar-2 (PALSAR-2) instrument. We 
used the Liang et al. [2-3] method to process ALOS-2 L1.1 
single-look complex (SLC) data from both SM1, SM3, and 
WD1 (full-aperture) products processed by JAXA. ISCE is 
also used to process European Space Agency (ESA) 
Sentinel-1 wide-swath data. 

 
An important capability of the ALOS-2 ISCE-based 
processing code is the ability to analyze the ionospheric 
path delay through a split spectrum approach [2]. An 
example of the ionospheric effects found in southern 
California (around 36° N latitude) is shown in Fig. 1. 
Deformation fringes from groundwater withdrawal and 
resulting ground subsidence are evident among the 
ionospheric fringes. The correction removes the strong 
ionosphere phase while preserving the true ground 
deformation. On the left of the image, there is still residual 
phase. This is likely caused by the poor performance of the 
ionospheric correction in this area as the range split-
spectrum approach relies on coherence or due to 
tropospheric phase delay over the mountains to the east or 
along the coast to the west.  
We have also processed some SM3 data (Fig. 2) although 
the less frequent temporal sampling and the smaller spatial 
coverage means that SM3 data will only be used for 
specific cases, such as hydrocarbon withdrawal or smaller 
scale hydrology signals.. 
 

3. ALOS PROCESSING 
 
To achieve our proposed objectives we are developing fault 
and crustal time variable models constrained by 
archive/future InSAR and GPS time series. The unique 
capability we bring to bear on our scientific questions lies 
in the computation of an InSAR time series for much of the 
deforming plate boundary of California combined with 
forward and inverse numerical modeling capabilities. As 
part of Earthscope, we are using combined continuous GPS 
time series from Scripps Orbit and Permanent Array Center 
(SOPAC)  (http://garner.ucsd.edu/pub/timeseries/). ALOS 
archive PALSAR data (Figure 3) were used to create an 
InSAR time series mean velocity map (Figure 4). These 
data. Combined with GPS, are being used to constrain 
elastic fault locking/creep models for the San Andreas 
Fault (SAF) system as well as viscoelastic earthquake cycle 
models of the locked portions of the Mojave and Southern 
SAF. 

 
4. PRELIMINARY RESULTS 
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In addition to ALOS and ALOS-2 InSAR, NASA 
airborne UAVSAR has been mapping the entire SAF 
system systematically since 2009. Thanks to its optimized 
viewing geometry and very high spatial resolution, 
UAVSAR provides crucial near fault deformation 
measurement for resolving shallow fault slip. Our initial 
time series analysis of ALOS data combined with 
UAVSAR data from the central San Andreas fault shows 
localized deformation associated with fault creep across 
fault zones with a data spatial resolution of ~6 m and clear 
variability along strike (Figure 4). Discovery of 
distributed creep prompts the following questions: 1) How 
ubiquitous is distributed creep? 2) What controls the 
degree of strain localization along the different parts of 
the fault? 3) Could such distributed creep be explained by 
shallow slip and slip deficit (locking) or are more 
complicated mechanisms such as compliant fault zone or 
distributed inelastic deformation needed [4-5]? Our 
preliminary slip models that incorporate near-field 
deformation measurement from UAVSAR, along with 
ALOS and in-situ GPS shows that the data can be fit well 
with distributed creep and elastic locking (Figure 4). 

 
Fig. 3. Mosaic view of the selected ALOS-

Interferograms from track 213, 214, 215, 216, 218, 
219, 220, 221 that cover most San Andreas fault 

system in southern California. All interferograms 
have > 3 yr temporal baseline and show remarkable 

coherence. The fault creep and locking related 
deformation is clearly seen in the central SAF and 
Cholame segment. Phase is wrapped at 2π radians. 
Blue dotted boxes show ALOS-1 frames that have 

more than 8 acquisitions. 
 

 

 
Our continuing work with deep stacks of ALOS-2 wide-
swath data using the processing software indicated in 
Section 2, above [2-3], will allow us to extend the InSAR 
time series analysis to the entire central and southern San 
Andreas fault system to better resolve transient slip and the 
contributions from groundwater withdrawal and other 
anthropogenic sources. This work is on-going and the 
maturation of several research threads will be submitted to 
peer-reviewed journals within the next year. 
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Figure 4. Central San Andreas Fault mechanics. (a) ALOS mean LOS velocity map and cross-fault profiles (blue: 
InSAR; red points with error bar: projected GPS velocities). Yellow line is portion of SAF-Calaveras fault model 
(red lines: model surface traces) shown in (c). (b) UAVSAR mean LOS velocity map from five fault 
perpendicular paths in the creeping segment of the CSAF. Different profiles along strike are shown in (d). Inset: 
UAVSAR coverage along the CSAF. (c) Estimated fault slip using GPS, ALOS, with UAVSAR data from swaths 
A-C in (b) (bottom panels) and without UAVSAR (top-panels). For each panel, the top subpanel shows the 
zoomed view of fault creep at shallow depth (<6km). Inclusion of UAVSAR resolves well fault creep at shallow 
depth (< 2km), as seen in the lower checkerboard test. (P=Parkfield) (d) UAVSAR distributed creep from five (1 
km wide x 4 km long) profiles along fault strike. 
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1. INTRODUCTION

Early detection, monitoring and warning of landslides is a 
major and popular issue in the research field of geo-hazards, 
and this issue has become possible with the rapidly 
development of InSAR(Interferometric Synthetic Aperture 
Radar) technology. Due to the influences of complex 
regional topography and vegetation cover, improving the 
data accuracy of InSAR in monitoring the development of 
progressive landslides has become a challenge and urgent 
problem to be solved. In this research, Wudongde 
hydropower reservoir area, where landslides occur 
extensively, is investigated to further promote the 
application and monitoring accuracy of InSAR. The main 
works of this research include: (1) Considering the 
scientific problem that InSAR technology can't effectively 
identify and monitor all landslides in mountainous and 
valley areas , a computation model of the Ground Local 
Incident Angle (GLIA) is putted forward and established 
based on the response relationship of the terrain and the 
satellite attitude parameters, the relationships of the GLIA 
and the interference characteristics of InSAR data were 
quantitatively analyzed and computed, the conclusion is 
drawn that the optimal range of GLIA is 50-deg to 60-deg 
for InSAR applying in mountain and it is relatively reliable 
with 0-deg to 90-deg range of GLIA, but the 
interferometric result of the layover(<0 deg) and the 
shadow( >90deg)area are noneffective, at the same time, 
the layover and the shadow area are accurately calculated, 
and accurate locating of effective monitoring area is 
realized;(2) to solve the scientific problem that interference 
point target can't be extracted adequately in vegetation-
covered mountainous area, a computational system of PS-
DS InSAR is putted forward and constructed, which the 
Kolmogorov-Smirnov(K-S) was used to detect Statistically 
Homogeneous Pixels(SPH) as Distributed Scatterers, then, 
the PS and DS points were used as the interference points 
of the same property. The results show that under the same 
terrain and data coverage, the extraction density of the 
interferometric targets in the research area is increased by 
more than one-third and the accurate extraction of surface 
deformation is realized in the vegetation cover area and 
mountain area by PS-DS InSAR technology; (3) The 
accurate detection and locating of regional landslide is 
realized in Wudongde hydropower reservoir area based on 

the sliding mechanism and spatial-temporal evolution of 
deformation. In addition, the Jinpingzi landslide was 
studied in detail, and the calculation model of three-
dimensional surface deformation to line-of-sight 
deformation transformation was established, which realize 
the accurate verification of the single-point monitoring 
results.  

An algorithm system that was developed for early detection 
and monitoring of progressive regional landslides with 
greater monitoring accuracy based on InSAR technology 
in the region of complex terrain and vegetation region. That 
solve the technical problem that InSAR technology is 
unable to meet the practical needs, the early dynamic 
detection and accurate monitoring of regional landslides be 
achieved in mountainous areas of complex topography and 
vegetation cover, that solves the scientific problem that 
landslide hazards cannot be monitored and warned. 

2. STUDY AREA AND AVAILABLE DATA

2.1 Study Area 

The study area lies in the vicinity of Wudongde 
Hydropower Reservoir at the junction of Luquan and 
Huidong counties in Yunnan and Sichuan provinces, China, 
respectively, as shown in Fig.1, and the study area is about 
400 km2. The hydropower station is located in the 
downstream reach of Jinsha River, which cuts to a depth of 
about 1000–2000 m in the Wudongde Hydropower 
Reservoir region. Elevations range from 2000 to 3500 m 
above sea level (a.s.l.) on both sides of the valley, which 
has an average slope of >30–45°. The exposed Cenozoic, 
Mesozoic, Paleozoic and Mesoproterozoic strata in the 
reservoir area mainly include Quaternary, Cretaceous–
Jurassic, Triassic, Permian, Cambrian, Sinian, Gabbro, and 
Granite, the rising and falling water level in the reservoir 
can lead to adverse changes in the geologic and 
anthropomorphic environment that have resulted in the 
occurrence of landslides at all scales on the surrounding 
slopes. In particular, the Jinpingzi landslide, which 
occurred about 900 m from the dam site, directly affects 
the safety and normal operation of the reservoir. A 
background map of the study field is shown in Fig.1, and 
the suspected landslides are the areas whose features were 
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found to be very similar to the landslide in the field survey. 
The investigated area is framed in a purple square in this 
figure and represented by a red circle in the vicinity map; 
detailed information (zonation and ETS point arrangement) 
of the Jinpingzi landslide is inserted in the lower right 
corner. 

 
Fig.1 Topographically shaded aerial photo showing 
names and outlines of supposed landslide areas in the 
study area. A vicinity map in the upper left shows the 
location of the study area within China. An inset map 
in the lower right shows the zones and Electronic Total 
Station (ETS) monitoring sites within the Jinpingzi 
landslide area 
 
2.2 Available Data 
 
Nineteen scenes of Phased Array-type L-band Synthetic 
Aperture Radar (PALSAR-1) ascending acquisitions of the 
ALOS-1 satellite, two scenes descending and ten scenes 
ascending acquisitions of ALOS-2 PALSAR-2, with a 
wavelength of 230 mm (L band), were applied. The Shuttle 
Radar Topography Mission (SRTM) digital elevation 
models (DEMs) (3 arc-second) were interpolated and 
corrected to provide auxiliary 10 m DEM data. The 
parameters of PALSAR data are shown in Table 1. 
 

3. IMPORTANT PROGRESS AND RESULTS 
 

3.1 A GLIA Computation Model was Putted Forward 
and Established 
 
3.1.1 GLIA and its Calculation Model 
 
The GLIA is defined as the intersection angle between the 
propagation vector of the radar wave and the surface 
normal of a ground point; it is determined by the incidence 
and azimuth angles of the satellite as well as the slope and 
aspect of each ground point [1-2]. A geometric sketch of 
GLIA is shown in Fig.3, where 𝜃  is the incident angle, 
which is the Angle between the radar wave propagation 
vector and the vertical direction; 𝜕 is the local slope angle 
of the ground point, and 𝜃loc is the GLIA. The 𝛿 and 𝜔  are 
the local aspect angle of the ground point and the horizontal 

angles of Line of Sight (LOS) direction, respectively, 
where they are clockwise rotational horizontal angles and 
their zero direction is the north. Finally, Vs, Vn, and Va are 
the vector of LOS direction, the vector of the ground point 
normal direction, and the vector composition of Vs and Vn, 
respectively. 
Thus, 𝜔  can be expressed as follows: under the right sight 
condition, 𝜔 = Azimuth Angle + 90°; under the left sight 
condition, 𝜔  = Azimuth Angle −90°. The right sight 
condition is shown in Fig.3 as an example. 

 
Fig.2 Geometric sketch of the GLIA, where the three 
dimensions are shown as X, Y, and Z. Note: 𝜽  , the 
incidence angle; 𝜽𝒍𝒐𝒄 , the GLIA; 𝜹 , the local aspect 
angle of the ground point; 𝝏 is the local slope angle of 
the ground point; 𝝎  the horizontal angles of LOS 
direction 
 
The three components of Vs can be written using Equations 
(1)-(3): 
 

   𝑋 = |Vs| × sin θ × cos ω,         (1) 
 

𝑌 =  |Vs| × sin θ × sin ω,                (2)  
                                                                

𝑍 = −|Vs| × cos θ,                        (3) 
 

The three components of Vn can be written using 
Equations (4)-(6): 
 

𝑋 = |Vn| × sin ∂ × cos δ, (4) 
 

𝑌 = |Vn| × sin ∂ × sin δ, (5) 
 

𝑍 = |Vn| × cos ∂, (6) 
 

Thus, the three components of Va can be written using 
Equations (7)-(9): 
 

𝑋 = 𝑋 + 𝑋 , (7) 
 

𝑌 = 𝑌 + 𝑌 , (8) 
 

𝑍 = 𝑍 + 𝑍 , (9) 
 

310



3 
 

Table 1 Parameters of the available phased array-type L-band synthetic aperture radar (PALSAR) data 

Serial 
Number 

Observation 
Date 

Polarization 
Mode 

Center 
Latitude 
(Degree) 

Center 
Longitude 
(Degree) 

Center 
Incident 
Angle 
(Degree)  

Center 
Azimuth 
Angle 
(Degree) 

Temporal 
Baseline 
(Day) 

Orbital 
Model 

Satellite 

0 20070712 FBD/HH 26.254° 102.409° 38.747° 84.060° 0 Asc 

ALOS-1 

1 20070827 FBD/HH 26.251° 102.408° 38.724° 84.084° 46 Asc 

2 20071012 FBD/HH 26.250° 102.414° 38.734° 84.097° 92 Asc 

3 20080112 FBS/HH 26.248° 102.417° 38.732° 84.114° 184 Asc 

4 20080227 FBS/HH 26.250° 102.421° 38.732° 84.104° 230 Asc 

5 20080413 FBS/HH 26.253° 102.426° 38.740° 84.088° 276 Asc 

6 20080714 FBD/HH 26.253° 102.397° 38.729° 84.064° 368 Asc 

7 20080829 FBD/HH 26.252° 102.373° 38.714° 84.052° 414 Asc 

8 20081014 FBD/HH 26.252° 102.389° 38.747° 84.060° 460 Asc 

9 20081129 FBS/HH 26.250° 102.393° 38.756° 84.077° 506 Asc 

10 20090301 FBS/HH 26.251° 102.395° 38.741° 84.077° 598 Asc 

11 20090901 FBD/HH 26.252° 102.404° 38.735° 84.066° 782 Asc 

12 20091017 FBD/HH 26.249° 102.407° 38.735° 84.094° 828 Asc 

13 20100117 FBS/HH 26.250° 102.411° 38.746° 84.096° 920 Asc 

14 20100720 FBD/HH 26.253° 102.416° 38.733° 84.074° 1104 Asc 

15 20100904 FBD/HH 26.252° 102.417° 38.723° 84.090° 1150 Asc 

16 20101205 FBD/HH 26.249° 102.422° 38.744° 84.117° 1242 Asc 

17 20110120 FBS/HH 26.251° 102.423° 38.739° 84.105° 1288 Asc 

18 2110307 FBS/HH 26.248° 102.433° 38.757° 84.131° 1334 Asc 

19 20150103 FBS/HH 26.283° 102.425° 42.901° −82.398° 0 Desc 
ALOS-2 

20 20160102 FBS/HH 26.823° 102.425° 42.903° −82.398° 364 Desc 

21 20140926 FBD/HH 25.999° 102.484° 31.409° 79.232° 0 Asc 

ALOS-2 

22 20141205 FBD/HH 25.998° 102.484° 31.403° 79.231° 70 Asc 

23 20150213 FBD/HH 25.999° 102.483° 31.406° 79.235° 140 Asc 

24 20150925 FBD/HH 25.998° 102.483° 31.403° 79.231° 364 Asc 

25 20160212 FBD/HH 25.999° 102.484° 31.410° 79.235° 504 Asc 

26 20160715 FBD/HH 25.999° 102.484° 31.413° 79.234° 658 Asc 

27 20160923 FBD/HH 25.999° 102.483° 31.403° 79.233° 728 Asc 

28 20170210 FBD/HH 25.999° 102.484° 31.412° 79.233° 868 Asc 

29 20181214 FBD/HH 25.999° 102.485° 31.412° 79.232° 1540 Asc 

30 20190111 FBD/HH 25.998° 102.485° 31.403° 79.232° 1568 Asc  
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Based on cosine law: 
 
|𝑉𝑎| = |𝑉𝑛| + |𝑉𝑠| + 2|𝑉𝑛| × |𝑉𝑠| × 𝑐𝑜𝑠 𝜃 ,       (10) 

 
Thus, 
θ = arc cos[cos ∂ × cos θ − sin θ × sin ∂ × cos(ω − δ)],  (11) 
 
3.1.2 Calculation of GLIA  
 
Both ascending and descending data from ALOS PALSAR 
were used in this study; the θ and ω data for every ground 
point could be calculated using the ALOS PALSAR data; 
∂ and δ were obtained from the DEM (10 m spatial 
resolution) raster data spatial analysis. 
 
According to Equation (11), the GLIA of every point can 
be obtained; the range of GLIA values for the ascending 
and descending data were 26.58-101.97° and 32.51-
116.50°, respectively. Negative values of GLIA represent 
layover areas (an overlapping of radar responses from 
different positions), whereas the values of GLIA higher 
than 90° represent shadowed areas (e.g., areas behind steep 
mountains, which are not illuminated by the radar beam). 
The values of GLIA at each point show differences over 
area. For the sake of simplicity in the following analysis, 
the values of GLIA were reclassified into groups with the 
interval of 10° (considering DEM data of 10 m resolution 
and radar data of PALSAR are used); values of GLIA 
representing layover and shadowed areas were placed into 
two other groups, separately. Therefore, the eleven angle 
groups were scattered in the study area as shown in Figs. 3 
and 4.  

 
Fig.3 Distribution and reclassification map of the GLIA 
for the ascending pass data 
 

 
Fig.4 Distribution and reclassification map of the GLIA 
for the descending pass data 
 
3.1.3 Correlation Analysis of the GLIA and Interference 
Characteristics 
 
The interference characteristics form a description of the 
interference capability indexes of the InSAR data set. The 
presented study mainly refers to the Backscattering 
Coefficient (BSC) and Coherence Coefficient (CC) of the 
InSAR data set. The BSC is the ratio of the grayscale value 
of each pixel to the maximum grayscale value (255) in 
power images. 
 
To acquire the relationship of GLIA and backward 
scattering elements, the average value of BSCs were 
computed for the ascending and descending SAR images; 
the average values of BSC as a regional statistic were 
obtained according to the reclassified interval of GLIA. 
The specific variation trend of GLIA and BSC are shown 
in Fig.5, in which BSC is the average value of all pixels in 
the mean power image rather than the average value of all 
interference point targets for the PS-DS InSAR. 

 
Fig.5 Variation trend diagram of the Backscattering 
Coefficient (BSC) and the GLIA 
 
The BSC decreased with an increase in GLIA (Fig.5). 
However, the values of BSC were higher and more stable 
in ascending data with less than a 10° interval and in 
descending data with less than a 30° interval. Then, the 
gradient variation exhibited rapid slowing down after the 
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50–60° interval for both of the ascending and descending 
data. The BSC values were almost highest in the layover 
areas but they were lowest in the shadowed areas. 
 
In order to investigate the relationship between GLIA and 
coherence, the averages value of the CC was computed 
according to the reclassified GLIA for the ascending and 
descending SAR images. The specific variation trends are 
shown in Fig.6, in which CC is the average value of all 
pixels in the mean coherence image rather than the average 
value of all interference point targets for the PS-DS InSAR. 

 
Fig.6 Variation trend diagram of the CC and the GLIA. 
 
The average values of CC increased with an increase of the 
GLIA at first and peaked at 10-20° (Fig.6). Then, the CC 
values declined with an increase of the GLIA; however, the 
CC value of the ascending data had a slight increasing trend 
after 50-60°, whereas the descending data continued to 
decline. This showed that the variation tendency was 
consistent and stable before 50–60° and that it had a 
different variation tendency after the 50-60° interval. 
 
3.1.4 Locating of the Reliable Interference Region 
 
Several conclusions can be drawn based on Figs. 3 and 4 
and the correlation of GLIA with both BSC (Fig.5) and CC 
(Fig.6). One can conclude that a smaller GLIA will produce 
a more intense backscatter in mountainous and valley areas. 
In addition, a smaller GLIA will also produce better 
interferometric properties in general for InSAR when 
applied in mountainous and valley areas. However, the 
detailed interference properties of SAR data were 
influenced by the ground target properties. Nevertheless, 
the interferometric properties of SAR data are relatively 
reliable with a 1-90° range of GLIA; the layover (<0°) and 
shadowed (>90°) areas are noneffective for InSAR when 
applied in mountainous and valley areas. 
 
In this work, the distribution of effective interferometric 
regions for the 19 PALSAR-1 ascending acquisition scenes 
and the two PALSAR-2 descending acquisition scenes is 
shown in Fig.7 and Fig.8. The red layover regions and the 
blue shadowed regions are both noneffective regions; the 
other gray regions for the 1-90° range of the GLIA are 
reliable interferometric regions. 

 
Fig.7 Distribution map of effective interferometric 
regions for PALSAR-1 ascending acquisition  
 

 
Fig.8 Distribution map of effective interferometric 
regions for PALSAR-2 descending acquisition 
 
3.1.5 Analysis and Inversion of Satellite Attitude 
Parameters for Optimal Interference 
 
According to Equation (11), The calculation formula is 
derived as follows: 
 
𝑐𝑜𝑠𝜃 = 𝑐𝑜𝑠 𝜕 × 𝑐𝑜𝑠 𝜃 − 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝜕 𝑐𝑜𝑠( 𝜔 − 𝛿)     (12) 
 
As the radar side looking imaging, theoretically the LOS 
azimuth Angle is all 90°, the horizontal angles of LOS 
direction 𝜔 is almost all less than ±10° in the actual data 
acquisition. Therefore, Formula (12) can be simplified as: 
 
𝑐𝑜𝑠𝜃 = 𝑐𝑜𝑠 𝜕 × 𝑐𝑜𝑠 𝜃 − 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝜕 𝑐𝑜𝑠 𝛿            （13） 
 
For the 𝜕 and 𝛿 at different points are fixed, according to 
Equation (13), the 𝜕  value greater within the fixed range 
of the optimal GLIA and the 𝜃  value smaller, the 
interference quality will be better. Therefore, archived 
PALSAR-1 data with a resolution of 12 meters with an 
incident Angle of 38.7° and PALSAR-2 data with a 
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resolution of 10 meters with an incident Angle of 31.4° 
were selected as SAR data for the main application in this 
study. 
 
3.2 PS-DS algorithm system was proposed and 
established  
 
3.2.1 Calculation and Selection of Permanent Scatterer 
(PS) 
 
N-1 time-series differential interferogram are obtained by 
the registration, resampling and interference of N SAR 
images, then, the mean value �̅�  of CC for each 
corresponding pixel on the N-1 differential interferogram 
and the deviation index 𝐷  of each corresponding pixel on 
the N registration SAR image are calculated, the pixels 
satisfying both the CC threshold   𝑇  and the deviation 
index threshold 𝑻𝑫𝑨 are selected as the candidate points of 
PS (PSC). The wrapped phase of each PSC on each 
differential interferogram was analyzed. It was assumed 
that the wrapped phase of the xth PSC on the ith differential 
interferogram could be expressed as: 
 
𝜓 , , = 𝑊 𝜑 , , + 𝜑 , , + 𝛥𝜑 , . + 𝛥𝜑 , , +

𝜑 , ,                                                                                               （14） 

 
Where, W represents the wrapped operator; 𝜑 , ,  , 
𝜑 , ,   , 𝛥𝜑 , ,   , 𝛥𝜑 , ,   , 𝜑 , ,   respectively represents 
the LOS direction deformation phase, atmospheric delay 
phase, residual phase caused by orbit error, the phase 
caused by side looking Angle error and the phase of noise 
components. When  𝜑 , ,   is small enough, the PSC is the 
most likely to become PS.   
 
In general,  𝜑 , ,  ,   𝜑 , ,  , 𝛥𝜑 , ,  is considered 
spatial correlation in the specific space scope (40-100 m), 
while 𝛥𝜑 , , , 𝜑 , ,  is irrelevant and the mean to 0 within 

the scope of this. The low-frequency component 𝜓
, ,

  is 

obtained by the adaptive phase low pass filter of frequency 
domain for PSC, 𝜓

, ,
 is removed to get the following 

formula: 
 

  𝑊 𝜓 , , − 𝜓
, ,

≈ 𝑊 𝛥𝜑 , , + 𝜑 , , + 𝛿 ,          (15)                    

 
Where, 𝜑 , ,  is the spatial uncorrelated part of 𝝋𝒏,𝒙,𝒊  ,  
𝛥𝜑 , ,  is the error caused by 𝛥𝜃 , ,  , namely 𝛥𝜑 , , =

, ,  (𝜆  is the radar wavelength, 𝐵 , ,  is the vertical 

baseline), 𝛿 , = 𝜑 , , + 𝜑atm,x,i
nc + 𝛥𝜑 , ,  is the sum 

of the spatially uncorrelated components for the 
deformation, atmospheric delay, and orbital error 
components. For any PSC, N-1 observation equations can 
be listed as shown in Equation (15). Then, the objective 
optimization function is adopted: 
 

  𝛾 = |∑ (𝑐𝑜𝑠 𝜔 + 𝑗 𝑠𝑖𝑛 𝜔 |                 (16) 

 
𝛾  is the temporal coherence measure of phase residual 
change of the Xth PSC, 𝑗 = √−1 , 𝜔 = 𝜓 , , −

𝜓
, ,

− 𝛥𝜑 , ,  . The 𝛥𝜑 , ,  of each PSC and the spatial 

uncorrelated phase 𝜑 , of the main image are obtained 
through the N-1 equations (Estimate of 𝜑 , ,  
namely, 𝜑 , , + 𝛿 , ). 
 
According to Equation (16), a set of solutions 𝛥𝜑 , ,   is 
searched out to makes the 𝛾  maximum in a given solution 
space. The 𝛾   of each PSC is obtained, lower value  𝜸𝒙 is 
temporarily rejected, 𝛾  is recalculated by using the 
remaining PSC within the spatial correlation range, this 
iterative calculation is repeated, finally the  𝛾  is mainly 
controlled by the non-correlation phase, and the PS point is 
selected. 
 
3.2.1 Calculation and selection of distributed scatterer (DS) 
 
Kolmogorov–Smirnov (K-S) test was used to detect 
Statistically Homogeneous Pixels (SHP) clusters for each 
pixel point in image, When the point number of SHP 
cluster is greater than 20, all points of SHP cluster were 
defined as DS candidates (DSC). 
 
The algorithm model of K-S test is as follows: Assuming 
the independent identically distributed sample 𝒁𝟏, … , 𝒁𝑵 
of population distribution function F, its empirical 
distribution function can be expressed as: 
 

𝐹 (𝑧) =

0,

,

1,

𝑧 < 𝑍( )

𝑍( ) ≤ 𝑧 ≤ 𝑍( )

𝑍( ) ≤ 𝑧
, 𝑘 = 1, ⋯ , 𝑁 − 1.    (17) 

 
𝑍( ) ≤ 𝑍( ) ≤ ⋯ ≤ 𝑍( )  is the sequence obtained by 
rearranging 𝒁𝟏 ,, 𝒁𝑵  in order of their size. For two 
different points (x,y) , determining whether their 
amplitudes are consistent, the corresponding null 
hypothesis and alternative hypothesis are: 
 

𝐻 : 𝐹 (𝑧) ≡ 𝐹 (𝑧) ↔ 𝐻 : 𝐹 (𝑧) ≠ 𝐹 (𝑧)         (18) 
 

𝐹 (𝑧)  and 𝐹 (𝑧)  represent amplitudes empirical 
distribution functions with x and y, respectively. In order 
to implement the above hypothesis test, Kolmogorov 
distance 𝐷  is introduced:  
 

  𝐷 = 𝑠𝑢𝑝 𝐹 (𝑧) − 𝐹 (𝑧)                    (19) 

 
The cumulative probability density function of 𝑫𝑵 can be 
expressed as: 
 

𝑃(𝐷 ≤ 𝑡) = 𝐻(𝑡) = 1 − 2 ∑ (−1) 𝑒∞       (20) 
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The corresponding significance level 𝜶 is:  
 

𝛼 = 1 − 𝐻(𝑡)                       (21) 
 
The rejection domain is set as 0.05, if 𝜶 is greater than 0.05, 
then the null hypothesis is accepted, and it is considered 
that the amplitude distribution of x and y is the same, which 
is a pair of SHPs; if 𝜶 is less than 0.05, the alternative 
hypothesis is accepted that the amplitude distributions of x 
and y are completely different and that the two points are 
not a pair of SHPs. 
 
For all DSC points, SHP cluster and Phase Triangulation 
Algorithm (PTA) were used to calculate their coherence 
matrix. The objective optimization function is used: 
 

𝛾 = ∑ ∑ 𝑒 𝑒 ( )          (22) 

 
The DSC point with 𝛾  value greater than 0.8 was 
selected as the DS and the optimized phase value is used to 
replace the original phase value of DS. 
 
3.2.3 The algorithm system of PS-DS InSAR 
 
The phase and other components need to be unwrapped and 
estimated after enough DS and PS are selected, and 𝛥𝜑  
and 𝜑 ,  need to be removed before unwrapped phase. 
Then, 3D phase unwrapping step by step is performed to 
obtain the true phase of each point:  
 
𝜓 , = 𝜑 , , + 𝜑 , , + 𝛥𝜑 , , + 𝜑 , , +

𝛥𝜑 , , + 𝛥𝜑 , , + 𝛥𝜑 , , + 2𝑘 , 𝜋                    （23） 
 
𝜓 ,   is the unwrapped phase of the xth DS or PS point in 
the ith differential interferogram, 𝜑 , , + 𝛥𝜑 , ,  is 
the sum of the atmospheric and orbital errors of the main 
image, 𝜑 , , + 𝛥𝜑 , ,   is the sum of the atmospheric 
and orbital errors of the slave image, 𝛥𝜑 , , = 𝛥𝜑 , , −

𝛥𝜑 , ,  is the side looking angle error of the spatially 
correlated , 𝛥𝜑 , , = 𝜑 , , − 𝜑 , , 𝑘 ,  is the cycle 
numbers of the unwrapped phase.  
 
In order to obtain the deformation phase 𝜑 , ,  , the effect 
of other related components should be deducted. Where, 
the atmosphere, orbit and side looking inclination errors of 
the main image can be directly obtained by using the Least 
Square (LS) method according to Equation (15). The 
atmospheric and orbital errors of every slave images are 
estimated by high-pass filtering in the time domain and 
low-pass filtering in the space domain. Finally, the side 
looking inclination error and the atmospheric and orbital 
error of the main and slave images were subtracted, so as 
to obtain the phase of all the time series deformation of DS 
and PS. 
 

For any xth DS or PS, the annual deformation rate and 
standard deviation of each DS and PS point were calculated. 
N-1 observation equations can be listed: 

    
⎩
⎨

⎧
𝜔 , = 𝛿 𝜐 − 𝜓 ,

𝜔 , = 𝛿 𝜐 − 𝜓 ,

⋮
𝜔 , = 𝛿 𝜐 − 𝜓 ,

           (24) 

 
𝜔 ,  is the residual phase of the xth DS or PS point in the 
ith differential interferogram, 𝝊𝒙 is the annual deformation 

rate (mm/a) of the xth DS or PS point, 𝛿 = ⋅
.

, 

t is the slave image relative to the main image time 
interval (day). The equation is expressed in matrix form as 
follows: 
 

  𝑊 = 𝐴𝑉 − 𝐿                           (25) 
 
𝑊 = [𝜔 , 𝜔 , ⋯ 𝜔 , ] , 𝐴 = [𝛿 𝛿 ⋯ 𝛿 ] , 𝐿 =

[𝜓 , 𝜓 , ⋯ 𝜓 , ] . The estimated value of the annual 
deformation rate obtained by the least square (LS) method 
is: 
 

𝑉 = (𝐴 𝑃𝐴) 𝐴 𝑃𝐿                         (26) 
 
Where, 𝑃  is the diagonal matrix formed by each 
interference pair 𝜹𝒏 𝟏. The covariance matrix of 𝑉 is:             
 

𝑄 = (𝐴 𝑃𝐴)                          (27) 
 
Because DS is the integrated vector united computation 
through image elements in the N images and is considered 
by the comprehensive changes of time series image 
elements. Therefore, the joint application of PS and DS 
ensures the optimal utilization of the existing interference 
point targets, solves the problem that the stable scattering 
of ground target points cannot be effectively extracted in 
vegetation regions, and greatly improves the extraction 
density of the real ground object targets in mountainous 
areas. 

 
PS (165934)                       PS-DS (249941) 

Fig.9 The comparison of interference points was 
obtained by PS and PS-DS algorithms in the study area 
 
3.3 Locating and Monitoring of Landslide in Wudongde 
Hydropower Reservoir  
 
3.3.1 Locating Results of Regional Landslides 
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The displacement map (Fig.10-11), which contains a 
detailed map showing the LOS moving average velocity, 
were obtained between 12 July 2007 and 7 March 2011 
using the 19 PALSAR-1 ascending SAR image scenes 
(Fig.10) and between 26 September 2014 and 11 January 
2019 using the 10 PALSAR-2 ascending SAR image 
scenes (Fig.11) with the PS-DS InSAR technique, and the 
gray areas are the noneffective interference areas marked 
“Noneffective Areas”. The noneffective interference areas 
are not the absence of landslide disasters, they indicate that 
landslide disasters cannot be monitored using the 19 
PALSAR-1(Fig.10) and the 10 PALSAR-2(Fig.11) 
ascending SAR image scenes with the PS-DS InSAR 
technique in the noneffective interference areas. Other data 
or methods needed to be used for monitoring. Therefore, 
only the monitoring results of effective interference areas 
are analyzed in this study. 

 
Fig.10 Velocity map of LOS between 12 July 2007 and 
7 March 2011 period 
 

 
Fig.11 Velocity map of LOS between 26 September 
2014 and 11 January 2019 period 
 
The annual deformation rate of the LOS was also obtained 
in Fig.12 and Fig.13. The annual deformation rate of the 
LOS was slightly different, but the variation trend was 
basically the same in different regions. 

 
Fig.12 Annual deformation value of LOS (2007-2010) 
 

 
Fig.13 Annual deformation value of LOS (2015-2018) 
 
Based on the Fig.10-13, the temporal changes of annual 
deformation were analyzed in detail, and the changes of 
one-time, seasonal, continuous were determined. For the 
area with continuous deformation and large deformation 
value, according to the regional geological structure 
characteristics, deformation area range, dynamic change 
characteristics of time series deformation, and combined 
with the types and mechanism of landslide occurrence and 
sliding, the region of suspected landslide sliding can be 
identified and located. As shown in Fig.14, the purple 
polygon area is the sliding area of suspected landslide. 
 
The field survey results were compared, As shown in 
Figure 15, the red polygon areas are the landslide areas 
investigated on site by Three Gorges Survey and Research 
Institute, and both of them are in good agreement. 
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Fig.14 The suspected landslide of interpretation 
 

 
Fig.15 Landslides of the field surveys 
 
3.3.2 Monitoring Results of the Jinpingzi Landslide 
 
To verify the accuracy of the improved PS-DS InSAR 
technique for the location and monitoring of the 
monomerous Jinpingzi landslide, the deformation 
evolution of this active landslide was investigated. The 
displacement maps of the LOS direction were obtained 
from 12 July 2007 to 7 March 2011 (Fig.16), at the same 
time, the annual deformation rate in the LOS direction was 
also obtained (Fig.17). The displacement value of every 
monitoring point was revealed, and the moving 
displacement of the different regions can be clearly 
identified in the displacement map. The Jinpingzi landslide 
can be divided into four zones, I, II, III, and IV based on 
the local stratigraphic composition of the slide material. 
The results (Figs. 16 and 17) show that the displacement of 
zone II and a partial region of zone I were the largest; these 
must be regarded as the most important potential landslide 
disaster areas needing further investigation. The 
displacement of the other zones was relatively small. 
However, note that zone III is experiencing relative uplift 
that may be caused by the effects of human activities that 
are already in progress. Therefore, the results obtained via 

PS-DS InSAR were consistent with those obtained via 
ground monitoring results. 

 
Fig.16 Velocity map of the Jinpingzi landslide between 
12 July 2007 and 7 March 2011 period 
 

 
Fig.17 Annual deformation rate of the Jinpingzi 
landslide 
 
3.3.3 Single-Point Monitoring Accuracy 
 
To test the accuracy of single-point monitoring when using 
the PS-DS InSAR technique, the LOS displacement values 
of the leveling points (green dots with green serial numbers 
on the Jinpingzi landslide in Fig.18) obtained via PS-DS 
InSAR were compared with the ground-based ETS survey 
results. Therefore, the displacement vector dN, dE, and dU 
in North, East, and Up direction, respectively, which were 
monitored by ETS, will be projected to one slant-range 
component dLOS in the radar LOS. Equation (28) [3] was 
used for computing the dLOS value of ETS survey results. 
 
𝑑 = 𝑑 × cos θ − sin θ × [𝑑 × cos ω + 𝑑 × sin ω], (28) 
 
where θ = 38.737 degree is the average value of the 
incidence angle for 19 ascending pass SAR data, and ω = 
174.087 degree is the average value of the horizontal 
angles of LOS direction. 
When compared with the 92-day (12 January 2008 to 13 
April 2008) PS-DS InSAR results, the ETS survey period 
was from 11 January 2008 to 19 April 2008 for zone II and 
from 12 January 2008 to 18 April 2008 for zones I, III, and 
IV. When compared with the 368-day (12 July 2007 to 14 

317



10 
 

July 2008) PS-DS InSAR results, the ETS investigation 
period was from 23 June 2007 to 15 July 2008 for zone II 
and from 28 June 2007 to 14 July 2008 for zones I, III, and 
IV (Table 2). The Root Mean Square Error was computed, 
in which the results of the ETS were regarded as the 
ground-truthed values. In addition, a comparison of trend 
charts in Fig.17 indicates that the variation trends of  PS-
DS InSAR results were in perfect agreement with the high-
precision ETS data. 

 
Fig.18 Line-of-sight displacement map of the Jinpingzi 
landslide (92 days and 368 days). 
 

4. DISCUSSION AND CONCLUSIONS 
 

The PS-DS InSAR technique was used to detect and 
monitor landslides in an alpine valley region located 
adjacent to Wudongde Hydropower Reservoir on the 
Jinsha River. The GLIA, which represents the 
comprehensive factors of complex topography and satellite 
attitude parameters, was put forward and put to use, and the 
noneffective interference areas were calculated and 
identified using the ascending and descending data by PS-
DS InSAR technique. Then, an application example was 
implemented using the 19 PALSAR-1 acquisitions and the 
10 PALSAR-2 acquisitions by the PS-DS InSAR technique, 
the noneffective interference areas were calculated and 
excluded, and the monitoring results of the effective 
interference areas were analyzed in detail. The accuracy of 
landslides detection was verified by comparison with the 
ground field survey results in the study area, and the 
accuracy of single-point monitoring was verified by 
comparison with high-precision ETS results. The 
following conclusions can be drawn: 

 Due to the effects of regional topography and satellite 
attitude parameters, TS-InSAR technique cannot 
effectively identify and monitor all areas in 
mountainous and valley areas of rugged terrain for 
landslides. The GLIA can accurately calculate and 
exclude the areas that cannot be effectively monitored. 

 The effective range of GLIA is 0-90° for InSAR 
technology when applied in mountainous and valley 
areas of rugged terrain. However, the interferometric 
result of the layover (<0°) areas and shadowed (>90°) 
areas were noneffective because of low levels of 
coherence and geometric distortion. 

 In the case of small incident angle difference, the 
noneffective interference areas are almost consistent 
for the ascending and descending data. Only the 
shadowed areas of ascending data are the layover 
areas of the descending data, and the layover areas of 
ascending data are the shadowed areas of the 
descending data. 

 Regional landslides locating and single-point 
monitoring are both very accurate in the effective 
interferometric areas for landslides monitoring using 
the PS-DS InSAR technique. The present study will 
provide a new idea and reference for the early 
identification and high-precision monitoring of 
landslides in mountainous and valley areas applying 
TS-InSAR technology. 

 
Fig.19 Line-of-sight displacement trends for SBAS-
InSAR and ETS (unit: mm): (a) The compared trends 
of 92 days line-of-sight displacement; (b) The compared 
trends of 386 days line-of-sight displacement
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Table 2 Comparison of PS-DS InSAR and ETS measurement results (units: mm) 

Zone Point 
ETS 
(LOS/mm) 
(92 d) 

SBAS-InSAR 
(LOS/mm) 
(92 d) 

ETS 
(LOS/mm) 
(368 d) 

SBAS-InSAR 
(LOS/mm) 
(368 d) 

I 

AL01D −14.725 −19.333 −47.903 −36.651 

AL02D −4.261 −3.078 −6.907 −6.152 

AL03D −4.117 −4.188 −9.396 −6.930 

TP44 −2.978 −1.493 2.031 2.416 

TP45 −10.678 −9.022 −28.531 −32.875 

II 

TP01 −4.628 −5.260 −26.886 −34.896 

TP02 −2.745 −3.905 −22.771 −21.075 

TP03 −4.004 −6.266 −19.378 −17.097 

TP04 −41.994 −46.529 −121.299 −105.718 

TP05 −25.023 −32.637 −117.912 −109.515 

TP06 −69.402 −65.100 −130.103 −122.142 

TP07 −53.921 −46.34 −113.643 −105.453 

TP08 −68.761 −62.163 −140.456 −119.848 

TP09 −73.314 −68.058 −145.846 −128.667 

TP10 −56.290 −50.442 −111.276 −114.065 

TP11 −75.499 −69.635 −150.535 −142.149 

TP12 −25.779 −32.864 −109.848 −90.030 

TP13 −25.407 −31.615 −118.684 −109.481 

TP14 −63.325 −58.985 −129.2395 −117.472 

TP15 −5.43 −3.519 4.426 3.762 

AL02C −51.804 −47.289 −69.283 −55.947 

AL03C −47.454 −35.270 −120.763 −109.730 

III 

AL01A 0.391 −0.436 −0.393 8.491 

AL02A 1.63 0.806 1.094 2.246 

AL03A 3.714 0.856 −0.484 3.560 

AL02B −3.461 −6.608 −5.632 −9.124 

AL03B −1.841 −5.166 −1.895 −3.012 

TN10 −1.626 −4.413 −2.594 −2.853 

TN11 3.208 −1.180 1.233 6.780 

IV 
AL01B −3.95 −10.660 −5.057 −21.055 

AL01C −0.839 −4.763 −6.173 −9.393 

Root Mean Square Error Truth-Value 4.839 Truth-Value 9.004 

319



12 
 

5. REFERENCES 
 
[1] D. Notti, G. Herrera, S. Bianchini, C. Meisina, J.C. 
García-Davalillo, F. Zucca, “A methodology for improving 
landslide PSI data analysis,” Int. J. Remote Sens, Taylor 
and Francis Ltd., England, pp.2186–2214(35), 2014.  
[2] G.J. Wang, Y.P. Yin, M.W. Xie, W.L.Wu, “InSAR-
Based Landslide Location and Monitoring in Alpine 
Valley Region,” in Landslide Science for a Safer Geo-
environment, Springer, Beijing, China, pp.379–388, 2014. 
[3] R.F. Hanssen, “Radar system theory and 
interferometric processing. In Radar Interferometry: Data 
Interpretation and Error Analysis,” 2, 32–35, F. van der 
Meer Ed., Kluwer Academic Publishers: New York,  
Boston, Dordrecht, London, Moscow, PP.(2):32-35, 2001. 
 
 

APPENDIX 
 
[1] G. Wang, Y. Wang, X. Zang, J. Zhu, W. Wu, 
“Locating and monitoring of landslides based on small 
baseline subset interferometric synthetic aperture radar,” 
Journal of Applied Remote Sensing, SPIE, United States, 
pp.13(4):044528-1-044528-20, 2019. 
[2] G. Wang, G. Cheng, J. Zhu, T. Qin, “The effect of 
topography and satellite attitude parameters on early 
detection of regional landslides based on InSAR,” The 
69th Annual Canadian Geotechnical Conference, 
GeoVancouver 2016, Vancouver, Canada, PP.3661-3666, 
October 2-5, 2016. 
[3] G. Wang, R. Zhang, X. Zhao, H. Hu, Z. Zhu, 
“Geological investigation and monitoring control of 
typical surface deformation applying remote sensing (典

型地表形变遥感地质调查与监测防治),” Management 

and Research on Scientific & Technological 
Achievements, Ministry of Science and Technology, PRC, 
Beijing, China, PP. 161(3):70-73, 2020. 

320



ATTRIBUTE DATA CLASSIFICATION AND CHANGE DETECTION FOR 
URBAN DATA REVISION AND SABO FACILITY MANAGEMENT USING 

TEMPORAL ALOS-2 AND 3D SPATIAL DATA 
PI No. 3035 

Masafumi Nakagawa, Tatsuya Yamamoto, Raudlah Hawin Ayani, Keiichiro Kijima 

Shibaura Institute of Technology 

1. INTRODUCTION

In our research, we focus on temporal ALOS-2 data have 
advantages for change detection and object classification 
with 3D spatial data to cover wide areas in urban mapping 
and disaster monitoring. In this paper, we summarize our 
researches on two topics. The first topic is research on the 
classification of building attributes using ALOS-2 and 
airborne LiDAR data in urban areas. The second topic is 
research on image-based registration of temporal SAR data 
for change detection. 

2. CLASSIFICATION OF BUILDING ATTRIBUTES
USING ALOS-2 AND AIRBORNE LIDAR DATA IN

URBAN AREAS 

A frequent map revision is required in GIS applications, 
such as disaster prevention and urban planning. In general, 
airborne photogrammetry and LiDAR measurements are 
applied to geometrical data acquisition for automated map 
generation and revision. In airborne photogrammetry, 
geometrical modeling and object classification can be 
automated using color images. Stereo matching is an 
essential technique for reconstructing a three-dimensional 
(3D) model from images. Recently, structure-from-motion 
(SfM) was applied to 3D modeling using random images 
(Uchiyama, 2014). Although object classification methods 
can be automated using height data estimated with stereo 
matching and SfM, construction materials such as wood 
and concrete are not easy to recognize. Construction 
materials constitute significant attribute data in building 
modeling and mapping. Therefore, ground surveys and 
manual editing works are required for attribute data 
classification. 
In LiDAR measurements, modeling and object 
classification are also automated by point cloud 
segmentation (Sithole, 2003). The data intensity assists in 
object classification (Antonarakis, 2008). Moreover, data 
fusion approaches using aerial images and LiDAR data are 
also applied to object classification to improve modeling 
accuracy and processing times (Uemura, 2011). 
On the other hand, although geometrical data extraction is 
not easy, SAR data enable automation of attribute data 
acquisition and classification. The SAR data represent 
microwave reflections on various ground surfaces and 
buildings. There are many studies related to monitoring 

activities of disaster, vegetation, and urban. Moreover, 
recent sensors, such as ALOS-2 PALSAR-2 (Japan 
Aerospace Exploration Agency, 2014), can acquire higher 
resolution data in urban areas. Therefore, we focused on 
the integration of airborne LiDAR data and high-resolution 
satellite SAR data for building extraction and classification. 

2.1 Methodology 
Our process is shown in Fig.1. First, we generated a digital 
surface model (DSM) from airborne LiDAR data. Second, 
the SAR image was registered with the DSM. Third, a 
normalized radar cross-section (NRCS) image was 
generated from SAR data. Fourth, building footprints were 
extracted from the DSM using height difference. Finally, 
building roof materials were classified with NRCS values 
in the DSM. 

Fig.1 Proposed methodology 

Building footprints were extracted from the DSM in four 
steps. First, building edges were detected using height 
differences between the building roofs and ground surfaces 
from the DSM with a 3 × 3 operator. Even when the 
building edges were discontinuous, approximate building 
features were detected in this step. Second, building 
boundaries were extracted. Discontinuous edges were 
connected to each other in the DSM with 8-neighborhood 
pixel filtering. The connected edges were defined as 
building boundaries. Third, segmentation was applied to 
each region enclosed by the building boundary to refine the 
building’s footprint. Although the extracted region 
included numerous noises, such as bridges, street trees, and 
automobiles, an approximate geometry of each region was 
extracted in this step. Finally, each region segment was 
filtered with its perimeter and area to extract the building’s 
footprint. An example of the building extraction is shown 
in Fig.2. 

LiDAR data SAR data

DSM

Building 
geometry NRCS image

Building data

Sampled 
building data

Training data

Classified 
building data

Existing maps
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Building 
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Fig.2 Example of building extraction 
 
Buildings were classified into several groups with non-
supervised classification. Our approach was a building 
classification based on roof materials and parameters with 
NRCS values, as shown in Fig.3. In general, SAR data 
processing has several technical issues, such as layover, 
radar shadow, and foreshortening. These issues are caused 
by undulating grounds. Therefore, we focused on the use 
of a descending and ascending dataset to improve these 
issues. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.3 Parameters for classification 
 
2.2 Experiment 
 
We selected the Toyosu area in Tokyo as our study area. 
This area included various types of buildings, such as 
residential houses, high-rise buildings, and shopping malls 
(Fig.4). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.4 Basemap for supervised classification 
 
 

We prepared point cloud data acquired with airborne 
LiDAR data and satellite SAR data (Fig.5). The 
registration between SAR and LiDAR data required 
corresponding points to be extracted from each datum. 
Although SAR and LiDAR data had different indices, 
feature points could be selected manually, such as road 
intersections, rivers, and bridges. An example of 
corresponding points between SAR and LiDAR data. 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.5 Experiment data (left image: airborne LiDAR 
data, right image: SAR data) 
 
After the feature extraction procedure, the digital number 
(DN) of the SAR image was converted into an orthoimage 
of NRCS. We used the following transformation formula 
with the calibration factor (CF). We substituted –83 for the 
CF (ALOS-2 / Calibration Result of JAXA standard 
products, 2015). 
 
             NRCS(dB) = 10 × log10(DN2) + CF                 (1) 
 
We selected several corresponding points, such as road 
intersections, rivers, and bridges, from each orthoimage. 
Moreover, an affine transformation was applied to the 
image registration between the SAR and LiDAR data.  
 
2.3 Result 
 
We extracted 1,778 buildings from the DSM. The result 
after the building classification based on ISODATA 
clustering of NRCS values is shown in Fig.6. The vertical 
axis indicates NRCS values calculated from ascending data, 
and the horizontal indicates NRCS values calculated axis 
from descending data. Classified buildings with NRCS 
values were projected into an orthoimage (Fig.7). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.6 ISODATA clustering result using NRCS values 
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Fig.7 Building classification result using NRCS values 
 

3. IMAGE-BASED REGISTRATION OF 
TEMPORAL SAR DATA FOR CHANGE 

DETECTION 
 
Various approaches, such as satellite observations, aerial 
imaging and laser scanning, and aerial image acquisition 
using drones, are selected for observation of flood damages 
caused by heavy rains and large typhoons. Among these 
approaches, satellite observation has the advantages of 
simultaneity and wide-area observation. Satellite 
observations are roughly classified into optical sensing and 
radar sensing (SAR). Optical sensors can observe wide 
areas with high-resolution images. However, the 
availability of observation is low because optical sensing 
depends on weather and observation time (daytime or 
nighttime). On the other hand, SAR can observe flood areas 
during rainfall, because SAR is not affected by clouds and 
observation time. Thus, SAR has a higher availability of 
urgent disaster observations than optical sensors. In water 
flood observations, although flood area detection is 
conducted, change detection of flood areas is also required 
for the restoration of damaged areas. Change detection of 
flood areas can be conducted with temporal observation 
data with high time resolution. Moreover, precise 
registration of temporal SAR data is also required for stable 
change detection processing. Thus, in this study, we 
propose a feature classification and subtraction 
methodology to detect temporal changes in flood areas. 
Moreover, we selected Joso City damaged by the heavy 
rains in the Kanto and Tohoku regions in September 2015 
as a study area to verify and evaluate our methodology. 
 
3.1 Methodology 
Our proposed methodology is shown in Fig.8. First, 
subtraction processing is applied to temporal SAR data 
registered with the scale-invariant feature transform 
algorithm (Lowe, 2004). When general image-based 
subtraction processing is applied to SAR data, the 
processing will become unstable due to the influence of 
speckle noises. Moreover, region segmentation-based 
subtraction methodology is not easy to determine 
parameters suitable for all temporal data. Therefore, we 
developed a methodology to achieve more stable 
subtraction processing for temporal SAR data. First, 
temporal binary conversion processing is applied to the 
subtracted results between adjacent data on the time series. 
Second, the subtracted data are classified into positive and 
negative values. Third, regions changed are extracted from 
clustered positive and negative values in the time series. 

 
 
 
 
 
 
 
 
 
Fig.8 Clustering for change detection with temporal 
binary images 
 
The temporal binary conversion is a process of replacing 
positive and negative values. We aimed to extract two 
types of changed areas from temporal SAR data with 
higher speed processing. In this processing, flooded areas 
are represented negative values when backscatter values 
(pixel values in the registered SAR data) become smaller 
in time series. On the other hand, recovered areas are 
represented positive values when backscatter values 
increase in time series. Furthermore, the flooded areas are 
classified with temporal tracking of changed areas. 
 
3.2 Experiment 
In our experiment, we used temporal ALOS-2 / PALSAR-
2 data, as shown in Table.1. We registered the SAR data 
after flooding (5 scenes from September 10, 2015, to 
October 8, 2015) with the SAR data before flooding 
(August 13, 2015) as the reference data. We used 12 
corresponding points for registration. Fig.9 shows parts of 
registered SAR data. 
 

Table.1 Overview of used data 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.9 Parts of registration results 

Date Observation mode Others 
August 13th, 2015 SM1 Descending 
September 10th, 2015 SM1 Descending 
September 12th, 2015 SM1 Descending 
September 13th, 2015 SM1 Descending 
September 14th, 2015 SM1 Descending 
October 8th, 2015 SM1 Descending 

Data 1 Data 2 Data 3 Data n

Subtracted 
data 1

Subtracted 
data 2
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data n-1

Subtraction 
processing

Clustering
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Registration processing
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Fig.10 shows the results processed with our proposed 
methodology. We obtained 30 clusters in our experiment. 
We estimated several regions as flooded areas through 
photographic interpretation. Interpreted labels are mainly 
as follows: the label number 7 as changed areas around 
rivers and the label numbers 8 to 13 as changing areas 
(flooded areas) in agricultural fields. Fig.11 shows the label 
numbers 7 and 10. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.10 Obtained 30 clusters with our proposed 
methodology 

 
 
 

 
 
 
 
 
 
 
 
 
 
 

Fig.11 Classification results of flooded areas 
 

4. CONCLUSION 
 
In this paper, we summarized our researches on temporal 
ALOS-2 data methodologies related to building object 
classification and image-based registration of temporal 
SAR data for change detection. Temporal ALOS-2 data 
have advantages for change detection and object 
classification with 3D spatial data to cover wide areas in 
urban mapping and disaster monitoring. Therefore, we 
focused on the integration of LiDAR and SAR data to 
achieve frequent map updates with attribute data 
acquisition. We also focused on a precise registration of 
temporal SAR data for change detection. We have 
confirmed that our methodology can classify building 
attributes using ALOS-2 and airborne LiDAR data in urban 
areas. Moreover, we have confirmed that our methodology 
can improve change detection processing with image-
based registration using temporal SAR data. 
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Label ID Subtraction 1 Subtraction 2 Subtraction 3 Subtraction 4 Subtraction 5

1 －1 －1 －1 －1 1

2 －1 －1 －1 1 －1

3 －1 －1 －1 1 1

4 －1 －1 1 －1 －1

5 －1 －1 1 －1 1

6 －1 －1 1 1 －1

7 －1 －1 1 1 1

8 －1 1 －1 －1 －1

9 －1 1 －1 －1 1

10 －1 1 －1 1 －1

11 －1 1 1 1 1

12 －1 1 1 －1 －1

13 －1 1 1 －1 1

14 －1 1 1 1 －1

15 －1 1 1 1 1

16 1 －1 －1 －1 －1

17 1 －1 －1 －1 1

18 1 －1 －1 1 －1

19 1 －1 －1 1 1

20 1 －1 1 －1 －1

21 1 －1 1 －1 1

22 1 －1 1 1 －1

23 1 －1 1 1 1

24 1 1 －1 －1 －1

25 1 1 －1 －1 1

26 1 1 －1 1 －1

27 1 1 －1 1 1

28 1 1 1 －1 －1

29 1 1 1 －1 1

30 1 1 1 1 －1
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1. INTRODUCTION

The intent of this proposal was it to develop pre-operational 

methods based on L-band Synthetic Aperture Radar (SAR) 

imagery for the use of crisis mapping activities (especially 

floods, fires, landslides and volcanic eruptions) supporting 

civil protection agencies and decision makers for disaster 

relief operations. During the course of the proposal 

duration, we implemented new and optimized existing 

procedures for SAR polarimetry for near-real time 

processing, analysis and thematic product generation based 

on polarimetric ALOS-2/PALSAR-2 data.  

During the proposal period the results were published as 

three peer-reviewed papers in ISI-listed journals [1], [2], 

[3] as well as presented at three international conferences

[4], [5], [6].

The focus of these publications was as follows:

• Floods: Rapid mapping of the entire flooded area,

including the flooded vegetation by means of joint

analysis of polarimetric Sentinel-1 and ALOS-

2/PALSAR-2 imagery [1] and [4].

• Fires: ALOS-2/PALSAR-2 data-based rapid burn

scar mapping independent of visibility limitations

due to the weather condition and smoke [2] and

[5].

• Volcanic eruptions and landslides: Monitoring of

the growth and collapse of a littoral lava dome at

a volcanic island. This collapse caused a tsunami,

which hit the neighboring islands [3] and [6].

The following chapters give a summary of the 

aforementioned focus points (floods, fires, volcanic 

eruptions and landslides). Details of the newly developed 

techniques and findings of the research are described in the 

journal publications attached to this report [1], [2], [3].  

2. FLOODS: RAPID MAPPING OF THE ENTIRE

FLOODED AREA, INCLUDING THE FLOODED

VEGETATION 

The publications [1] and [4] describe a semi-automated 

procedure for rapid mapping of the entire flooded area, 

including open water and flooded vegetation. For the first 

time the fusion of the classification results from two 

modern satellite SAR sensors for mapping flooded 

vegetation was presented: C-band dual-polarized Sentinel-

1 and L-band ALOS-2/PALSAR-2 (dual- and quad-

polarized). C-band turned out to be best suited for mapping 

open water areas, while L-band provides more detailed 

information on flooded vegetation.  

The developed procedure combines polarimetric 

decomposition-based unsupervised Wishart classification 

with object-based post-classification refinement and the 

integration of spatial contextual information and global 

auxiliary data.  

In eight different scenarios, focusing on single datasets or 

fusion of classification results of several ones, respectively, 

different polarimetric decomposition and classification 

principles, including the entropy/anisotropy/alpha and the 

Freeman–Durden–Wishart classification, were 

investigated. The helix scattering component of the 

Yamaguchi decomposition, derived from ALOS-

2/PALSAR-2 imagery, showed high suitability to refine 

the Sentinel-1-based detection of flooded vegetation.   

Although the classification fusion scenario based on 

ALOS-2/PALSAR-2 Freeman–Wishart with Sentinel-1 

imagery showed good accuracy values, the highest 

accuracies could be obtained by combining dual-pol 

Sentinel-1 entropy/alpha Wishart classification and ALOS-

2/PALSAR entropy/anisotropy/alpha quad-pol Wishart 

classification.  

The reader is referred to [1] (see appendix) for more details 

about the developed procedure on multi SAR sensor-based 

rapid flood mapping (incl. flooded vegetation). 

3. FIRES: RAPID BURN SCAR MAPPING

INDEPENDENT OF THE WEATHER AND SMOKE 

The publications [2] and [5] describe an ALOS-

2/PALSAR-2 data-based rapid burn scar mapping 

independent of the weather and smoke condition. Fire is a 

threat to human lives, infrastructure, and forestry. Satellite-

based Earth observations enable a fast, efficient, and 

reliable estimation of burnt area. In most cases, optical 

satellite data are used for burn scar detection. However, 

smoke and cloud coverage strongly limit the suitability of 

optical imagery for rapid mapping of burn scars. Therefore, 

an automated procedure based on quad-polarized L-band 

SAR data was developed to enable rapid burn scar mapping 

independently of the weather and smoke conditions. Full-

polarimetric SAR data enable the decomposition of the 
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SAR backscatter into different scattering mechanisms, 

describing the scatterer more precisely. The developed 

methodology is an object-based image analysis approach 

based on change detection.  

The study also reports important differences in the 

polarimetric backscattering behavior during the active fire 

and post-fire situations. While the SPAN (total scattered 

power) difference is best suited for burn scar mapping 

during active fire situations, the entropy/anisotropy/alpha 

and the generalized Freeman–Durden decompositions 

showed the best suitability for burnt area mapping several 

months after the end of the fire.  

The reader is referred to [2] (see appendix) for more details 

about the developed procedure on rapid burn scar mapping 

based on polarimetric ALOS-2/PALSAR-2 data. 

 

 

4. VOLCANIC ERUPTIONS AND LANDSLIDES: 

ANALYSIS OF A TSUNAMIGENIC DOME 

COLLAPSE 

 

The publications [3] and [6] provide details on the rapid 

growth and tsunamigenic collapse of a peripheral lava 

dome and a destabilization episode in an island and dome 

sector, and underlines the great value of remote sensing 

data on remote volcanic islands.  

Growing volcanic islands and lava domes become 

structurally unstable, associated with sectoral collapses, 

explosive volcanism and related hazards. The article [3] 

describes the rare case of a growing and collapsing lava 

dome at Kadovar Volcano, a small inhabited volcanic 

island located north of Papua New Guinea. The eruption 

began on January 5, 2018 and was monitored by multi-

sensor satellite imagery, including optical, thermal and 

SAR sensors (incl. polarimetric ALOS-2/PALSAR-2 

data). Results show that Kadovar began a new episode of 

volcanic activity at the central crater and then also at the 

eastern coast of the island. SAR amplitude imagery, 

especially a time series of high spatial resolution 

polarimetric ALOS-2/PALSAR-2 acquisitions, has made it 

possible to monitor the birth of a new peninsula on the 

eastern coast. This new peninsula has a blocky appearance 

and is associated with a localized thermal anomaly, which 

is indicative of an emerging lava dome. The changes on the 

island and the peripheral lava dome were analyzed. After a 

great increase in the size of the area, parts of the island and 

the lava dome then collapsed eastwardly into the ocean on 

February 9, 2018. This landslide caused small tsunami 

waves that hit the neighboring islands.  

The reader is referred to [3] (see appendix) for more details 

about the study on the tsunamigenic landslide at Kadovar 

Volcano. Paragraph 4.1.2 of [3] describes the analysis of 

the ALOS-2/PALSAR-2 time series information in detail. 

  

 

6. REFERENCES 

 

[1] S. Plank, M. Jüssi, S. Martinis, and A. Twele, “Mapping 

of flooded vegetation by means of polarimetric Sentinel-1 

and ALOS-2/PALSAR-2 imagery,” International Journal 

of Remote Sensing, 38 (13), 3831–3850, 2017. 

 

[2] S. Plank, S. Karg, and S. Martinis, “Full-polarimetric 

burn scar mapping – the differences of active fire and post-

fire situations,“ International Journal of Remote Sensing, 

40(1), 253-268, 2019. 

 

 [3] S. Plank, T.R. Walter, S. Martinis, and S. Cesca, 

“Growth and collapse of a littoral lava dome during the 

2018/19 eruption of Kadovar Volcano, Papua New Guinea, 

analyzed by Multi-Sensor Satellite Imagery,” Journal of 

Volcanology and Geothermal Research 388, 106704, 

2019. 

 

[4] S. Plank, M. Jüssi, S. Martinis, and A. Twele, 

“Combining polarimetric Sentinel-1 and ALOS-

2/PALSAR-2 imagery for mapping of flooded vegetation. 

In: IEEE Proceedings of International Geoscience and 

Remote Sensing Symposium, IGARSS 2017, 23 – 28 July, 

Fort Worth, Texas, USA.  

 

[5] S. Plank, S. Karg, and S. Martinis, “Burn scar detection 

using polarimetric ALOS-2 data. In: IEEE Proceedings of 

International Geoscience and Remote Sensing Symposium, 

IGARSS 2018, 23 – 27 July, Valencia, Spain. 

 
[6] S. Plank, T.R. Walter, S. Martinis, and S. Cesca, 

“Multi-sensor satellite imagery analysis of the growth and 

collapse of a littoral lava dome during the 2018/19 eruption 

of Kadovar Volcano, Papua New Guinea,” In: European 

Geosciences Union General Assembly 2020, 3 – 8 May 

2020, Vienna, Austria. 

 

APPENDIX 

 

The following three articles were published as peer-

reviewed papers in ISI-listed journals. These publications 

are attached in the appendix. 

 

[1] S. Plank, M. Jüssi, S. Martinis, and A. Twele, “Mapping 

of flooded vegetation by means of polarimetric Sentinel-1 

and ALOS-2/PALSAR-2 imagery,” International Journal 

of Remote Sensing, 38 (13), 3831–3850, 2017. 

 

[2] S. Plank, S. Karg, and S. Martinis, “Full-polarimetric 

burn scar mapping – the differences of active fire and post-

fire situations,“ International Journal of Remote Sensing, 

40(1), 253-268, 2019. 

 

[3] S. Plank, T.R. Walter, S. Martinis, and S. Cesca, 

“Growth and collapse of a littoral lava dome during the 

2018/19 eruption of Kadovar Volcano, Papua New Guinea, 

analyzed by Multi-Sensor Satellite Imagery,” Journal of 

Volcanology and Geothermal Research 388, 106704, 

2019. 

 

326



1. SUMMARY

Ground displacement has occurred in many parts of the 

Gulf Coast. Complicated geological composition and high 

intensity of exploitation of underground fluids along the 

Gulf Coast have changed hydraulic properties of the 

underground aquifer system, reactivated faults and 

generated fissures, caused extensive damages to 

infrastructures, and increased seawater intrusion, the loss 

of wetland habitat and more frequent flooding. Aiming at 

investigating land surface deformation development of 
Gulf Coast, we applied multi-temporal InSAR technique 

with 33 paths of L-band ALOS PALSAR images from 

2007 to 2011, as well as hundreds of ALOS2 scenes [1]. 

We produced, for the first time, average displacement map 

over the Gulf Coast from Mexico to northern Florida. 

Deformation velocities from all tracks were mosaicked 

together to produce seamless maps of land displacement 

over about a wide area of ~500,000 km2, with an average 

standard deviation of ~0.8 cm in the overlap area between 

tracks. Generally, the Gulf Coast is fairly stable except for 

the broad-scale subsidence, such as Houston region (~ 
4cm/yr) [2], New Orleans (about 2 cm/yr) and some 

localized uplift/subsidence cones over the disposal, 

injection or oil/gas production wells.   

2. RESULTS

A seamless deformation map over about 500,000km2 areas 

of the Gulf Coast (hereinafter GC) was produced for the 

first time by mosaicking 33 ALOS tracks (Fig.1), which the 

positive velocities represent movement towards the 

satellite and negative velocities (yellow to red colors) 

indicate movement away from the satellite (i.e., 

subsidence). InSAR-derived average land surface 

deformation observations at 190 PS locations are compared 

with velocity measurements from GPS coastal-wide. Time-

series deformation plots at 6 GPS stations, whose position 

could be found at Fig.1b, were also shown on Fig.1c. The 

GPS measurements and the InSAR time-series agree well 
in both the trend and values (Fig.1). The average RMSE of 

the differences between InSAR and GPS measurements is 

8.5 mm, indicating a good agreement between InSAR-

derived deformation measurements and daily/monthly 

GPS solutions. Discrepancies at a few benchmarks are 

likely due to two factors. First, GPS measurements at the 

exact SAR image date are not available; Second, SAR 

geometry need to be considered in the comparison, the 

purely vertical deformation assumption was compelled to 

be conducted, which is not completely true for some areas. 

This map indicates Gulf Coast is generally stable, but lots 

of deformation cones were identified by integrating InSAR 

measurements and other geodetic observations (Fig.1). In 

our study area, at least 5 large subsidence patterns 

(spanning more than 5km in either direction), 22 small 

subsidence patterns, and 14 uplift patterns have been 

discovered, and three of these features will be discussed in 

this study. In this report, we mainly investigate subsidence 

induced by groundwater withdrawal, large-scale and small-
sized subsidence caused by hydrocarbon production, as 

well as the surface uplift (Figs.2-4).  

Fig. 1 A seamless deformation map over about 500,000 

km2 areas of Gulf Coast: (a) Average vertical 

deformation map over Gulf Coast by mosaicking 33 

ALOS-1 tracks; (b) Comparison of the average vertical 

deformation rate between InSAR and GPS (1) 

measurements during the period of 2007-2011 at 

stations established after 2009; (c) Comparison between 

InSAR-derived time series deformation and GPS 

observations at 6 stations, whose positions were marked 

on (b); The United States map is an inset on the up-left, 

where the red solid rectangle shows the approximate 

area of (a). 

Continuous subsidence and sea level rise in New Orleans 

deltaic plain, leading to land loss and inundation, have been 

receiving increasing attentions, especially since the 

devastating hurricanes Katrina and Rita, and numerous 
authors have contributed to the body of knowledge and 

understanding the subsidence of these areas, to enhance the 
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ability of flood protection. But there exist only two papers 

that applied InSAR technique, because of the very 

challenging coastal environment, complexity subsidence, 

as well as the complicated and volatile geological setting. 

Greater New Orleans (GNO) is a Holocene landscape that 

lies on a combination of distributary channels and 

lacustrine, swamp, and marsh deposits. Thickness of 
Holocene deposits is highly variable throughout the delta, 

reaching the greatest thickness of 24m thick, and beneath 

is the much older undifferentiated Pleistocene age deposits.  

Our InSAR-derived average velocity maps using ALOS-1 

(2007-2011) and ALOS-2 (2014-2019) datasets were 

masked to remove areas of swamps, water and marsh 

wetland, where the phase maintain coherence but 

unreliable phase change could be resulted from the water 

level fluctuations in regions with vegetation (Fig.2). We 

measured similar spatial distributions of deformation as the 

previous studies, such as the subsidence over Lakeshore 
(south shore of Lake Pontchartrain), Kenner, Algiers, 

Woodmere and Harvey communities are comparable to the 

rate of subsidence during 2002-2005 mapped by [4] using 

RADARSAT images, while the subsidence at Michoud, 

9th ward, Metairie and along river banks, as well as the 

slight uplift at south of Kenner and West Lake Forest, are 

identical with the UVSAR result during 2009-2012 from 

[5] (Fig.2). An average subsidence rate of 5-25mm/yr 

occurred most of the populated areas of GNO, which is 

about 5 mm/yr lower (~20 mm/yr lower at Michoud area) 

than that from UVSAR imagery during the contiguous 

years, but no large motion observed at Norco in our ALOS 
result, where was reported as the area worst subsided in [5]. 

Discrepancies between two results are likely due to the 

time differences of two SAR scenes, because high temporal 

variation in subsidence was documented at GNO area (17-

19). We extended the survey regions to communities 

located on south bank of the Mississippi River in this work, 

and discovered several patterns experiencing higher 

settling rate than the north bank, including two large 

patterns at Westwego and Algiers, and several localize 

cones over Woodmere, Harvey and Belle Chasse. Through 

exploring optical radar images, geologic and soil records, 
we attribute the major factor that affect the observed 

localized subsidence to the neighborhood development 

and/or building construction, which may be related to the 

shallow Holocene sediment compaction [5]. The maximum 

subsidence of ~52mm/yr occurred at MRGO (Mississippi 

River Gulf Outlet) canal, where sections of this levee 

system failed during the storm surge of Hurricane Katrina 

struck on 2005. Dixon et al. [4] reported high rate of 

subsidence along MRGO levees during 2002-2005 and its 

position-correlation with the breached levee sections based 

on RADARSAT images, raised the possibility that harmful 
effect of high-rates subsidence on promoting levee base 

breaches. Our ALOS-1 imagery revealed a cumulative 

subsidence of ~180mm at section of MRGO levees (white 

square A on Fig.2) during the period of 2007-2010, and at 

least 35 mm/yr subsidence along this levee was also 

noticed by UAVSAR during 2009 and 2012, but no 

deformation was detected during ALOS-2 period. The 

issue of constantly high-rate subsidence on levee system 

worth pondering and deserve further study to understand 

its influence on this elongated artificially constructed wall 

to better assess the potential disaster. 

Both the natural and anthropogenic processes, sometimes 
occurring simultaneously, are cited as initiators of 

subsidence in GNO, including deep subsidence that could 

be raised from regional loading of lithospheric, faulting, 

and groundwater withdrawal from shallow upper 

Pleistocene aquifers, as well as the compactions in shallow 

sediments that may induced by surficial 

dewatering/drainage activities [4-5]. The spatial 

associations of ground movements indicate that the most 
likely trigger of the mapped subsidence are groundwater 

withdrawal and shallow sedimentary compaction. 

 

Fig. 2 InSAR LOS deformation rate map of New 

Orleans region: Parishes (white lines), and GPS 

benchmarks (pink circles) are superimposed. 

 

Fig. 3 InSAR LOS deformation rate from ALOS-1 (a-

b) and ALOS-2 (c-d) over Sarita, East oil field; 

Hydrocarbon wells (small black dots) are 

superimposed. 

Even though the groundwater extraction is a driver in large 

scale land subsidence over GC, oil and gas exploration and 

related production activities have also contributed to the 

localized subsidence. Pressure relief in oil/gas production 

sites can lead to reservoir compaction, movement of the 
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overburden, and land surface deformation above/within the 

reservoir. The first recognized ground deformation 

associated with oil/gas fluid withdrawal was in the vicinity 

of the Goose Creek Oil Field [6]. The subsidence of 

overlying terrain was definitively attributed to the 

extraction of petroleum based on the fact that the 

subsidence occurred before major water-level declines 
began.  

Sarita, East oil field is located in Kenedy County, TX. Our 

InSAR results from 2 independent neighboring tracks from 

both ALOS-1 and ALOS-2 periods indicate subsidence of 

~50 mm/yr centered at this field, where a large amount of 

active gas exploration wells is distributed. The spatial 

extent of the subsidence cone matches the distribution of 

active wells (black dots in Fig.3). The InSAR map from the 

ALOS-1 dataset (Figs. a-b) have much higher magnitude 

of subsidence than those from ALOS-2 period (Figs. c-d). 

 

Fig. 4 Enlarged deformation maps around injection 

wells (pink dots), whose locations are marked as #Nos. 

on Figure 1. The rows are sorted by 5 SAR datasets (1 

ALOS frame and 4 neighboring ALOS2 frames), while 

the columns are sorted by subsidence ID (#Nos.). The 

sign of ‘Not Cover’ denotes this site is not covered by 

SAR image, and ‘No deformation’ represents no 

detectible deformation signal at this site. Different color 

scales are used to highlight the deformation in 

subfigures, and the cold-colored (from dark blue to 

light) pixels show LOS subsidence to small LOS uplift, 

while the hot colors (yellow to red) show large LOS 

uplift (i.e., deformation towards the satellite). Time-

series cumulative deformation at 4 sites (U3, U8, U9 and 

U10) and the volume of injected wastewater (gray and 

pink bars) of the corresponding wells are list at the 

bottom. 

Contrary process to the land subsidence caused by 

extraction of underground fluid, injecting fluid into the 

subsurface reservoirs often lead to surface uplift. Injection-

induced pore pressure change within the scope of injection 

leads to a depression of effective stress on the skeleton 

structures and thus expansion of the geologic formations. 

These uplifts are usually localized, small-sized (0.5~2 km 

wide), and rapidly developing (cm/yr) (Fig.4), but are 

inconspicuous in the majority of instances for a long period 

for the disposal of fluids usually occurred in uninhabited 
areas with limited damages/affects to the surrounding 

environment. However, the increasing rate of seismicity in 

the eastern/central US, where little or no detected 

earthquakes documented in history, and many of which are 

declared to be in connection with nearby human activities, 

such as fluid injection, aroused concerns from the publicity 

over the past two decades.  

We processed SAR images from 1 ALOS-1 (2007-2011) 

(hereinafter Phase-1) and 4 different ALOS-2 (2014-2018) 

(hereinafter Phase-2) frames separately, generating 5 line-

of-sight (LOS) deformation rate maps, and identified 
significant uplift signal with amplitude ranging from 3~10 

cm/yr mainly over Duval County of South TX. At least 11 

cones of uplift are roughly circular area and typically span 

~2 km in diameter were discovered, and almost all of which 

have not been noticed and reported yet (Fig.4). We sorted 

out some confidential results in the sheet that embedded in 

Fig.4, displaying the deformation locations as the rows and 

the data source as the columns. The observed features vary 

in magnitude, spatial extension (round, ellipse, or crescent-

shaped) and temporal evolution from injection to injection, 

but coincident measurements were reported from 4 
independent ALOS-2 frames, for instance, the deformation 

maps listed at the 5th, 6th and 7th columns in Fig.4. Minor 

discrepancies on amplitude of deformation at #U6, #U7 

and #U8 could be attributed to the different time-span of 

SAR acquisitions and the nonlinearity of aquifer 

deformation. Regarding temporal variation, InSAR 

recognizes an overall pattern of uplift during Phase-1, and 

a structural feature of subsidence since 2014 at spots #U5, 

#U9 and #U10. Uplift signals occurred only in Phase-2 at 

sites #U4, #U6 and #U8, while constant rise of ground 

surface observed during the whole study period at sites #U2, 

#U3 and #U7. However, no matter how the features evolve, 
all the observed uplifts almost center at or less than 2 km 

away from the injection well location(s), marked as white 

circles, and agree well with the production activities of 

these wells (Fig.4). The high temporal and proximal 

association indicate that the surface uplifts are related to 

underground fluid injection activities of nearby wells. To 

analyze the derived patterns, we plotted surface 

movements and injection volumes versus time for three 

representative deformation sites, i.e., #U3, #U8 and #U10, 

that show different trends in their own development 

(Fig.4b-d).  
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1. INTRODUCTION

Observations of surface displacement have been widely 
employed to probe the processes of active tectonics, such 
as plate collision, continent rifting, orogeny uplift, 
interseismic fault creep and locking, and coseismic fault 
rupture, etc. [1-3]. Over the past few decades, a variety of 
geodetic techniques, including leveling, triangulation 
surveying, global navigation satellite system (GNSS), and 
imaging geodesy (e.g., interferometric synthetic aperture 
radar, InSAR), have been used to measure tectonic 
deformation. Unfortunately, sparse ground-based 
observations, e.g., GNSS and leveling data, cannot be used 
to accurately delineate the small- and large-scale spatial 
distribution of such deformations [4]. In contrast, advanced 
remote sensing imaging geodesy techniques with high 
resolutions and large-scale coverage can quantify cm-level 
deformation at the Earth's surface every 1-20 m over areas 
spanning tens to hundreds of kilometers. In this project, the 
ALOS-2/PALSAR-2 images and other observations are 
used to study the deformation along the northern margin of 
the Tibet Plateau and other active tectonic regions. The 
findings of these studies have significantly improved our 
ability to understand the formation mechanisms of the 
present-day deformation and mitigate the risks of 
geological hazards. 

2. THREE-DIMENSIONAL DEFORMATION (3D)
FIELD DETERMINATION 

2.1 COMBINATION OF VARIOUS IMAGE 
GEODETIC DATA [5, 6] 

Imaging geodesy is used to define all the techniques that 
map surface deformation with remote sensing images; 
these include satellite optical and synthetic aperture radar 
(SAR) data as well as light detection and ranging (LiDAR) 
data [7]. Based on such images, a series of imaging 
geodesy methods have been developed, and they can be 
attributed to three main categories: phase information from 
SAR images, amplitude information from SAR or optical 
images, and LiDAR data. In the first category, the InSAR 
method is routinely applied and is generally the first choice 
for generating ground displacement estimates; similarly, 
multiple-aperture InSAR and burst-overlap interferometry 
methods have also been proposed. In the second category, 
the pixel offset tracking method has been developed, and 
its accuracy largely depends on the pixel size of the image. 
Note that the above two categories cannot directly retrieve 

the displacements in 3D components; instead, these 
methods produce geometric projections, such as azimuth 
displacement (e.g., pixel offset tracking in the azimuth 
direction, multiple-aperture InSAR, and burst-overlap 
interferometry) and line-of-sight (LOS) displacement (e.g., 
InSAR and pixel offset tracking in the range direction). In 
the third and last category, differential LiDAR represents a 
new imaging geodesy technique that has been applied in 
numerous earthquakes; this approach utilizes high-
resolution LiDAR (> 1-2 sample/m2) based on an airborne 
platform to directly capture 3D near-field offsets by 
differencing the pre- and post-event point clouds. 
Here, we collect the available SAR images and LiDAR 
data and then process them by using various imaging 
geodesy methods. The SAR images are from the C-band 
Sentinel-1 and L-band Advanced Land Observing Satellite 
2 (ALOS-2). The performances of the above two satellites, 
e.g., the spatial coverage scale and the revisit interval, are
greatly improved over their predecessors. All available pre- 
and post-event LiDAR [8, 9] can be freely downloaded
from the OpenTopography database. Although no optical
images are used in this study, our collected ALOS-2
stripmap image also has a high pixel resolution (< 3 m) and
can replace the role of optical imagery for the pixel offset
tracking estimation.

Fig. 1 The complete 3D coseismic displacements of the 
2016 Kumamoto earthquake [6] 

Several behaviors revealed by our final 3D deformation 
map are shown in Fig. 1. First, the changes in the 
displacement direction on both the horizontal component 
(black arrows) and the vertical component (image color) 
delineate the surface rupture trace with a high-resolution 
grid size of 100 m. Second, the horizontal and vertical 
components (black arrows) on both sides of the fault 
direction show two general features, namely, right-lateral 
motion along the segments in the main rupture region and 
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extension near the Aso caldera, in reference to the strike of 
the fault. Third, a series of secondary rupture features has 
been revealed in the 3D deformation map. The 
displacements in the 3D displacement maps include not 
only those of the Kumamoto mainshock but also those of 
the two Mw > 6 foreshocks (the Mw 6.2 and Mw 6.4 
foreshocks on 14 and 15 April, respectively) in the main 
rupture zone. In summary, previous studies with InSAR or 
GPS data could reveal only some of the behaviors of this 
earthquake, while the 3D displacement maps derived from 
imaging geodesy can help us to explain the geological 
phenomena more intuitively, holistically, and 
systematically. 
 

2.2 VOILS METHOD [10] 
 
In order to infer the 3D displacement field, we propose an 
iterative least squares for virtual observation (VOILS) 
based on the maximum a posteriori estimation criterion of 
the Bayesian theorem. The main objectives of this method 
are: (1) to aim at the insensitivity of the North-South 
deformation, the interpolated displacement field with GPS 
data is used as a priori initial 3D displacement field to make 
up for the defect of extracting the 3D deformation from 
single geometry InSAR one-dimensional (1D) LOS 
observations; (2) to use InSAR 1D LOS observations to 
correct errors caused by the GPS 3D deformation 
interpolation process; (3) to realize the reasonable fusion 
of GPS/InSAR observations in the 3D deformation 
extraction based on the iteration method. 
 

 
Fig. 2 The results obtained by the VOILS method [10] 

 

 
Fig. 3 Comparison of the vertical displacements with 
the surface rupture measurements [10] 

 
The VOILS method was applied to get the 3D displacement 
field of the 2008 Wenchuan earthquake (Fig. 2). The LOS 
residual magnitude obtained by the VOILS method is mm-
level, while the magnitude of the direct solution method is 
cm-level. Furthermore, the results of the VOILS method 
are relatively stable. Based on the analyses of the 3D 
deformation field (Fig. 2), it can be seen that the 

mechanism of the main shock was mainly a reverse motion 
with a right-lateral strike-slip component. In the northeast 
of the fault, the mechanism is dominated by the right-
lateral strike-slip. In particular, the comparison (Fig. 3) 
with the rupture displacements from the field 
investigations shows that the VOILS method is better than 
the direct solution method. 
 

3. EARTHQUAKES IN THE TIBET PLATEAU 
 

3.1 2020 MW 6.2 YUTIAN EARTHQUAKE [11] 
 
On 25 June 2020 at 21:05 UTC, a Mw 6.3 earthquake (Ms 
6.4 according to the China Earthquake Networks Center 
(CENC)) struck Yutian County, Xinjiang Province, China. 
This event occurred in a junction area of the Altyn Tagh, 
Karakax, and Kunlun fault systems in northwestern Tibet, 
164 km south of Yutian County. The US Geological 
Survey (USGS), Global Centroid-Moment-Tensor 
(GCMT), and CENC agree that the primary focal 
mechanism for this event was normal faulting. Note that 
this junction region has suffered high-level seismicity in 
recent times, consisting of one strike-slip event (Mw 6.9 in 
2014) and three normal-faulting events (Mw 7.1 in 2008, 
Mw 6.2 in 2012, and Mw 6.2 in 2020). 
Two pairs of terrain observation with progressive scans 
(TOPS) images from the C-band Sentinel-1 satellite, 
operated by the European Space Agency (ESA), were 
employed to derive the coseismic displacement associated 
with the Yutian event. The analyzed SAR dataset involves 
one descending pair (T165D) on 17 June 2020 and 29 June 
2020, and one ascending pair (T158A) on 22 June 2020 and 
4 July 2020. All of these InSAR data were processed by the 
commercial GAMMA software platform [12] following a 
mature two-pass differential InSAR approach. The final 
interferograms (Fig. 4) exhibit clear deformation signals in 
a complex tectonic region, and their displacement ranges 
from -22 to 10 cm. The interferograms indicate a maximum 
negative LOS displacement value of 19.2 cm and 21.9 cm 
for T165D and T158A, respectively, with a dominant 
vertical component. 
 

 
Fig. 4 InSAR coseismic displacements of the 2020 
Yutian earthquake derived from Sentinel-1 images [11] 
 
Given that coseismic displacement is considered to be 
responsible for the subsurface rupture slip within a 
homogeneous elastic half-space [13], most recent 
earthquake mechanisms have been described with a finite 
rectangular dislocation model by geodetic observation. 
Here, the preferred slip distribution (Fig. 5) shows a simple 
oval pattern with one asperity, and its maximum slip is 0.85 
m. The main slip (>0.4 m), with a size of ~11 × 7 km2, is 
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confined to a depth of 3.6-11.4 km. The rupture slip is 
dominated by normal-slip, with a little strike-slip. The 
distributed slip model yields a geodetic moment of 
2.69×1018 N m, equivalent to Mw 6.23. 
 

 
Fig. 5 Coseismic slip distribution model for the 2020 
Yutian event [11] 
 

3.2 2020 MW 6.1 KALPIN EARTHQUAKE [14] 
 
On 19 January 2020 at 13:27 UTC, a Mw 6.0 earthquake 
reported by the USGS struck Jiashi County, Xinjiang 
Province (China). This event caused one death and two 
injuries, and some buildings were damaged. In this 
foreland area between the Tarim basin and the Tien Shan 
(TS) region, five moderate earthquakes (Mw ≥ 6.0) have 
occurred in the past 50 years. Most events occurred on the 
Jiashi and Bashi-Tuopu faults in the Tarim basin, and the 
2020 earthquake on the Kalpin (also known as the Kalpin-
Tage) frontal thrust fault was the second Mw≥6.0 since the 
1996 Mw 6.3 event in the TS piedmont. This moderate 
event represents a rare opportunity for us to better 
understand how the foreland fold-thrust system 
accommodates ongoing continental orogens. 
 

 
Fig. 6 Coseismic interferograms of the 2020 Kalpin 
event obtained from the Sentinel-1A (a, b) and ALOS-
2 (c) satellites [14] 
 
We collect the available SAR data from the C-band 
Sentinel-1 satellite constellation (T034D and T129A) and 
L-band ALOS-2 satellite (P054D) to image the coseismic 
surface displacements associated with the 2020 Mw 6.0 
Kalpin event. The Sentinel-1 image pairs were processed 
by the commercial software GAMMA [12], while the 
ALOS-2 image pair was processed by the open-source 

package [15]. The Sentinel-1 descending and ascending 
interferograms show the main deformed region with a 
pattern of two lobes in the E-W direction and displacement 
magnitudes of -3-6.5 cm and -5-5 cm, respectively. The 
deformation patterns in the descending and ascending 
paths are similar, suggesting a mostly vertical displacement 
component in the LOS displacement. The ALOS-2 
interferogram has a higher degree of noise resulting from 
short-wavelength atmospheric and ionospheric phases. 
However, it also clearly shows deformation with a prolate 
pattern. The displacement range in P054D is -3-6.5 cm, and 
the positive displacement is larger than that of T034D and 
T129A, whereas the negative displacement is smaller. 
 

 
Fig. 7 Coseismic slip distribution models (a-c) and their 
geometric structures (d) for the 2020 Kalpin event [14] 
 
Here three models involved in Model-1, Model-2 and 
Model-3 are used to invert the coseismic slip distribution 
(Fig. 7). Model-1 is derived from the uniform slip model, 
which includes a fault plane with a dip of 11.2° and a length 
and width of 42 km×30 km. Model-2 and Model-3, also 
known as the ramp-flat structure model and the listric 
structure model, respectively, are based on local geological 
surveys from surface bending inclination [16]. For Model-
1, the main slip displays only one asperity with an oval 
pattern (with an area of approximately 28×10.3 km2), 
which is confined to a depth of 6.2-8.3 km with a maximum 
slip of 0.3 m. The distributed slip model yields a geodetic 
moment of 1.59×1018 N∙m, equivalent to Mw 6.07, which 
is larger than that inferred from the uniform slip model. 
Model-2 and Model-3  exhibit similar slip patterns with one 
asperity, and their main rupture slips with peak slips of 0.25 
m are confined to depths of 2.6-4.7 km and 2.3-4.5 km, 
respectively. In addition, their distributed slip models yield 
geodetic moments of 1.32×1018 N m and 1.22×1018 N m, 
respectively. These slip model results suggest that the 
geodetic and geological geometry models have similar slip 
patterns but different depths and dip angles. Given that 
Model-1 exhibits a smaller RMS error than the other two 
models, we tend to regard Model-1 as the optimal model. 
 

4. OTHER EARTHQUAKES 
 

4.1 2016–2017 CENTRAL ITALY EARTHQUAKE 
SEQUENCE [17] 

 
A sequence of earthquakes from 2016 to 2017 occurred in 
Central Italy including ten Mw≥5.0 earthquakes and their 
aftershocks. The starting event was an Mw 6.2 earthquake 
at 1:36:36.2 on August 24th, 2016 (UTC). Approximately 1 
hour later, an Mw 5.6 earthquake occurred 12 km 
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northwest from the epicenter of the first main event. The 
second main event occurred two months later at 19:18:11 
on October 26th, 2016 (Mw 5.7) with an Mw 5.5 foreshock 
located approximately 4 km away. Only four days later, the 
largest earthquake (Mw 6.6) in this sequence occurred 
approximately between the location of the August 24th, and 
October 26th, 2016 events. On January 18th, 2017, the 
fourth main event ruptured to the southwest of the August 
24th, 2016 event with an Mw 5.4 foreshock and two Mw > 
5 aftershocks. According to the GCMT, there are ten 
earthquakes greater than or equal to Mw 5 during the 2016-
2017 Central Italy earthquake sequence. 
 

 
Fig. 8 Coseismic interferograms of August 24th, 2016 
earthquake [17] 
 
The Mw 6.2 2016 Amatrice earthquake occurred at 01:36 
(UTC) between the towns of Norcia and Amatrice. A 
significant aftershock (Mw 5.6) followed the main shock, 
located 12 km to the NW. The ground deformation (Fig. 8) 
retrieved from the four unwrapped interferograms is 
characterized by two NNW-SSE striking deformation 
lobes with a maximum negative LOS displacement value 
of 18.5 cm for Sentinel-1 ascending track 117, 22.2 cm for 
Sentinel-1 descending track 022, 18.6 cm for ALOS-2 
ascending track 197 and 30.4 for ALOS-2 descending track 
092, respectively. 
 

 
Fig. 9 Coseismic interferograms of October 26th, 2016 
Visso earthquake [17] 
 
There is only one Sentinel-1 ascending track 044 
interferograms covering the epicentral area of this event 
(Fig. 9a). The maximum observed LOS change in the entire 
epicentral area reached -21.9 cm. One ALOS-2 ascending 

track 197 interferograms recorded the cumulative 
displacement pattern relative to the 2016 Amatrice and 
Visso earthquake (Fig. 9b). Although the ALOS-2 
interferogram is spanning both the Amatrice and Visso 
earthquake, the deformation signal was not mixed together. 
We then tried to use the deformation part relative to the 
Visso earthquake. The maximum observed LOS change in 
the part of 2016 Visso earthquake reached -25.8 cm. 
The Sentinel-1 ascending track 044 recorded this largest 
event. The ascending data show major motion towards the 
satellite, with the LOS value ranging from -50.1 cm to 26.7 
cm (Fig. 10a). One ALOS-2 interferogram also spans the 
Norcia earthquake and shows LOS values ranging from -
66 cm to -22 cm (Fig. 10b). 
 

 
Fig. 10 Coseismic interferograms of October 30th, 2016 
earthquake [17] 
 
Despite the copious snow cover and adverse weather 
conditions, the Sentinel-1 and ALOS-2 satellite enables us 
to retrieve the Earth’s surface deformation induced by the 
2017 event. By processing the images acquired across the 
main event by the Sentinel-1 and ALOS-2 satellite, we 
generated the coseismic interferogram, although most parts 
of the image have a low signal-to-noise ratio (Fig. 11). The 
maximum observed LOS change in the entire epicentral 
area reaches up to -9.6 cm for Sentinel-1 and -12.2 for 
ALOS-2. 
 

 
Fig. 11 Coseismic interferograms of January 18th, 2017 
Amatric earthquake [17] 
 
These results show that the four events are all associated 
with a normal fault striking northwest-southeast and 
dipping southwest. The observations, in all cases, are 
consistent with slip on a rupture plane with strike in the 
range of 157 to 164° and dip in the range of 39 to 44° that 
penetrates the uppermost crust to a depth of 0 to 8 km. The 
primary characteristics of these four events are that the 
August 24th, 2016 Mw 6.2 Amatrice earthquake had 
pronounced heterogeneity of the slip distribution marked 
by two main slip patches, the October 26th, 2016 Mw 6.1 
Visso earthquake had a concentrated slip at 3-6 km, the 
predominant slip of the October 30th, 2016 Mw 6.6 Norcia 
earthquake occurred on the fault with a peak magnitude of 
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2.5 m at a depth of 0-6 km, suggesting that the rupture may 
have reached the surface, and the January 18th, 2017 Mw 
5.7 Campotosto earthquake had a large area of sliding at 
depth 3-9 km. 
 
4.2 2017 MW 7.3 EZGELEH, IRAN EARTHQUAKE 

[5, 18] 
 
On 2017 November 12, an Mw 7.3 earthquake hit the Iran–
Iraq border near the city of Ezgeleh, Iran, causing 
widespread destruction and thousands of casualties, among 
which over 600 people died. This 2017 Ezgeleh earthquake 
breaks a 50-yr-long seismic quiescence of the Zagros thrust 
front system since 1967 when an M 6.1 event occurred 
about 100 km to the south. 
 

 
Fig. 12 2.5-D surface displacements caused by the 2017 
Ezgeleh earthquake [18] 
 
We collect two pairs of ALOS-2 images and four pairs of 
Sentinel-1 images on both ascending and descending tracks, 
to generate the interferograms. We then resolve the 2.5-D 
ground deformation (Fig. 12) caused by the Ezgeleh 
earthquake using these multi-sensor and multitrack 
interferograms. The westward displacement is clearly 
observed with a maximum value of ∼0.45 m. The peak 
uplift of 0.9 m is located in the southwest compared with 
the maximum subsidence of 0.3 m in the northeast. The 
maximum westward displacement is nearly half of the peak 
uplift. Thus, the 2.5-D surface coseismic deformation 
suggests a NE-dipping fault, mainly thrust-slip with some 
dextral strike-slip components. 
The rupture process is inverted by the joint inversion (Fig. 
13). The Ezgeleh earthquake starts with a relatively small 
amount of moment release in the first 4 s, and the 
significant moment, more than 90 percent of total seismic 
moment release, occurs in the following 4–18 s. During this 
period, two local peaks occur at ∼5 and ∼13 s, and the latter 
is the global maximum. The earthquake terminates at about 
20 s. As the snapshots, the energetic rupture propagates in 
the southwest direction from the USGS epicentre to 
shallower depth at a variable speed of 1.5–3.2 km/s, with a 
relatively lower speed at the beginning and ending stage. 
The rupture produces the first pulse in moment rate 
function during the period of 5.0-7.0 s. The accumulated 
seismic moment during the first 6 s is 0.25×1020 N m, only 
20 per cent of total moment and equivalent to an Mw 6.87 
earthquake. Rupture then propagates southwestward with 
an average rake angle of 135◦ during the period of 8.5-18 
s, and the second moment pulse occurs at 9–15 s with over 
90 percent of total moment released. Therefore, the back-
projection and waveform inversion give the similarities of 
rupture direction and source duration, indicating a 
southwestward rupture with length of ∼30 km and duration 
of 20 s caused by the 2017 Ezgeleh earthquake. 
 

 
Fig. 13 The 1 s snapshots of joint inversion model [18] 
 

4.3 2017 MW 6.6 POSO EARTHQUAKE [19] 
 
On 29 May 2017 (UTC 14:35:21), an Mw 6.6 earthquake 
struck the central part of Sulawesi, eastern Indonesia. The 
epicenter, as reported by GCMT catalog, was located at 
1.24°S and 120.40°E approximately 39 km west–northwest 
of the town of Poso. The 2017 Poso earthquake, which 
represents the largest shallow event that has struck central 
Sulawesi since the implementation of modern seismic 
instruments, ruptured a mountainous region with a high 
mean elevation of ∼2300 m, indicating the presence of a 
high-gravitational potential energy and the preferential 
occurrence of lithospheric extension. In this article, we use 
coseismic ground deformation data derived from SAR 
satellite sensors to constrain the fault geometry and invert 
for the slip distribution of the 2017 Poso earthquake. Based 
on the inverted finite slip model, we analyze the 
background seismicity, regional topography, and fault 
kinematics to obtain insights into the mechanisms of 
extension throughout ECS and the associated structural 
evolution processes. 
 

 
Fig. 14 Observed, modelled and residual coseismic LOS 
displacement of the 2017 Poso earthquake [19] 
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The ascending and descending ALOS-2 interferograms 
(Fig. 14) share the comparable deformation magnitudes 
and produce fringe patterns consistent with major motion 
away from the satellite, reflect that vertical displacement is 
dominated by the subsidence, and thereby suggest possible 
normal faulting during the Poso earthquake. The 
continuous northwest–southeast-oriented elliptical spatial 
pattern may suggest that the 2017 Poso earthquake did not 
break the Earth’s surface with major slip on a buried fault. 
Furthermore, despite its serious decoherence in the near 
field, the C-band Sentinel-1 data can still provide us with 
some information regarding relatively far-field signals. 
 

 
Fig. 15 (a) Finite slip distribution of the 2017 Poso 
earthquake, (b) The decomposed (blue dots) and 
predicted (green dots) vertical deformation along the 
profile, (c) Slip contours of the main rupture and 
projected onto a strike-depth plane [19] 
 
The best-fitting distributed slip model (Fig. 15), which 
clearly identifies two asperities connected along the down-
dip direction. The first asperity is located at depths of 3–10 
km and manifests predominantly as a normal fault with a 
peak slip of 1.8 m. However, the second asperity requires 
continued slip in down-dip zones of the first asperity and 
manifests predominantly as pure dextral strike slip with a 
peak slip of∼0:9 m. Checkerboard test and slip uncertainty 
analyses demonstrate that this deep asperity is a robust slip 
feature that can be retrieved from the data. Furthermore, 
limited slip is found in the up-dip region of the first asperity 
suggests that the coseismic rupture of the Poso earthquake 
did not propagate to or rupture the ground surface. The 
Poso earthquake contributes to the northeast–southwest 
extensional strain state and therefore the crustal thinning of 
ECS to some extent, due to the downward motion caused 
by the main rupture. The distributed-slip model yields a 
geodetic seismic moment of 1.16×1019 N m that 
corresponds to an Mw 6.65 earthquake. 
 

4.4 2018 MW 7.5 PALU EARTHQUAKE [20] 
 
Indonesia is located in the triple junction zone where the 
Philippine Sea, Australian, and Sunda plates meet and acts 
as one of the most seismically active zones in the world, 
within which many micro-blocks and intense faulting are 
developed. On September 28, 2018, a strong earthquake 
with a moment magnitude (Mw) of 7.5 struck the Sulawesi, 
Eastern Indonesia, with the epicenter located at about 70 
km to the north of the city of Palu. This seismic event 
triggered catastrophic soil liquefaction, landslides, and a 
tsunami as well. In this study, we first determined the 
source geometry utilizing the ALOS-2 descending data. 
Then we inverted for the rupture kinematics of the 2018 
Palu earthquake, jointly using the ALOS-2 data and the 

fortunately unclipped broadband regional seismograms. 
From our rupture model, we obtained insights into 
supershear rupture features and trans-tensional mechanism 
of Sulawesi. 
 

 
Fig. 16 The observed coseismic LOS displacement of 
the 2018 Palu earthquake [20] 
 
The maximum LOS displacement is 1.1 m, and four main 
lobes of deformation are clearly visible (Fig. 16). The 
asymmetric fringe pattern, which shows more fringes on 
the eastern side of the fault, could suggest that the fault 
plane dips to east. The LOS displacement shows a four-
quadrant distribution pattern, which conforms to a strike-
slip event. At the east of the fault, south of the city of Palu, 
the negative LOS displacement indicates a range increase, 
which is agreeable with left–lateral strike–slip and possible 
subsidence, as the satellite LOS direction is nearly 
perpendicular to the strike of the fault and the flight 
direction is almost southward. By contrast, the positive 
LOS displacement shows a range decrease, which suggests 
uplift, supporting local transpression at the Sulawesi neck. 
Additionally, the deformation zone to the south of the 
epicenter in the Sulawesi Neck is much broader than that 
in other deformation regions concerning the sense of 
spatial extension, which suggests that the earthquake has 
ruptured into a deeper part of the crust in this region. By 
contrast, deformation region to the south of the city of Palu 
is featured by more densely distributed fringes, allowing 
for a shallower rupture on this segment. 
 

 
Fig. 17 (a) Coseismic slip distribution from the of 
InSAR and broadband regional seismograms (b) and (c) 
are the strike-slip and dip-slip components, respectively, 
(d) The uncertainty of the total slip model [20] 
 
The rupture kinematics were constructed jointly using 
ALOS-2 InSAR and broadband regional seismograms, 
which reveal that the 2018 Palu earthquake is a supershear 
rupture event from early on with an average rupture 
velocity of 4.1 km/s, different from other supershear events 
with a transition from subshear to supershear. The total 
seismic moment 2.64×1020 N m (equivalent to Mw 7.55) 
was released within 40 s. The accumulative slip model (Fig. 
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17) shows that there are four slip asperities, corresponding 
to four main lobes of deformation in the ALOS-2 
interferogram, with a peak slip of 6.5 m located at the south 
of the city of Palu. Our results also shed some light on 
transtensional tectonism in Sulawesi. 
 

4.5 2018 MW 6.6 HOKKAIDO EASTERN IBURI, 
JAPAN, EARTHQUAKE [21] 

 
On 5 September 2018 at 18:07:59 (UTC), a moderate 
earthquake with a magnitude of Mw 6.6 struck eastern 
Iburi of Hokkaido Island, northeastern Japan. The USGS 
reported coordinates of 42.686 °N and 141.930 °E for the 
epicenter and a focal depth of approximately 35 km. In total, 
459 earthquakes occurred within ~2 days, in which 160 M 
> 3 aftershocks. The largest aftershock’s magnitude was M 
5.9, which occurred only 3 h after the main shock. The 
earthquake also resulted in more than 10,000 landslides and 
significant casualties, as well as heavy property losses. 
 

 
Fig. 18 Coseismic interferograms obtained from 
descending Sentinel-1A track T046D (a), descending 
ALOS-2 track P018D (b) and ascending ALOS-2 track 
P112A (c) [21] 
 
We collected two interferometric pairs of Sentinel-1 
images acquired in Terrain Observation with Progressive 
Scans (TOPS) mode along ascending and descending 
tracks; we also obtained two interferometric pairs of 
ALOS-2 images in Phased Array L-band Synthetic 
Aperture Radar-2 (PALSAR-2) stripmap mode along 
ascending and descending tracks. The surface deformation 
is clearly visible from both ascending and descending 
interferograms, and the main coseismic deformation 
corresponds well with the mechanism of a thrust event 
(Figure 18). The relative maximum LOS displacements are 
11.6, 7.0, 19.9, and 16.7 cm for the T046D, T068A, P018D, 
and P112A interferograms, respectively. 
 

 
Fig. 19 Two-dimensional (2D) coseismic slip model for 
the 2018 Iburi event [21] 

First, we carried out a nonlinear inversion to invert for nine 
fault parameters, the result of which shows that the 
seismogenic fault was a blind NNW-trending (strike angle 
~347.2°), east-dipping (dip angle ~79.6°) thrust fault. The 
inverted geodetic moment magnitude of the 2018 event is 
Mw 6.44. Then, a linear inversion was performed based on 
the optimal fault geometry derived from the nonlinear 
optimization. The linear inversion (Fig. 19) suggests that a 
significant slip area extends 30 km along the strike and 25 
km in the downdip direction and that the peak slip 
magnitude can approach 0.53 m at a depth of 15.5 km with 
strike-slip and dip-slip components of 0.22 m and 0.48 m, 
respectively. The estimated geodetic moment magnitude 
released by the distributed slip model is 6.16 ×  10  N ·
m, equivalent to an event magnitude of Mw 6.50. 
 

4.6 2018 MW 7.5 PAPUA NEW GUINEA 
EARTHQUAKE [22] 

 
On 25 February 2018 (UTC 17:44:44), a devastating Mw 
7.5 earthquake jolted the southern area of the Papuan fold 
and thrust belt (PFTB), central Papua New Guinea (PNG), 
which is well known for its prolific natural resources. This 
earthquake was the most powerful one ever experienced in 
the region in the past 100 years, and it was followed by five 
strong M > 6 aftershocks within 60 days. The earthquake 
was felt with an intensity of IX in the earthquake area and 
thereby caused extensive damages to buildings, triggered 
various landslides, and even closed the oil and gas 
operations. 
 

 
Fig. 20 Observed and modelled coseismic LOS 
displacement of the 2018 PNG earthquake [22] 
 
The 2018 PNG earthquake produced a highly complex 
deformation (Fig. 20), with surface displacements of 
dozens of centimeters distributed along the PFTB for over 
180 km. The maximum LOS displacement is observed to 
be ~100 cm in the ascending track interferogram and ~80 
cm in the descending one. The coseismic interferograms 
from different tracks present a similar fringe pattern with a 
decrease in range along the LOS, suggesting that the 
coseismic surface deformation due to this earthquake is 
dominated by uplift motion. A close inspection of the 
coseismic displacements shows no apparent discontinuities 
along the southern foreland of PFTB. In contrast, the 
surface displacements are fairly smooth, suggesting that 
slip on foreland faults is almost buried at depth. The 
ascending coseismic interferogram shows low coherence in 
the near filed, most likely caused by temporal decorrelation 
due to a large temporal baseline (i.e., 210 days). The 

337



coseismic displacements show some along-strike 
differences, decreasing from ~100 cm in the southeast to 
~20 cm in the northwest as revealed by the ascending 
interferogram. This suggests that the coseismic strain 
release is highly segmented along the PFTB and also 
reflects that there could be slip heterogeneities on faults 
during the earthquake possibly due to the variation of fault 
frictional properties and interseismic strain partitioning.In 
the optimal fault geometry model, the updip projections of 
the fault segments at the surface are well consistent with 
the surface geological features and observed displacement 
gradients. The optimal dip angles of the segments show 
some expected along-strike variations. For example, S3 
and S4 in KFTB respectively dip to northeast at 40° and 
32°; S1 and S2 in WPFTB are both dipping at 55° but show 
differences in the strike angle. This is consistent with the 
focal mechanisms of regional earthquakes in the southern 
foreland of PFTB. 
 

 
Fig. 21 (a) The optimal coseismic slip distribution 
inverted from Model II, (b) Three-dimensional map 
view of the coseismic slip distribution of Model II [22] 
 
Our analysis of the generated coseismic surface 
deformation shows that the earthquake involved a multiple 
faults failure with four fault segments possibly ruptured 
during the earthquake (Fig. 21). The significant deep-
seated slip of up to 0.7 m suggests that crustal shortening 
across the PFTB could primarily control the growth of fold 
and thrust belt in the central Papua New Guinea. The well-
estimated laterally heterogeneous slip to some extent 
reflects spatially variable friction and interseismic strain 
partitioning on fault. The observable along-strike 
differences in structure geometry, topography, and 
convergent rate may be due to the different responses of 
weak and strong lithosphere beneath the PTTB to the arc-
continent collision between the Australia and Pacific plates. 
 

4.7 2020 MW 7.4 OAXACA, MEXICO, 
EARTHQUAKE [23] 

 
On 23 June 2020, an Mw 7.4 earthquake struck near 
Oaxaca, Mexico, causing at least six deaths and two dozen 
injuries. According to the U.S. Tsunami Warning System, 
the event triggered a tsunami warning, with waves of 0.68 
m and 0.71 m amplitude observed in Acapulco and Salina 

Cruz, respectively. The hypocenter and the focal 
mechanism suggest that the thrust faulting event may 
happen on the subduction interface between the Cocos and 
North America Plate. 
In this study, we collected geodetic observations from GPS 
stations to estimate the static coseismic offset and high-rate 
displacement time series. The 3D GPS coseismic 
displacements (Fig. 22) associated with this earthquake 
revealed that the detectable displacements (> 1 mm) were 
localized within 120 km from the epicenter and that the 
stations nearest to the epicenter had large offsets. The 
largest displacement was observed at site OXUM, located 
~44 km southwest of the epicenter, with ~15.2 cm 
horizontal displacement and ~4.1 cm uplift. The GPS-
derived coseismic displacement pattern is consistent with 
displacements expected from a thrust event. 
The independent ascending and descending Sentinel-1 and 
ALOS-2 interferograms captured most of deformation area 
of the 2020 Oaxaca event, except in a small area of the 
ocean (Fig. 22). The Sentinel-1 data with a short time 
interval (six days) and ALOS-2 data with a long 
wavelength (L-band) maintained coherence in the rupture 
zone. The 12-day time interval Sentinel-1 (T005A) data 
decorrelated above the center of the deformation field due 
to dense vegetation. The pattern of surface deformation 
indicates that the main slip occurred at 15-30 km depth and 
located near the hypocenter. Since the line-of-sight (LOS) 
vector from the ascending tracks (T005A and T017A) is 
nearly parallel to the strike of the trench, it primarily 
revealed vertical deformation caused by major slip on a 
fault with an intermediate dip. The relative LOS 
displacements were -3 ~ 66 cm, -8 ~ 64 cm, -15~ 41 cm, -
20 ~ 0 cm and -19 ~ 38 cm for the T005A, T107A, T070D, 
T172D and P152D tracks, respectively (Fig. 22). 
 

 
Fig. 22 Coseismic deformation for the 2020 Oaxaca 
earthquake from ALOS-2, Sentinel-1 and GPS 
observations [23] 
 
Our results indicate that the 2020 Oaxaca earthquake was 
a typical megathrust event that occurred on a fault plane 
with a strike angle of 264.6° and dip angle of 28.8°. The 
whole rupture process lasted 14 s with an average rupture 
velocity of 3.1 km/s, while the dominant rupture occurred 
during 5-8 s after initial rupture. This earthquake released 
a moment magnitude of 1.70×1020 N m (Mw 7.4). The 
maximum slip on the fault plane was ~3.4 m. The 
mainshock rupture mostly occurred along the strike, 
extending 55 km in the length and 35 km in the width, and 
it totally overlapped the rupture of the 1965 Mw 7.5 event, 
indicating that this Oaxaca event was a repeat event 
following the 1965 earthquake. Fluid percolation under the 

338



slab may be one of key factors affecting the seismogenic 
depth in this region. 
 

5. CONCLUSIONS 
The deformation with high accuracy along the northern 
margin of the Tibet Plateau and other active tectonic 
regions (such as Japan, Italy, Iran, Indonesia, Papua New 
Guinea, and Mexico) was investigated by combining 
ALOS-2/PALSAR-2 images and other observations. This 
study clearly presented the tectonic signals (such as line-
of-sight, 2.5D, and 3D deformation) resulting from the 
related faults, and gave the geophysical model (such as 
fault geometry, slip distribution, rupture process, and 
regional tectonic geometry) between the underground 
activities in the crust and/or lithosphere and the Earth’s 
surface deformation. The results related to active faults can 
provide the key information in the estimation of regional 
seismic hazard and the understanding of the present-day 
deformation along these faults. 
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1. INTRODUCTION

This report mainly used ALOS-2 data to map the 
coseismic deformation field and carries out geophysical 
inversion and seismic risk analysis based on the 
deformation field. In this report, four mod-strong 
earthquakes in recent years are selected for analysis 

2. EARTHQUAKE COSEISMIC DEFORMATION

2.1 Nepal earthquake
On April 25, 2015, the Mw7.8 earthquake occurred in 

central Nepal. The ALOS-2 wide-band interference pairs 
of 2015-04-05 to 2015-05-03 were used. The time baseline 
was 28 days. The coseismic deformation field of the Nepal 
Mw7.8 earthquake is obtained (Fig. 1). From the coseismic 
deformation field, it is found that there are two deformation 
centres in the whole earthquake area. The LOS uplift in the 
South deformation Center shows the maximum uplift up to 
1.3m. The deformation centre lies to the north of 
Kathmandu, where buildings were badly damaged by the 
earthquake. The North deformation Center shows surface 
subsidence and reaches 0.7m at LOS. According to the 
tectonic setting of Nepal and the energy released by the 
earthquake, the two deformation centres in the north and 
South are located on the upper wall of the fault, which is 
also in line with the deformation characteristics of a strong 
low dip thrust fault.  

The fault parameters and slip mechanism of the Nepal 
earthquake are studied and analyzed in detail with the 
constraints of the co-seismic deformation data obtained 
from the ALOS-2 satellite data. After acquiring the 
deformation interferogram of InSAR, the data is resampled 
using a quadtree method of data resolution constraints. The 
number of ALOS-2 data points is reduced to 291. The two-
step inversion method is used to estimate the fracture 
geometric parameters and dip-slip distribution of faults. 
Firstly, assuming the fault is a Uniform fault model, the 
spatial geometric parameters of faults are calculated. Then 
the distributed fault model is used to calculate the 
distributed slip on the fault plane. 

Fig1 Original ALOS-2 coseismic interferogram 

Fig.2 The slip models determined with InSAR datasets 
(a) InSAR based slip model; (b) The accumulative seismic
moment distribution along with the depth for slip models;

(c) Uncertainties of the slip model.

Fig.3 Original(a), modelled(b) and residual 

interferograms(c) for InSAR model of ALOS-2. 

Fig. 2a is the optimal slip distribution model. From the 
inversion results, the strike of the fault is 291 degrees, the 
dip angle is 7.6 degrees, the dip-slip mainly distributes in 
the depth of 12-18 km, and the dip-slip of the fault is 
mainly thrust. The distribution range of the main dip-slip is 
140 km in length, and the average dip-slip angle is 95 
degrees in this range. The cumulative seismic moment of 
the earthquake is 6.5×1020N·m, and the moment magnitude 
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is Mw7.8, as shown in fig. 2b. Based on the Monte Carlo 
algorithm, the uncertainty of the dip-slip of the fault 
surface is obtained by analyzing 100 groups of sampling 
points with disturbance, as shown in Fig. 2c, the maximum 
uncertainty is about 0.5m, which is about 10% of the 
maximum slip of the same earthquake. In this paper, the 
maximum slip is 5.3m at the depth of 15km. The maximum 
slip value obtained by the joint inversion of JPL (Jet 
Propulsion Laboratory) teleseismic waveform data and 
near-field deformation data such as GPS and InSAR is 
more than 6.0m (http://aria.jpl.nasa.gov/node/43). The 
maximum slip value obtained by USGS using the inversion 
of a far-field P wave, far-field SH wave and the long-period 
surface wave is 3.0-4.0m. The distribution range and 
method of dip-slip in this paper are basically consistent 
with the results published by the above-mentioned 
mechanism, but the dip-slip in this paper is larger than that 
of USGS. The main reason is that the inversion constrained 
data used in this paper are mainly static near-field 
deformation field, and the coseismic deformation field of 
InSAR may also contain some post-earthquake 
deformation signals and strong aftershocks. 

Figure 3 shows the fitting result of the best fitting slip 
model. Fig. 3a shows the ALOS-2 InSAR observations. Fig. 
3b shows the interferometric deformation field simulated 
by inversion of the ALOS-2 deformation field. Fig. 3c 
shows the residual in Fig. 3b. From the residual diagram of 
Fig. 3c, there are some residual deformation signals at the 
edge of the main deformation field, which may be caused 
by the landslide caused by the coseismic. InSAR 
simulation interferogram can well interpret the 
interferometric deformation field and prove the stability 
and reliability of the slip interval determined in this paper. 
In addition, the maximum inversion residual of the 
epicentre region is about 8 cm, as can be seen from the 
residual values of the observed and simulated values (Fig. 
3c). It proves the reliability of the result. 

Based on the focal mechanism solutions obtained 
from InSAR data inversion is constrain for strong ground 
motion simulation. In this model, the fault plane is divided 
into N rectangular sub-faults of equal size, each sub-fault 
is a point source, and the focal model is set up. According 
to the geometric relationship between the source and the 
site, the influence of each source on the site is calculated, 
which can be superimposed into the ground motion time 
history of the site. 

Based on the USGS model and InSAR inversion 
model as the input values of slip distribution, the strong 
ground motion of the Nepal earthquake is simulated by 
using a stochastic vibration finite fault model. As can be 
seen from Figure 4, there are many similarities in the 
motion level and distribution range between the two 
models: PGA and PGV obtained by the two models are 
distributed along the strike direction of the fault. The 
simulation results show asymmetry due to the influence of 
low-value shallow S-wave velocity in the southwestern 
plain area: the movement level in the southwestern side of 
the fault is higher than that in the northeastern side of the 
fault. The simulated results are in good agreement with the 
published results in terms of intensity distribution range 
and intensity grade: the high-intensity areas (≥Ⅷ) are 
mainly concentrated in the south-east side of the 
earthquake and the northern part of Kathmandu, see figure 
4c, 4f). The intensity in the central and western part of the 
earthquake is obviously higher than that in the eastern part, 

indicating that the rupture mode of the earthquake is mainly 
one-way rupture, and the rupture propagates along the 
southeast direction from the source, which is very similar 
to the rupture mode of the Wenchuan earthquake. 

 
Fig.4 Strong motion simulation for Nepal Mw7.8 earthquake 
based on two slip models (a)、(b)、(c) indicate GPA，PGV 
and MMI distribution estimated from USGS slip model 
respectively; (d)、 (e)、 (f) indicate GPA，PGV and MMI 
distribution estimated from InSAR inversion slip model 
respectively. 

Conclusion: The Nepal earthquake that occurred on 
April 25, 2015, was the result of the north-south 
convergence of the Indian and Eurasian plates, and the 
thrusting of the Indian plate subducting beneath the 
Eurasian plate. The earthquake caused the surface to move 
sharply southward, and the forward surface to move 
southward in Kathmandu reached 3m. The fault rupture 
begins in the West and extends eastward along the fault to 
150km. Based on the co-seismic deformation field 
acquired by the ALOS-2 satellite sensor, the seismic 
rupture mechanism is inverted. The two-step inversion 
strategy is adopted. The results show that the strike of the 
seismogenic fault of the Nepal earthquake is 291 degrees, 
the dip angle is 7.6 degrees. The dip-slip of the fault is 
dominated by thrust, and the maximum dip-slip is 5.3 m, 
which is located at the depth of 15 km. The distribution 
range of the main dip-slip is 140 km in length, and the 
average dip-slip angle is 95 degrees in this range. The 
cumulative release seismic moment is 6.5×1020 N·m, and 
the magnitude of the contraction moment is Mw7.8. Based 
on the inversion of the source mechanism of InSAR, the 
strong ground motion is simulated. The results of the 
InSAR simulation are in good agreement with those of 
USGS. Through the study of the earthquake, the structure 
of the seismogenic fault can be described in detail, and the 
foundation for further study of the geometric 
characteristics of the main thrust fault and the spatial 
relationship between the main earthquake slip and the 
activity of the interseismic fault can be laid. 
 
 
2.2 Meinong earthquake 

Taiwan time on February 6, 2016, Kaohsiung City, an 
Mw6.4 earthquake occurred in Kaohsiung City, Taiwan, 
epicentre located in Kaohsiung City Meinong District 
(120.54°E, 22.93°E). Obtained the ALOS-2 ascending 
track 20151126-20160208 interference pair and the 
descending track 20160131-20160214 interference pair, 
using differential interference processing method, obtained 
the coseismic deformation field of the earthquake (Fig. 1 
(a, b)). 342



 
(a) ascending                   (b) descending   

Fig.1 ALOS-2 coseismic deformation field of LOS. 
 

By analyzing the results of the coseismic deformation 
field, the maximum forward deformation variable of the 
ALOS-2 ascending data is about 11 cm, and the maximum 
forward type of the descending data is 10 cm. Although 
there are differences in the values of ascending and 
descending orbits, the positions of the maximum values of 
LOS are the same, which are about 20 km northwest of the 
epicentre. The quadtree method based on data resolution 
constraint is used to resample LOS to deformation, as 
shown in Figure 2. 

 
 (a) ascending          (b) descending 

Fig.2 ALOS-2 coseismic deformation field of LOS 
(after resampling) 

Using ALOS-2 ascending and descending data, 
inversion calculations are performed for different 
smoothing parameters of 0.0, 0.01, 0.02, 0.03, 0.04, 0.05, 
0.06, 0.07, 0.08, 0.09, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 
0.40, and 1.0, respectively. The compromise curve between 
the roughness of the dislocation model and the data is 
shown in Figure 3. 

                   
     (a) ascending                                   (b) descending  
Fig.3 The compromise curve between the roughness of the 
dislocation model and the data fit degree. 

According to the compromise curve, the optimal slip 
distribution factor is 0.02 for the ascending and descending 
data. When the smoothing factor is 0.02, the inversion slip 
distribution results are shown in Figure 4 respectively. 

         
 (a) ascending                                   (b) descending  

Fig.4 Slip distribution on map projection 

Fault slip distribution results show that the earthquake 
is mainly dipped slip, the main slip rupture concentrated in 
9 km to 15 km and did not extend to the surface, the site 
scientific investigation of the earthquake also did not occur 
obvious surface rupture. In the case of ascending data, the 
average slip is about 0.05 meters, the average slip angle is 
40.00 degrees, the maximum slip near the surface is 1.20 
meters, the slip angle is 40.00 degrees, located at 120.46 
longitudes, 22.95 latitudes, 13.38 km depth, the final 
moment magnitude is 6.20, the numerical simulation 
coincidence coefficient is 55.35%, the average stress drop 
is 3.85 MPa, and the standard stress drop is 2.39MPa, and 
the maximum stress drop is 7.69MPa. In the case of 
descending data, the average slip is about 0.05 meters, the 
average slip angle is 40.03 degrees, the maximum near-
surface slip is 1.20 meters, the slip angle is 40.00 degrees, 
located at 120.48 longitudes, 22.97 latitudes, 14.13 km 
depth, the final moment magnitude is 6.16, the numerical 
simulation coincidence coefficient is 58.73%, the average 
stress drop is 3.83 MPa, the standard stress drop is 
2.82MPa, and the maximum stress drop is 9.79MPa. The 
results of the inversion of the lifting rail are highly 
consistent. 

The model is used to observe the deformation field 
and the simulated deformation field respectively, as shown 
in Figure 5. 

 
(a)ascending 
observation  

(b)ascending 
prediction  

(c)ascending 
Residual  
 
 

 
 
Fig.5 Comparison of deformation field and pre 
deformation field observed by ALOS-2 

The prediction result of the whole model of the lifting 

data is in good agreement with the observation result, and 
the error of 97.56% is less than 2 cm except for the poles. 
The predicted results of the whole model agree well with 
the observed ones. The observed deformation field is from 
- 8 cm to 6 cm, and the simulated deformation field is from 
- 1 cm to 3.5 cm. The range of residual error ranges from -
6cm to 4cm. 

Combined with ALOS-2 ascending and descending 
data, according to different smoothing parameters of 0.0, 
0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.10, 
0.15, 0.20, 0.25, 0.30, 0.35, 0.40 and 1.0, the compromise 
curves between the roughness of the dislocation model and 
the degree of data coincidence are drawn. When the 
smoothing factor is 0.02, the inverse slip distribution 

(d)descending 
observation  

(e)descending 
prediction  

(f)descending 
Residual  
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results are shown in Fig 6a and the surface projection 
results are shown in Fig 6b. 

 
  

(a) slip distribution        (b) slip distribution on map 
projection. 

Fig. 6 slip distribution model 
The results of fault slip distribution show that the 

main slip ruptures are dip-slip, mainly between 9 km and 
15 km, and do not extend to the surface. The average slip 
is about 0.05 meters, the average slip angle is 40.00 degrees, 
the maximum slip near the surface is 1.20 meters, the slip 
angle is 40.00 degrees, located in 120.48 longitudes, 22.96 
latitudes, and the depth is 13.88 kilometres. The final 
moment magnitude is 6.17 m, the numerical simulation 
coincidence coefficient is 55.13%, the average stress drop 
is 3.59 MPa, the standard stress drop is 2.50 MPa, and the 
maximum stress drop is 7.719 MPa. The model shows the 
comparison between the deformation field and the 
simulated deformation field as shown in Figure 7. 

 
(a)observation results (b)model prediction  (c)residual 

distribution 
Fig. 7 Comparison of observed deformation field 

and pre deformation field 
The predicted results of the whole model are in good 

agreement with the observed ones. The observed 
deformation field is from - 8 cm to 10 cm, and the 
simulated deformation field is from - 2 cm to 5 cm. The 
residual error ranges from - 8 cm to 6 cm, and there is a 
large error between 4 cm and 6 cm in the vicinity of the 
epicentre and in the north-central and eastern regions of the 
earthquake. The other regional error is about 2 cm, and one 
observation point error is 8 cm. 

Using GPS and ALOS-2 data to jointly invert, the 
inversion process is the same as that described above, and 
the optimal smoothing factor is 0.03. The inversion results 
of slip distribution are shown in Figure 8. 

 
 
 

 
(a) slip distribution        (b) slip distribution on map 

projection. 
Fig. 8 slip distribution model 

The results of fault slip distribution show that the 
main slip ruptures are dip-slip, mainly between 9 km and 

15 km, and do not extend to the surface. The average slip 
is about 0.07 m, the average slip angle is 42.50 degrees, the 
maximum near-surface slip is 0.85 m, the slip angle is 
40.00 degrees, located in 120.47 E, 22.97 N, and the depth 
is 13.88 km. The final moment magnitude is 6.29, the 
numerical simulation coincidence coefficient is 94.45%, 
the average stress drop is 0.94 MPa, the standard stress 
drop is 1.17 MPa, and the maximum stress drop is 4.60 
MPa. 

At the same time, the inversion of the two fault model 
is carried out using the data. The final inversion results 
show that the single fault model can better explain the fault 
structure of the Meinong earthquake. The combined 
inversion results of InSAR and GPS under the single fault 
model are more reasonable. It is finally determined that the 
earthquake is mainly dip-slip. The main slip ruptures are 
concentrated in the range of 9 km to 15 km and do not 
extend to the surface. The maximum slip volume near the 
surface is close to 1 m. 
 
 
 
2.3. Italy earthquake 

On August 24, 2016, an Mw6.2 earthquake occurred in 
the Amatrice area of central Italy. Using the ALOS-2 
satellite interference pair 20160127-20160824, the 
deformation field of the earthquake is obtained (Fig. 1). 
There are two deformation centres in the whole 
megaseismal region. The main deformation region shows 
settlement along the LOS direction, the settlement in the 
Acumoli region is the largest, and the maximum 
deformation in the ALOS-2 ascending data is 19.6cm in the 
LOS direction.  

  

                  
Fig.1 ALOS-2 coseismic deformation field 
The fault parameters and slip mechanism of the Italy 

earthquake are studied and analyzed with the data of the 
Italy earthquake coseismic deformation obtained from 
ALOS-2 satellite data processing as inversion constraints. 
The inversion is divided into two steps. The first step is to 
reduce the computational complexity and improve the 
inversion speed by using the data resolution constrained 
quadtree method. The number of ALOS-2 data points after 
resampling becomes 813. The second step is to use the two-
step inversion method to estimate the fracture geometric 
parameters and dip-slip distribution of faults. Firstly, the 
spatial geometric parameters of faults are calculated based 
on the assumption that faults are homogeneous, and then 
the distributed slip on the fault surface is calculated by the 
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distributed fault model. PSOKINV software based on 
Particle Swarm Optimization (PSO) is used to invert source 
parameters. 

The deformation field obtained by InSAR shows that 
there are two subsidence centres in the LOS subsidence 
area, and the earthquake is located between the Gorzano 
fault and Bove-Vettore fault, so whether the earthquake is 
caused by two faults is considered. Based on the two-step 
inversion strategy, the log function is used to determine the 
optimal smoothing coefficient and dip angle in the 
inversion of the focal mechanism. InSAR and GPS data are 
combined to invert the focal mechanism using a single fault 
and double fault respectively. 

Fig. 2 (a) is the optimal slip distribution model for a 
single fault. From the results of the model, we can see that 
there are two obvious slip centres in this earthquake. The 
strike of the fault is 167 degrees and the dip angle is 45 
degrees. The dip-slip of the fault is mainly a normal fault. 
The maximum dip-slip is 0.9 m. The optimal smoothing 
coefficient determined by the log function is 1.5. 

Fig. 2 (b) is the optimal slip distribution model for the 
two faults. The results show that the strike of the two faults 
is 160 and 158 respectively, the dip angles are 44 and 46 
respectively, and the dip-slip mainly distributes in the 
depth range of 4 ~ 7 km. The dip-slip of the fault is mainly 
a normal fault with a maximum dip slip of 0.9 m. The 
distribution of the two slip centres is obvious. The optimal 
smoothing coefficient determined by the log function is 4.1. 

      

    

(a) single fault                                (b) double fault 

Fig. 2 The Single and Double Fault slip Models 
Determined With InSAR Datasets 

  

 

(a) ALOS-2 constrained coseismic deformation field 
(b) ALOS-2 optimal fitting model for predicting 
displacement field (c) ALOS-2 residual distribution  

Fig. 3 Observed, Modelled and Residual 
Interferograms for the InSAR Models in Model of 
Double Fault. 

 
The correlation coefficients of inversion models for 

single and double faults are 0.85 and 0.89 respectively, and 
the residual root means the square error is 0.025 and 0.021 
respectively. By comparing the US Geological Survey 
(USGS), the Italian Institute of Geophysics and 
Volcanology (INGV) in the Global Centroid Moment 
Tensor Catalog (GCMT) and the published scientific 
research results, the double fault model is finally used to 
invert and analyze the focal mechanism. 

Fig. 3 is the fitting result of the best fitting slip model 
under the double fault model. Fig. 3 (a) shows the ALOS-
2 satellite InSAR observations, and Fig. 3 (b) shows the 
interferometric deformation field obtained from the ALOS-
2 deformation field inversion simulation. Fig. 3 (c) shows 
the residual in both cases of Fig. 3 (b). The residual signal 
of ALOS-2 simulation results is smaller than that of a 
single fault model under the two-fault model. By 
comparing the simulation results, it can be found that the 
two-fault model can better simulate the double subsidence 
centre in the deformation area. There are a few residual 
signals in ALOS-2 simulation results, which may be caused 
by partial residual atmospheric errors in ALOS-2 data. 
Generally speaking, the two-step inversion strategy based 
on the two-fault model can well explain the interference 
deformation field, which proves that the slip interval 
determined in this paper is stable and reliable. 

Conclusion: Based on the co-seismic deformation field 
acquired by the ALOS-2 satellite sensor, the seismic 
rupture mechanism inversion is carried out. The two-step 
inversion strategy is adopted, and the log function is used 
to obtain the optimal dip angle and smoothing coefficient. 
Finally, the complete inversion results of the focal 
mechanism are obtained. The inversion results show that 
the deformation field and source parameters obtained under 
the dual-fault model are more consistent with the rupture 
mechanism of the earthquake. The root means the square 
error of residual error under the double fault model is less 
than that under the single fault model, and the inversion 
phase of the double fault model is better than that under the 
single fault model. The correlation coefficient is 0.89 of the 
double fault model, which is better than 0.85 for a single 
fault. Finally, the seismogenic fault of the Mw6.2 
earthquake in Italy is determined as a double fault. The 
strike of the fault is 160 degrees and 158 degrees, the dip 
angles are 44 degrees and 46 degrees, the dip-slip angles 
are - 80 degrees, the maximum dip-slip is 0.9 m, and the 
depth is 4-7 km. From the inversion results of the InSAR 
deformation field, GPS deformation field and seismic 
mechanism, it can be seen that the maximum subsidence 
caused by the earthquake reached 19.6 cm, and the 
seismogenic fault is SW-NE normal fault, and the fault 
characteristics are tension. The inversion results based on 
InSAR are in good agreement with those of UCMT, USGS 
and other scientific research results, which verifies the 
feasibility of the inversion method. Through the study of 
this earthquake, we can have a more detailed understanding 
of the focal mechanism parameters. 

 
2.4. Iran-Iraq earthquake 
On November 12, 2017, a strong earthquake of Mw 7.3 

occurred in the Kermanshah region of Northwestern Iran 
near the Iran-Iraq border. The epicenter of the earthquake 
was (34.886°N, 45.941°E) and the focal depth was 19 km. 
The coseismic deformation fields of the earthquake were 
obtained by using the ALOS-2 satellite ascending 
interference pairs 2016089-20171114 and descending 
interference pairs 20171004-20171115 (Fig. 1). 
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（a）descending                          （b）ascending 
Fig.1 ALOS-2 coseismic deformation field 
By analyzing the shape variables of the satellite's lifting 

and landing orbit, it can be found that the maximum 
displacement of LOS is 0.85m, and the lifting and landing 
orbits can be seen clearly. The range of the lifting and 
landing orbits is large, while the range of the landing orbits 
is relatively small. The farther away from the fault, the 
LOS deformation decreases gradually, and the deformation 
in the far-field is close to 0.00m, which is consistent with 
the physical mechanism of seismic activity. 

A two-step inversion algorithm based on ALOS-2 data 
is used to carry out coseismic deformation inversion of the 
two earthquakes. Firstly, assuming the fault is a 
homogeneous fault model, the geometric parameters of the 
fault space are calculated. Then the distributed slip on the 
fault plane is calculated by using the distributed fault model. 
PSOKINV software is used to retrieve source parameters. 
The software uses improved group cooperative random 
search particle swarm optimization (PSO), which mainly 
uses the iterative method to obtain the optimal solution 
through a group of random solutions. 

   
 

 
 (A) ALOS-2 T180 ascending        (B) ALOS-2 T71 descending 

Fig.2 InSAR data constrained coseismic 
deformation field (a), the optimal fitting model for 
predicting displacement field (b), and residual 
distribution (c). (A) and (B) indicate the ALOS-2 
satellite. 

Fig. 2 is the fitting result of the best fitting slip model. 
Fig. 2 (A) and (B) are the InSAR observations of ALOS-
2(a), the interferometric deformation field (b) and the 
corresponding residual distribution (c) based on the 
inversion simulation of InSAR results, respectively. Some 
residual deformation signals can be seen from the residual 
figure of ALOS-2 T71, which may be caused by partial 
error removal and residual atmospheric error. InSAR 
interferogram can explain the interferometric deformation 
field very well, which proves that the slip region 
determined in this paper is stable and reliable. By analyzing 
the residual values of the observed and simulated values, 
the maximum inversion residual in the epicentre region is 
about 5 cm, which proves the reliability of the results in 
this paper. 

Conclusion: The November 12, 2017 Iran-Iraq 
earthquake is the result of slant thrust faults caused by plate 
collision. Relative uplift and subsidence occurred on both 
sides of the fault zone, and the maximum displacement in 
LOS direction is about 0.85m. The fault rupture begins in 
the northwest and continues along the fault to the southeast. 
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1. INTRODUCTION

In this report  we summarize major highlights of the 
research carried out under RA6 using ALOS1/ALOS2 
PALSAR. Details of papers published are provided in 
APPENDIX and their PDF copies are attached with this 
cover page for reference.  

2. RESEARCH HIGHLIGHTS

2.1 INTERSEISMIC DEFORMATION ALONG THE 
CENTRAL HIMALAYA USING INSAR AND GPS 
DATA [1] 

• The deadly 25 April 2015 Gorkha earthquake
(Mw = 7.8) and aftershocks have partially
released the accumulated interseismic strain
along the Main Himalayan Thrust (MHT).

• We determine interseismic coupling along the
MHT and spatial variations in total strain rate
using two decades of GPS, InSAR and sprit
leveling data.

• We use microseismicity data of the Nepal region
acquired during 1994–2009 by NSC for the b-
value estimation.

• ISC pattern is fairly uniform along the central
Himalayan arc, whereas, the b-value map reveals
patches of low regions, towards east and west of
the 2015 epicenter

• The 2015 earthquake ruptured the eastern
asperity which hosted high stress accumulation
prior to the event.

• Absence of afterslip towards west and south of
the epicentre along with local variations in
stress/strain regime further enhance the
probability of earthquakes in central
Himalaya.These findings compel a revisit of the
seismic hazard assessment of the central
Himalaya.

2.2 TIME-SERIES SURFACE DEFORMATION 
STUDIES OF THE BARREN ISLAND VOLCANO, 
ANDAMAN SEA [2] 

• Barren Island, situated in the Andaman Sea, is
the northernmost active volcano of the Sunda arc.
We report, for the first-time, time-series surface
deformation measurements of Barren Island
volcano from InSAR  during epochs 2007-2011
(ALOS-1) and 2015-2017 (ALOS-2 &
Sentinel1).

• LOS deformation of -50 mm/yr during 2007-
2011 at the cinder cone is interpreted as the co-
eruptive pressure changes associated with the
2008-2009 eruptions.

• Bayesian inversion suggests a shallow magma
reservoir at a depth of ~580 m below the summit.

• The depth of the magma reservoir is shallower
than that of other volcanoes of the Sunda arc,
probably due to the extensional stress regime
imposed by the oblique subduction.  Based on
the present study and previousworkswe propose
a plausible source model for the Barren Island
volcano

• Significant deformation (-15 to -150 mm/yr)
observed along the lava delta of Barren Island
volcano for both the epochs are interpreted as
post-eruptive subsidence of the lava flow.

• Topographic change map generated using InSAR
method suggests ~12million m3 increase in net
volume of lava flow (subaerial, including
volcanic deposits) during 2000–2017 with an
area and average thickness of 0.87 km2 and 13.8
m, respectively
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2.3 INSAR AND GPS MEASUREMENTS OF 
CRUSTAL DEFORMATION DUE TO SEASONAL 
LOADING OF TEHRI AND KOYNA RESERVOIRS,  
INDIA [3,4]

 
  

• Reservoir impoundments for hydroelectricity 
generation, due to their large size and associated 
water load, may cause measurable deformation 
and are considered to have triggered strong 
earthquakes 
 

• ALOS-1  and GPS data were used to detect and 
model surface deformation due to seasonal 
loading of Tehri and Koyna reservoirs of India  

 
• Annual variations in the GPS time series and 

InSAR analysis  confirms that the reservoir 
filling causes large subsidence in its vicinity 
which is consistent with the predicted poroelastic 
response to the annual filling of the reservoir 

 
• Modelling of seasonal deformation brought out 

by the InSAR analysis provided constraints on 
regional crustal rheology.  
 

• Seasonal deformation due to reservoir filling 
leads to reduction in strength on the faults of the 
Koyna–Warna seismic zones, thereby triggering 
of earthquakes on critically stressed faults and 
modulation of earthquake frequency 

 
 
2.4 CO-SEISMIC DEFORMATION STUDIES OF 
SEPTEMBER 24, 2019 MIRPUR EARTHQUAKE, 
NW HIMALAYA 
 

[5] 

• We present a source model for the 2019 Mw 

 

= 6 
Mirpur earthquake, NW Himalaya using ALOS-
2 and Sentinel-1 InSAR measurements.  

• Inversion of the InSAR data suggests that the 
2019 Mirpur earthquake was caused by shallow, 
low-angle thrust on the up-dip portion of the 
décollement of the Main Himalayan Thrust 
equivalent to a moment magnitude of Mw

 
= 6.0 

• A shallow up-dip slip on the MHT through a 
moderate magnitude earthquake is atypical as 
Himalayan earthquakes generally originate at the 
down-dip portion of the MHT and propagate 
towards south.  
 

• We estimate low effective coefficient of friction 
of 0.06±0.02 from the slip model and  propose 
that the low fault friction due to high pore fluid 
pressure and/or lubricated fault surface would 
have caused the unusual near-horizontal rupture 
at the base of Himalayan front.   
 

• Coseismic coulomb stress analysis suggests 
significant increase in the stress towards the 
frontal part of the MHT.  
 
 

• The 2019 Mirpur earthquake released a small 
fraction of the accumulated strain energy since 
the 1555 Kashmir earthquake and caused   
increase in stress on the MFT and frontal 
anticlinal system of the NW Himalaya, implying 
future seismic hazard. 
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1. INTRODUCTION

The devastated Mw 7.9 Wenchuan earthquake struck the 
eastern margin of the Tibetan Plateau on May 12, 2008 in 
Sichuan Province, China. A number of works have been 
published after the strong shock, involving the 
investigations of the geological and geophysical context 
in the seismic zone, characteristics of coseismic ground 
deformation, source model responsible for the coseismic 
faulting mechanism, rearrangement of stresses in the 
neighboring crust, and so on. Based on the satellite SAR 
acquisitions, we measured the coseismic ground 
deformation along the SAR azimuth direction by the POT 
technique. The pixel offset-tracking (POT) technique is 
capable of extracting the coseismic surface deformation 
along the SAR azimuth and range directions [1, 2], which 
can provide reliable signals when the near-fault 
deformation gradient is large [3]. However, the significant 
ionosphere signal delay is recognized in the derived 
azimuth deformation field, which has concealed the 
deformation signal associated with the tectonic motion. 
To mitigate the negative effect caused by the ionosphere 
signals, we modelled the ionosphere signal based on the 
frequency component detected from the frequency 
domain data of the SAR azimuth deformation field, and 
then removed it from the original deformation field, thus 
deriving the accurate coseismic azimuth deformation field 
related to the 2008 Mw 7.9 Wenchuan earthquake. Clear 
displacement discontinuities between the fault foot wall 
and hanging wall can be recognized from the corrected 
azimuth deformation field. Hence, based on the derived 
azimuth offsets, accurate fault surface traces can be 
further extracted by automatically recognizing the 
boundaries of the deformation gradients, which 
effectively complements the geological field survey and 
helps the investigation of the source mechanism of the 
giant earthquake. 

2. EFFECT OF IONOSPHERIC DISTURBANCES IN
SATELLITE RADRA INTERFEROMETRY

It has been pointed out by Gray et el. [4] that the along-
track variations in ionospheric propagation can affect the 
azimuth focusing of SAR data, and results in a mis-
mapping of the pixel in azimuth direction. A number of 
streaks can be recognized over along-track distances of 
hundreds to 1000 kilometers, often oblique to the beam 
direction with a degree of obliqueness, which can hardly 
be attributed to the ground movements. The effect of 
ionospheric disturbances should be considered in the SAR 
interferometry, especially for L-band radar images. 
Varying in electron density in the ionosphere will cause 
the changes in the refractive index [5]. When the radio 
wave propagates through the ionosphere, the notable 
phase “scintillation” can be found at spatial scales down 
to less than 1 km, especially in the auroral regions [6]. 
The path length change sδ , related to propagation through 
an ionosphere, can be expressed as following. 

2
t

s
aN
f

δ −
=       (1) 

where, the constant 40.3a = if the frequency f is in Hz, 

tN is the number of electrons per m2 [5]. The phase 
change for 2-way propagation can be written as equation 
(2). 

2
4 taN

f
πδφ
λ

= ⋅   (2) 

where, λ is the radar wavelength. It can be calculated that 
a change in tN  of ~3.1015 m -2 would cause a phase shift 
of ~1 radian at C-band and over 4 radians at L-band. It 
suggests that a sight change in tN  can trigger significant 
phase change. It has been confirmed that an increase or 
fluctuations in  tN  would lead to scintillation onset [7]. If 
the SAR imaging across a kilometer scope tube-like or 
cylindrical change in electron flux centred on a magnetic 
field line, or the imaging plane in accord with mainly 
magnetic E-N sheet- or arc-like electron fluxes, the tN  
change could probably cause the azimuth streaks in radar 
interferometry. 
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3. METHOD OF IONOSPHRIC CORRECTION 
 
The displacement signal caused by coseismic faulting is 
greatly different from ionospheric delay signal in the 
ground deformation field. In the azimuth deformation 
field, the most significant coseismic displacement is 
located in the near-field zone, and it decreases from the 
near-fault zone to far-fault zone gradually. While, the 
phase signal associated with the trans-ionospheric wave 
propagation shows the periodic characteristic that the 
positive and negative signals are alternate, oblique to the 
along azimuth direction with a degree of obliqueness 
varying slowly. In order to reduce the ionospheric noises, 
a band-cut filter is applied, through which the 
wavenumbers corresponding to the ionospheric noises are 
removed [8]. 

 
Fig. 1 A correcting procedure for the ionospheric 
correction. (a) observed deformation, (b) modeled 
azimuth streaks associated with the ionosphere signals, 
(c) corrected deformation field, and (d-e) power 
spectra corresponding to (a-c), respectively. Frequency 
components surrounded by circles correspond to the 
azimuth streaks. 

First, we need to transform the deformation signal in the 
spatial domain to the power spectra in the spatial 
frequency domain through the Fourier Transform (FT). 
Considering that the ionosphere component is oscillatory, 
thus it shows as the high frequency component in the 
frequency domain, as seen in the circles in Fig.2. So, the 
second step is to extract the high frequency component. 
The determination of the high frequency component is 
constrained by both the location and a threshold of energy. 
Taking the corresponding two corners as the center of the 
circle, and with radius r, we can select an appropriate 
scale of the frequency component. It should be noted that 
radius r can be greatly different for different SAR images 
due to the differences in radar wavelength, orbital path, 
acquisition time, etc. Thus, the set of radius depends on 
the situation. Based on the energy distribution, the energy 
threshold e can be determined, written as e 2M σ> + , 
where, M is the mean value of the total energy, and σ 
represents the standard deviation. Then, the selected high 
frequency component can be transformed back to the 
spatial domain by inverse Fourier Transform (IFT), thus 
deriving the modeled streaks related to the ionospheric 
noises. Last, we can subtract the modeled ionospheric 
streaks from the observed azimuth offsets to get the 
corrected azimuth deformation field. The correcting 
procedure for azimuth streaks that correspond to the 
ionosphere signals is shown in Fig. 1. 
 
4. IONOSPHERIC CORRECTION OF WENCHUAN 
EARTHQUAKE GROUND DEFORMATION FIELD 

ALONG AZIMUTH DIRECTION 

 
4. 1 SAR data and pixel offset-tracking processing 
The pixel offset-tracking (POT) technique can be utilized 
to extract the coseismic surface deformation along the 
SAR azimuth and range directions [1]. In this study, the 
pre- and post-seismic satellite images produced by the L-
band (radar wavelength 23.6 cm) PALSAR-1 sensor 
onboard the satellite ALOS-1 that cover the Longmen 
Shan fault zone near the eastern edge of the Tibetan 
Plateau are used to measure the coseismic azimuth 
deformation caused by the Wenchuan earthquake. A total 
of forty scenes of SAR imagery data, from the ascending 
tracks 471-476, were collected to form the interferometric 
pairs, and the geometric parameters of the interferometric 
pairs are given in Table 1.  

Table 1 Parameters of used PALSAR interferometric pairs 
in the study for the Wenchuan earthquake 

Track Image 
name 

Acquisition 
time 

BT 
(day) B⊥(m) 

471 
primary 2008/02/29 

92 -206.80 secondary 2008/05/31 

472 
primary 2007/01/28 

506 -163.86 secondary 2008/06/17 

473 
primary 2008/02/17 

92 -359.80 secondary 2008/05/19 

474 
primary 2008/03/05 

92 -464.24 secondary 2008/06/05 

475 
primary 2007/06/20 

368 283.56 secondary 2008/06/22 

476 primary 2008/04/08 46 183.24 secondary 2008/05/24 

 
Fig. 2 Initial deformation along the azimuth direction 
for the Wenchuan earthquake 

The searching window size is set as 128 ×128 pixels, 
considering that large window size helps improve the 
precision of the extracted deformation, but at the expense 
of time [9]. The other critical parameter is the 
oversampling factor, the typical number of 64 is chosen in 
this study. The derived surface deformation field in 
azimuth direction is mapped in Fig. 2. It can be seen that 
periodic offset signals are easily recognized in the 
deformation field, particularly in tracks 471-473 and 476, 
which can be attributed to the ionospheric effect. 
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Considering the severe ground deformation caused by the 
strong Wenchuan earthquake, the displacements due to the 
coseismic faulting should be measured in the azimuth 
offsets. However, in the original azimuth deformation 
field, significant ionospheric component has concealed 
the tectonic signal. Hence, it is critical to remove the 
ionospheric delay. 
 
4.2 Ionospheric correction  
Based on above approach of ionospheric correction in 
Section 3, we have removed the azimuth streaks related to 
ionosphere signals from the original azimuth deformation 
field of the 2008 Wenchuan earthquake. Taking the 
example of the observations from track 472, it can be seen 
from Fig. 3 that the modeled ionospheric signals have a 
good agreement with the measured ionospheric streaks 
both in magnitude and in spatial distribution. Clear 
displacement discontinuities between the fault foot wall 
and hanging wall can be recognized from the corrected 
deformation field shown in Fig. 3(c).  

 
Fig. 3 Ionospheric correction for azimuth deformation 
in track 472 of Wenchuan earthquake. Black dotted 
ellipse indicates the near-fault zone. (a) Original 
azimuth deformation field, (b) Modeled ionospheric 
effect, (c) Corrected azimuth deformation field. 

 
Fig. 4 Azimuth deformation field after ionospheric 
correction for the Wenchuan earthquake 

The derived azimuth deformation field after ionospheric 
correction is shown in Fig. 4. It suggests that the filtering 
of the ionospheric delay can significantly improve the 
accuracy of the azimuth offsets. Pixels at the northwest 
side of the fault trace (hanging wall) deform towards the 
approximate north direction (i.e. flight direction) with a 
deformation maximum of ~2.0 m. The fault foot wall 
signals at southeast side of the fault surface trace deform 
towards the approximate south direction (i.e. the opposite 
direction to the satellite flight), with a peak displacement 

of ~ 2 m. It shows that the fault strike shifts around 
Beichuan, in accord with the geology survey data. 
Moreover, the displacement discontinuities around 
Mianzhu can be easily recognized, which suggests that the 
displacements in the related seismic zone may be caused 
by both the Yingxiu-Beichuan fault and Pengguan fault. 
 

5. EXTRACTION OF THE FAULT SURFACE 
TRACES 

It has been proved an effective mean of extracting fault 
surface trace based on the near-fault deformation field. 
We proposed a strategy of automatically extracting the 
fault ground traces by recognizing the border of the 
deformation gradients. The detailed extracting procedure 
is shown in Fig. 5.  
First, the Median filtering is utilized to suppress the noise 
in the azimuth deformation field. Compared with 
Gaussian or other filtering methods, the Median filtering 
can better preserve the clarity of the boundary line while 
removing the deformation field noise, and will not cause 
significant edge blurring. Second, the horizontal and 
vertical deformation gradients can be derived by the Sobel 
edge detector [10], and the integrated gradient of a pixel 
can be calculated as the square root of the sum of the 
squares of the horizontal and vertical  deformation 
gradients. Then, the edge points can be extracted by the 
Non-maximum suppression. Based on the horizontal and 
vertical deformation gradient fields, the gradient value of 
the right (Mright) and left points (Mleft) related to a center 
pixel can be determined. If the gradient M of the central 
pixel is larger than the Mleft and Mright, this center point can 
be considered as the candidate for boundary point. Next, 
we can set the high (MH) and low (ML) gradient thresholds. 
The candidate point can be considered as a reliable edge 
point if M > MH. And all the pixels with gradients larger 
than ML will also be remained. Thus, we can fit a rough 
boundary line according to the preserved edge points. To 
prevent the omitting of any probable edge point, we can 
reduce the two gradient thresholds. Finally, under the 
scope constraint that is derived from the rough boundary 
line, the reliable fault surface traces can be extracted by 
Polynomial fitting. 

 
Fig. 5 Flowchart of extraction of fault surface rupture 
trace 

The extracted faults for the Wenchuan earthquake are 
shown in Fig. 6. And detailed locations of the 8 character 
points marked in Fig. 6 are listed in Table 2.  It can be 
found that the rupture of the main Beichuan-Yingxiu fault 
initials from Yingxiu and finally ends at Qingchuan, 
trending northeast direction with an average strike of 46º 
and a total length of ~300 km. The fault strike has a 
significant change around Beichuan. The Guanxian-

MH ML 
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Jiangyou fault is ~72 km long, approximately parallel to 
the Beichuan-Yingxiu fault. And its average strike is ~47º.  
To assess the reliability of our recognized faults, we have 
compared our results with the geological field survey data 
shown in the study by Liu et el. [11], as shown in Fig. 7. 
It can be seen that our automatically-extracted fault traces 
have a wonderful consistency with the field survey result, 
which proves that our derived fault traces are reliable [12]. 
To compare the two results in a quantitative way, we have 
calculated the differences between the two fault lines 
within the red ellipses (marked in Fig. 7). And the curve 
of the differences varying with the distances from the 
southwest tip is also drawn in Fig. 7. In the region “a”, the 
maximum difference of 2.5 km is found at the starting 
point, and it decreases to zero, until the two traces are 
merged with each other. The differences can be attributed 
to the errors of our extracted fault due to low coherence in 
the severely-deformed region and the disability of the 
field surveying in the fault tips. As for zone “b” around 
Beichuan, the difference increases up to the peak of 2.4 
km, and then decreases down to ~1.5 km. The differences 
between the two results are the combined contributions of 
the errors due to low coherence in our solution and the 
weakness of discrete measurements by field survey within 
the region where the fault strike shifts gradually. In 
regions “c” and “d”, our extracted fault traces are 
perfectly fitting the boundaries of the positive and 
negative deformation signals. It is believed that our result 
is more reliable in areas “c” and “d”. Along the Guanxian-
Jiangyou fault, the significant difference zone “e” is also 
found. The difference increases to 2.5 km, and then 
decreases gradually. It should be acknowledged that there 
could be some errors in our extracted fault trace in region 
“e”, because the ground deformation is insignificant. 
Moreover, focusing on the northeast tip of the Guanxian-
Jiangyou fault, it shows that the fault trace can not be 
discovered by geological surveying when the surface 
movement is trivial, which poses the effectivity and 
necessity of our approach. 

 
Fig. 6 Extracted surface rupture traces from azimuth 
deformation. B-Y Rupture is Beichuan-Yingxiu fault, 
and G-J Rupture represents Guanxian-Jiangyou fault. 

Table 2 Geographical coordinates of the key points for the 
recognized fault. 

number Lon. (º) Lat. (º) 

1 103.394 30.925 

2 104.241 31.695 

3 104.421 31.801 

4 105.256 32.532 

5 103.729 31.126 

6 103.957 31.267 

7 104.174 31.486 

8 104.325 31.592 

 
Fig. 7 Comparison of surface rupture extracted from 
azimuth deformation filed (red solid line) and field 
geological survey (black solid line). Red ellipses 
indicate the significant difference area between them. 
Bottom panels "a-e" indicate the distance differences 
between them. 

 
6. REFERENCES 

[1] D. M. Tralli, R. G. Blom, V. Zlotnicki, et al., “Satellite 
remote sensing of earthquake, volcano, flood, landslide 
and coastal inundation hazards”, ISPRS Journal of 
Photogrammetry and Remote Sensing, 59: 185-198, 2005. 
[2] Y. H. Yang, Q. Chen, Q. Xu, et al., “Coseismic 
surface deformation of the 2014 Napa earthquake mapped 
by Sentinel-1A SAR and accuracy assessment with 
COSMO-SkyMed and GPS data as cross validation”, 
International Journal of Digital Earth, 1-17, 2017. 
[3] M. Tobita, M. Murakami, H. Nakagawa, H. Yarai, S. 
Fujiwara, and P. A. Rosen, “3-D surface deformation of 
the 2000 Usu eruption measured by matching of SAR 
images”, Geophysical Research Letter, 28(22), 4291–
4294, 2001. 
[4] A. L. Gray, K. E. Mattar, G. Sofko, “Influence of 
ionospheric electron density fluctuations on satellite radar 
interferometry”, Geophysical Research Letter, 
27(10):1451-1454, 2000. 

352



[5] G. Bomford, “Geodesy”, 855 pp, Clarendon Press, 
Oxford, 1980. 
[6] K. C. Yeh and C. H. Liu, “Radio wave scintillation in 
the ionosphere”, Proc IEEE, 70, 324-360, 1982. 
[7] J.W. MacDougall, “The Polar-cap scintillation zone”, 
Journal of Geomagnetism and Geoelectricity, 42, 777-788, 
1990. 
[8] K. Tomokazu, T. Youichiro, F. Masato, et al., 
“Locations and types of ruptures involved in the 2008 
Sichuan earthquake inferred from SAR image matching”, 
Geophysical Research Letters, 36, L07302, 2009. 
[9] Q. Chen, R. Luo, Y. H. Yang, Q. Yong, “Method and 
Accuracy of Extracting Surface Deformation Field from 
SAR Image Coregistration (in Chinese)”, Acta 
Geodaetica et Cartographica Sinica, 44(3): 301-308, 
2015. 
[10] J. Kittler, “On the accuracy of the Sobel edge 
detector”, Image and Vision Computing, 1(1):37-42, 1983. 
[11] Z. Liu, Z. Zhang, L. Wen, et al., “Co-seismic 
ruptures of the 12 May 2008, Ms 8.0 Wenchuan 
earthquake, Sichuan: east-west crustal shortening on 
oblique, parallel thrusts along the eastern edge of Tibet”, 
Earth and Planetary science Letters, 286:355-370, 2009. 
[12] Yang Ying-Hui, Chen Qiang, Xu Qian, Zhang Yi-Jun, 
Luo Rong, Hu Jyr-Ching, Liu Guo-Xiang, Wang Ze-Gen, 
Wang Ji-Yan. SAR ionosphere signal correction for SAR 
deformation field of Wenchuan earthquake and extraction 
of fault surface rupture trace. Chinese Journal of 
Geophysics (in Chinese), 2017, 60(8): 2948-2958. 
 

353



MONITORING AND MODELING MAGMA MOVEMENTS AT 

CHANGBAISHAN VOLCANO, CHINA 
PI No. 3065 

Carolina Pagli 1, Hua Wang 2, Manuela Bonano 3, Susi Pepe 3, Antonio Pepe 3 
1 Department of Earth Sciences, University of Pisa 

2 Guangdong University of Technology, China 
3 CNR (IREA), Naples, Italy 

1. INTRODUCTION

Active volcanoes pose great risks to the population as 

eruptions cause major social and economic disruption. 

Changbaishan is an active volcano that has previously 

produced large eruptions, and a phase of inflation in 2002 

suggested that the volcano was in a state of unrest.  

The aim of this project is to study Changbaishan by 

identifying surface deformation from which recent signs of 

activity such as magma movements into the chamber can 

be inferred. We produced maps of incremental and 

cumulative volcano motions to identify the locus and 

magnitude of the deformation from 2006. Our time-series 

show a possible deformation signal centered on 

Changbaishan. However, we also analyzed the InSAR 

signal over a wide area encompassing plains and 

topographic highs and we found that the Changbaishan 

signal correlates with that of a nearby mountain, making it 

difficult to conclude that the signal is real. Therefore, our 

conclusion is that an InSAR signal over Changbaishan is 

observed but it is uncertain whether this is a real 

deformation or an atmospheric artefact.   

2. TECTONIC AND VOLCANIC SETTING

Changbaishan -also known as Baitoushan, or 

Paektu/Baekdu- is an intraplate stratovolcano located at the 

border between North Korea and China (Fig. 1). 

Changbaishan is well within the Eurasian plate and over 

1,000 km away from the closest plate margin, the Japan 

Trench (Fig. 1b). The formation of the volcano has been 

interpreted as being linked to the subduction of the Pacific 

plate (Fig. 1a), with upwelling and decompression melting 

of hydrous asthenospheric material in the mantle wedge 

above a horizontally stagnant subducted Pacific plate (Fig. 

1) (Zhao and Tian, 2013; Zhang et al., 2018; Tang et al.,

2014; Kuritani et al., 2011; Zhao et al., 2009).

Changbaishan holds a summit caldera filled by a lake, 

called Tianchi or ‘Heaven Lake’. The volcano produced 

one of the world's largest eruptions in historical times (946 

AD), ejecting ~100 km3 of volcanic products (Zhang et al., 

2018; Hakozaki et al., 2018; Oppenheimer et al., 2017; Xu 

et al., 2012; Horn and Schmincke, 2000). Three other 

eruptions were documented in 1668, 1702 and 1903 (Xu et 

al., 2012).  

The magma plumbing system of Changbaishan consists of 

at least three magma reservoirs, the deepest is at depths of 

∼30–40 km (Ri et al., 2016; Kim et al., 2017), the

intermediate one at ∼15–25 km (Tang et al., 2001), and the

uppermost one ~10 km depth (Tang et al., 2001; Iacovino

et al., 2016; Hammond et al., 2020).

Figure 1. Origin of Changbaishan. a) Sketch of the 

subduction-related formation of Changbaishan. b) 

Wadati-Benioff  plane at increasing depths (red lines). 

Figures from Tang et al. (2014). 

b) 

a)
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Changbaishan had been quiet until 2002 when the volcano 

entered a phase of inflation that a geodetic study attributed 

to inflow of magma into a magma chamber between 2 to 6 

km depth (Xu et al., 2012). The inflation period and the 

assocaiated seismicity waned in 2006 (Liu et al., 2021) but 

increased temperature of springs continued until 2011 (Xu 

et al., 2012). A recent seismic study used template 

matching technique to detect microseismic events in 

Changbaishan from 1999 to 2007 in order to investigate 

whether a relationship between the 2002 Wangqing deep-

focus earthquake ∼290 km northeast of Changbaishan and 

the onset of volcano unrest exists (Liu et al., 2021). Liu et 

al. (2021) find that the Wangqing mainshock likely 

triggered bubble excitation in the mid-crustal magma 

chamber, triggering a small magma injection into the 

shallow magma chamber at a depth of ∼5 km.  

 

 

3. DATA AND INSAR ANALYSIS 

 

We processed and analyzed all the available ALOS-1 data 

acquired over Changbaishan during the period of volcano 

unrest and we have successfully identified temporal and 

spatial patterns of deformation. We created a total of 22 

interferograms using the 13 acquisitions made by ALOS-1 

in the ascending scene 425/830 over Changbaishan during 

the summer periods (Fig. 2 and Table 1). Acquisitions 

made during the winter months were discarded because of 

the loss of correlation caused by the persistent snow cover 

in Changbaishan. We initially created our series of 

interferograms using only acquisitions made between late 

May to early October but we then found that good level of 

coherence in the interferograms is obtained using SAR data 

acquired from late April to late October. This allowed 

extending the number of interferometric combinations for 

the time-series analysis. There are too few and irregular 

ALOS-2 acquisitions at high spatial resolution (SM1 and 

SM3 modes) over Changbaishan during the snow-free 

summertime to construct a time-series. 

 

The interferograms were processed using the ROI_PAC 

software and a 3 arc sec SRTM DEM.  We applied 16 

azimuth and 4 range looks and filtered interferograms 

using a non-linear power spectrum filter with a filter 

strength of 0.7 before phase unwrapping with the branch-

cut method. Phase unwrapping errors were initially 

identified in each interferogram using the phase closure 

technique on minimum spanning trees. They were then 

manually corrected when the absolute sum of the closure 

was equal to or larger than 2π. The data were geocoded to 

the same 3 arc sec SRTM DEM.  

The interferograms were then analyzed with time-series 

methods to minimize noise and retrieve temporal patterns 

of deformation. We analyzed the interferograms with the 

pi-rate time-series analysis software (Wang and Wright, 

2012; Wang et al., 2012) to obtain estimates of incremental 

time-series of deformation. pi-rate is a network-based 

approach to mitigate common sources of errors in the 

interferograms, such as unwrapping, orbital and 

atmospheric delay errors. We averaged two geocoded 

neighboring pixels to ~180 m resolution cells in all 

interferograms to reduce the noise. Any unwrapping errors 

that may have not been manually corrected, were identified 

using the phase closure technique on minimum spanning 

trees and these pixels were excluded from the analysis. 

Orbital corrections, using a quadratic function, were also 

applied to all the epochs of the InSAR time-series. 

Topographically correlated atmospheric delay errors were 

estimated and removed using a linear function to the 

height. Atmospheric Phase Screen (APS) filtering was used 

to mitigate atmospheric disturbances. We used a Gaussian 

temporal filter with 1σ of 0.5 years to minimize temporal 

variations shorter than a year. We used a Butterworth 

spatial filter and estimate the variance and covariance using 

a best-fit 1-D covariance function. We then inverted for the 

time-series of incremental pixel velocities on a pixel-by-

pixel basis using a least-square method with a first order 

Laplacian smoothing factor. RMS misfits to the time-series 

were also calculated using a variance-covariance matrix to 

2006/10/11* 2008/02/29 2010/03/06 

2006/11/26 2008/07/16* 2010/04/21* 

2007/01/11 2009/01/16 2010/06/06* 

2007/05/29* 2009/03/03 2010/07/22* 

2007/07/14* 2009/07/19* 2010/10/22* 

2007/08/29* 2009/09/03* 2010/12/07 

2007/10/14* 2009/10/19* 2011/01/22 

2008/01/14 2010/01/19 2011/03/09 

Figure 3. Seismicity in Changbaishan 2000-2018. A) 

Number of earthquakes and seismic moment release, B) 

magnitude of the earthquakes. Figure from Liu et al., 

(2021) 

Figure 2. Map of Changbaishan volcano. The black 

rectangle marks the ascending alos-1 scene 425/830. 

Table 1. Acquisitions (year/month/day) of ALOS-1 data 

in Changbaishan from ascending scene 425/830. Data 

acquired in the summertime area marked with asterisks. 
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account for the spatial and temporal correlation between 

interferograms. We excluded from our maps unreliable 

data by removing pixels that were not coherent for at least 

eight independent epochs and pixels with RMS misfits 

larger than 5 mm/yr. Initially, we used all the processed 

interferograms as input to our time-series reconstruction, 

but we then removed three interferograms formed using an 

acquisition on 19th October 2009 as this was noisy. The 

noise on this epoch was not effectively minimized by the 

time-series analysis as the acquisition could only be 

combined as second image (formerly called slave image) 

due to baseline limitations.  

 

3. RESULTS 

 

Our InSAR time-series obtained a good level of coherence 

around Changbaishan (Fig. 3). We tried to remove 

atmospheric noise both stratified and turbulent but the first 

and last interferogram of our series are affected by higher 

level of noise and since the number of acquisitions is 

limited, the temporally correlated noise cannot be fully 

removed. Figure 3 shows a range decrease signal, 

consistent with volcano uplift, centered at Changbaishan 

and elongated along the NW-SE direction with a ~10 km 

radius from October 2006 to July 2008. The range decrease 

reversed to range increase, hence consistent with volcano 

subsidence, after 16th of July 2008 and as far as 2010. It is 

possible that the InSAR signal at Changbaishan is uplift 

due an inflow of magma into the chamber in 2002 and that 

uplift continued as far as July 2008 and was followed by 

cooling and contraction of the injected magma causing 

subsidence. However, we cannot confidently substantiate 

this interpretation because the InSAR signal on 

Changbaishan correlates temporally with the signal on a 

Figure 3. Time-series of incremental displacements at Changbaishan. Time interval spanned by each 

interferogram is marked on the upper right corner (day/month/year). The line A-A’ in the first panel shows the 

location of the cross-section in Figure 4. 
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nearby mountain, Changbaek-sanjulgi, located ~30 km SW 

of Changbaishan (Fig. 3). Also, a temporal correlation 

between the range decrease 2006-2008 and the range 

increase 2006-2010 at the two topographic highs occurs, 

making the interpretation of the signal as real deformation 

uncertain (Fig. 3). In Figure 4 we show a cross-section of 

the cumulative displacement across Changbaishan and 

Changbaek-sanjulgi during the initial period from October 

2006 to July 2008. The results show that a correlation 

between the InSAR signal and the topographic relief 

remains and we cannot exclude that the signal at 

Changbaishan is an atmospheric artefact.  

 

4. CONCLUSIONS 

 

An inflow of magma into the chamber of Changbaishan 

volcano occurred in 2002 and volcano unrest continued at 

least until 2006. We analyze InSAR ALOS data to 

understand whether the volcano was still active, following 

the unrest, from 2006 to 2010. Our InSAR results show a 

signal on Changbaishan but we cannot exclude that the 

signal is a residual atmospheric artefact. The ALOS data 

maintain a very good level of coherence over the study area 

while the C-band Envisat interferograms do not. However, 

as our ALOS time-series has limited number of 

acquisitions we cannot fully remove atmospheric noise.  
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1. INTRODUCTION

本報告では「プレート発散境界における地殻変動

の複雑性の解明」という課題設定に対して，陸域に

おいて引張応力場下に位置しているアイスランドと

中部九州を対象として ALOS-2/PALSAR-2 データを

解析した結果を報告する．本報告では 2014-2015 年

にアイスランド中東部のBárðarbunga火山で発生した

ダイク貫入事件・割れ目噴火と 2016年熊本地震に関

連した PALSAR-2 データの解析結果を示す．アイス

ランドの事例では，1) 一連の活動によって形成され

た Holuhraun 溶岩原における溶岩の収縮を示唆する

衛星視線距離の時系列変化， 2) Range split-band
spectrum 法による電離層擾乱に伴うノイズの補正，

に関して報告する．ALOS-2/PALSAR-2 データの解

析結果は Journal of Geophysical Research: Solid Earth 誌

[1] に掲載された論文の補足資料として使用した．

2016 年熊本地震の事例では，地震時地殻変動と地震

後から 2018年末までの地震後地殻変動について報告

する．研究成果は Earth. Planets and Space 誌 [2] と
Earth and Space Science 誌 [3] に掲載された．

2. 2014-2015 BÁRÐARBUNGA DIKE INTRRUSION
EPISODE, ICELAND 

2-1. Introduction
アイスランドは年間 18.5 mm の速度で西北西-東南

東方向に拡大している北アメリカプレートとユーラ

シアプレートのプレート発散境界上に位置している

(Fig. 1)．局所的なマントル上昇流が存在しているこ

とから火山活動が活発であることも知られている．

2010 年 Eyjafjallajökull 火山の噴火は欧州の航空交通

網に長期にわたって影響を及ぼしたことも記憶に新

しい．本課題で注目したBárðarbunga火山はアイスラ

ンド東部の Eastern Volcanic Zone (EVZ) と呼ばれる火

山列に位置し，EVZ の火山の多くは欧州最大の面

積・体積の氷帽である Vatnajökull 氷帽に覆われてい

る．ひとたび Vatnajökull 氷帽に覆われている火山が

噴火すれば Jökulhlaup と呼ばれる融雪型洪水を引き

起こし，インフラの破壊といった被害をもたらすこ

ともある (例えば 2004 年 Grimsvötn 火山噴火)． 

2014-2015 年に Bárðarbunga 火山における山頂噴火未

遂・ダイク貫入事件は 2014 年 8 月 19 日に

Bárðarbunga 火山カルデラ付近で地震活動が活発化し

始め，時間の経過とともに震源がカルデラ周辺から

北北東方向に移動した [4]．震源の移動が Vatnajökull
氷帽の北縁を超え，氷帽の北縁からおよそ 8 km の地

点で割れ目噴火が始まった．この割れ目噴火は 2015
年 2 月まで続いたことが報告されている．割れ目噴

火による地上への溶岩流出量は 83.5 km3 と推定され，

Holuhraun 平原に溶岩原を形成した [5]．時間の経過

とともに溶岩が冷却され，表面変動が生じることが

知られている [6]．また一連の事件において山頂噴火

は起こらなかったものの，衛星 SAR や航空機高度計

による観測からカルデラが 65 m 沈降したことが報告

されている [7], [8]． 

2-2. Lava contraction on the Holuhraun lava field
2014-2015 年 Bárðarbunga 火山における割れ目噴火

に伴って形成された溶岩原を対象として，ALOS-
2/PALSAR-2 データを用いて干渉解析をすることで，

溶岩原の冷却に伴う表面変動を検出した．北行軌道

のデータ (Path 4, Frame 1300) は stripmap mode による

観測であった一方，南行軌道のデータ  (Path 113, 
Frame 2300) は ScanSAR mode による観測であった．

ここでは各観測軌道における累積変化と，変位の時

系列変化，2.5 次元解析 [9] による準上下変位を報告

する．累積変位は Stacking 法によって年間平均変位 
(cm/yr) として正規化した． 

北行軌道観測と南行軌道観測による衛星視線距離

の累積変化は，溶岩原全体で視線距離の伸長を示し

ており，沈降していると解釈できる (Figs. 2a, b)．北

行軌道観測では最大 140 cm 程度，南行軌道観測では

最大 90 cm 程度の視線距離の累積変化が明らかにな

った．またいずれの軌道観測による衛星視線方向距

離変化の時系列推移は観測の早期ほど変位速度は大

きく，時間の経過とともに変位速度は小さくなって

いることが認められる (Figs. 2c, d)．Wittmann et al. 
(2017) でも指摘されているように溶岩原における収

縮速度は指数関数的に減少している．また北行・南

行軌道観測による視線距離変化に 2.5 次元解析を適
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用し，準上下変位の結果を図 2e に示す．前述の通り，

溶岩原全体で沈降の傾向を示しており，最大 150 cm
程度の沈降を示した．溶岩原の冷却速度や噴出物の

構成物を推定するために熱弾性体モデルの推定が有

効であるが，本研究ではモデルの構築まで至ってい

ない． 
 
 
2-3. Example of ionospheric artifact correction 

2014-2015 年 Bárðarbunga 火山ダイク貫入イベント

では Cosmo-SkyMedや TerraSAR-Xによる地殻変動観

測は報告例があるものの，PALSAR-2 データを用い

た観測は報告されていなかった．理由は ALOS-
2/PALSAR-2 が打上げ後の初期校正フェーズにあっ

たため解析可能なデータがないためである．Path 4, 
Frame 1290 の PALSAR-2 画像ペアのひとつがダイク

貫入事件に伴う地殻変動の一部を捉えた．一方，シ

ーン全体に電離層擾乱に起因するノイズと推測され

る直線状の縞が重畳している (Fig. 3)．そこで電離層

擾乱起因の補正法として一定の有効性が認められて

いる Range split-band spectrum 法 [10]–[12]を同画像ペ

Fig. 2. Holuhraun 平原に形成された溶岩原の表

面変動．a) InSAR 解析によって得られた北行軌

道観測と b) 南行軌道観測による衛星視線距離の

累積変化．衛星から遠ざかる変位を正の値とす

る．c) 北行軌道観測と d) 南行軌道観測による溶

岩原上の衛星視線方向距離変化の時系列．観測

点から±1 km の範囲における変位をプロット

し，それぞれの中央値を示した．e) 2.5 次元解析

によって求められた準上下変位．負の変位は沈

降を示す．なお解析期間 2015 年 7 月から 2017
年 8 月である． 

Fig. 1. 解析対象地域と PALSAR-2 撮像範囲．a) 
アイスランド全体図．網掛領域は表亀裂集中

帯，黒点線は火山カルデラを示す． b) 
Bárðarbunga 火山周辺図．黒枠は PALSAR-2 撮

像範囲，黒矢印は衛星進行方向と電波照射方

向，黒三角は火山の位置を示す．2014 年 7 月か

ら 2018 年 2 月における震源の位置を点でプロッ

トした．灰色領域は研究対象イベントで形成さ

れた Holuhraun 溶岩原の範囲を示す． 
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アに対して適用した．解析フローは[12]を参考にし

た． 
 

Range band-split spectrum 法を適用した結果を図 3 に

示す．オリジナルの Range 方向のバンド幅が 24.9 
MHz であるのに対して，バンド幅を 8.3 MHz となる

ように Band-pass filter を適用し，中心周波数をゼロ

にシフトさせた．Band-pass filterを適用して抽出した

高周波成分，低周波成分それぞれの PALSAR-2 デー

タに干渉処理を施すことで，各周波成分の干渉画像

が得られる (Figs 3a, b)．非雪氷域では位相変化の不

連続は確認できない．Range split-spectrum 法を適用

すると電離層擾乱に由来する位相変化を示す分散性

成分 (Fig. 3c) と，その他の要素 (対流圏遅延や地殻変

動) に起因する位相変化を示す非分散性成分 (Fig. 3d) 
に分離できる．Fig. 3c に示した分散性成分には，非

雪氷域全体に電離層擾乱に由来する位相変化が認め

られる．Fig. 3d に示した非分散性成分には，図右上

に認められる位相変化は地殻変動に伴う変動縞が認

められる．以上の結果より，PALSAR-2 データを用

いて電離層擾乱に伴う位相変化を分離することを目

的とした分散性成分と非分散性成分を分離すること

ができた． 
 
 
3. 2016 KUMAMOTO EARTHQUAKE SEQUENCE, 

JAPAN 
3-1. Introduction 

2016 年 4 月 16 日に Mw (モーメントマグニチュー

ド) 7.0 の地震が熊本県で発生した．本震のおよそ 27
時間前と 25 時間前には Mw 6.2 と Mw 6.0 の地震が発

生した．地震波観測の結果は，熊本地震は断層水平

運動が支配的な横ずれ型地震であると断定され，

CMT 解は非ダブルカップル成分も含まれていたこと

も特徴のひとつである． 
 
熊本地震が発生した中部九州は，北東-南西方向に

別府-島原地溝帯と呼ばれる南北引張応力場下にあり，

南西から沖縄トラフと東から中央構造線が伸びてい

る (Fig. 4)．別府-島原地溝帯には北東から九重，阿

蘇，雲仙といった活動的な火山が位置している． 

Fig. 3. Bárðarbunga 火山を中心とした PALSAR-2
データ (28 Aug. 2014 – 11 Sep. 2014; Path 4, Frame 
1290) に Range split-band spectrum 法を適用した

例．a) 高周波成分を使用した干渉画像．b) 低周

波成分を使用した干渉画像．c) Range split-band 
spectrum 法によって抽出された分散性成分と d) 
非分散性成分．鉛直基線長は 15.8 m．それぞれ

の画像はレーダ座標系で示した． 

Fig. 4. 解析領域． (a) 震源分布． (b) ALOS-
2/PALSAR-2 データの撮像領域． 
 

361



 
本解析では Pixel offset 法による地震時地殻変動の

検出と，Stacking 法による地震後地殻変動の検出を

試みた．解析には GAMMA ソフトウェア（GAMMA
社製）を使用した． 
 
 
3-2. Co-seismic deformation 
 地震時地殻変動は ALOS-2/PALSAR-2 データの

Path 23 と Path 130 のデータに対して，Pixel offset 法
を適用した．Pixel offset 法を適用することによって，

干渉解析における位相アンラッピングエラーを回避

することができ，変位の勾配が大きい領域において

も地殻変動のシグナルの欠損を小さくすることがで

きる．1 組の画像ペアに対して Pixel offset 法を適用

することで，衛星視線方向 (Range offset) と衛星進行

方向 (Azimuth offset) の 2 方向の変位データを得るこ

とができる．したがって 2 組の異なる軌道から撮像

された画像ペアを解析することで，独立した 4 方向

の変位データを得ることができ．優決定問題を解く

ことによって 3 次元変位（東西・南北・上下変位）

を推定することができる． 
 
 本解析では日奈久断層と布田川断層に沿って，明

瞭な変位のオフセットを伴う 2 m を超える地殻変動

シグナルを検出した (Fig. 5)．明瞭な変位のオフセッ

トは熊本市街から阿蘇カルデラ南西麓におけるおよ

そ 40 km にわたって明らかになった．布田川断層に

並行して，南東におよそ 1 km の地点にも変位のオフ

セットを検出し，今回の一連の地震イベントでおお

むね 3 つの断層面がずれ動いたことが確認された．

東西・南北変位成分に注目すると，北東-南西方向に

のびる断層に対して，2 m を超える右横ずれの変位

を示した．これは地震波観測の結果と調和的な地殻

変動の描像である．上下変位成分に注目すると，布

田川断層の北西側で 2 m 程度の沈降が観測された．

今回の地震に伴う沈降は，地震波観測からは推定さ

れなかった地殻変動の描像である．地震波観測の結

果は単一の断層滑りでは再現できない非ダブルカッ

プル成分が含まれていたことから，複数の断層が異

なる方向に，ほぼ同時に滑ったことが示唆された [2]． 
 
 
3-3. Post-seismic deformation 
 地震後地殻変動は 2016 年熊本地震後から 2018 年

末までに撮像された ALOS-2/PALSAR-2 データを使

用した．上昇軌道の Path 20 と Path 23，下降軌道の

Path 130 と Path 131 のデータ（すべて右向き観測）

に対して，連続したデータごとに干渉画像を作成し，

足し合わせることによって観測期間における累積変

位を求めた．今回は Path 130 と Path 23，Path 131 と

Path 20 の累積衛星視線距離変化に対して，2.5 次元

解析を適用することによって，独立した 2 組の準東

西変位成分と準上下変位成分に分離した．複数の干

渉画像を足し合わせることにより，ランダムに現れ

る対流圏伝搬遅延に伴う位相変化の軽減が期待され

る． 
 
また観測期間において PALSAR-2 データが多く撮

像された Path 23 と Path 131 のデータに対して，複数

の点を抽出して衛星視線距離変化の時間発展を調べ

た（Fig. 7）．Path 23 は熊本地震が発生したのちの 1

Fig. 6. 2.5次元解析による地震後地殻変動の準東

西変位成分と準上下変位成分の 2018 年末まで

の累積変位．(a, b) Path 130 と Path 23 の組み合

わせ．(c, d) Path 131 と Path 20 の組み合わせ 
 

Fig. 5．Pixel offset 法による解析結果から推定さ

れた地震時地殻変動の 3次元変位成分．(a) 東西

変位成分．(b) 南北変位成分．(c) 上下変位成

分． 
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年間に 7 回の観測機会があり，断層近傍の点では変

位の進展が指数関数的に減衰していく様子が見て取

れる．一方，Path 23 の 2017 年以降や Path 131 では

PALSAR-2 データの観測機会は 0-2 回/年であった．

観測機会が少ない期間においては変位が指数関数的，

もしくは線形的に進展していくかを特徴づけること

は困難であった．今後は地殻変動の時間変化を精度

よく検出するために，SAR 時系列解析手法である

Small baseline InSAR 法などの導入を検討する．  
 
 

4. CONCLUSION 
 本報告では陸域の引張応力場における地殻変動の

検出と高精度化に向けて，ALOS-2/PALSAR-2 デー

タを解析した結果を報告した．陸域におけるプレー

ト発散境界に位置するアイスランドで発生した

Bárðarbunga 火山ダイク貫入事件・割れ目噴火に伴っ

て形成された溶岩原の表面変動の時系列変化と，電

離層擾乱起因のノイズ補正例について報告した．ま

た 2016 年熊本地震に伴う地殻変動を ALOS-
2/PALSAR-2データに Pixel offset法を適用して明らか

にし，Stacking 法を適用することで地震後地殻変動

の時空間変化を明らかにした．溶岩原の沈降や熊本

地震の断層近傍の変位の描像は SAR による解析で初

めて明らかにされた．今後は SAR 衛星の運用数の増

加が見込まれることから，観測された地表変位の駆

動メカニズムの解明を飛躍的に進めることが期待さ

れる． 
 
 
BIBLIOGRAPHY 
[1] Y. Himematsu, F. Sigmundsson, and M. Furuya, 

“Icecap and Subglacial Crustal Deformation 
Inferred From SAR Pixel Tracking: The 2014 
Dike Intrusion Episode in the Bárðarbunga 
Volcanic System, Iceland,” J. Geophys. Res. Solid 
Earth, vol. 124, no. 9, 2019, doi: 
10.1029/2019JB017652. 

[2] Y. Himematsu and M. Furuya, “Fault source 
model for the 2016 Kumamoto earthquake 
sequence based on ALOS-2/PALSAR-2 pixel-
offset data: evidence for dynamic slip 
partitioning,” Earth, Planets Sp., vol. 68, no. 1, p. 
169, Dec. 2016, doi: 10.1186/s40623-016-0545-7. 

[3] Y. Himematsu and M. Furuya, “Coseismic and 
Postseismic Crustal Deformation Associated With 
the 2016 Kumamoto Earthquake Sequence 
Revealed by PALSAR‐2 Pixel Tracking and 
InSAR,” Earth Sp. Sci., vol. 7, no. 10, 2020, doi: 
10.1029/2020ea001200. 

[4] F. Sigmundsson et al., “Segmented lateral dyke 
growth in a rifting event at Bárðarbunga volcanic 
system, Iceland,” Nature, vol. 517, 2015, doi: 
10.1038/nature14111. 

[5] G. B. M. Pedersen et al., “Lava field evolution 
and emplacement dynamics of the 2014–2015 
basaltic fissure eruption at Holuhraun, Iceland,” J. 
Volcanol. Geotherm. Res., vol. 340, pp. 155–169, 
2017, doi: 10.1016/j.jvolgeores.2017.02.027. 

[6] W. Wittmann, F. Sigmundsson, S. Dumont, and 
Y. Lavallée, “Post-emplacement cooling and 
contraction of lava flows: InSAR observations 
and a thermal model for lava fields at Hekla 
volcano, Iceland,” J. Geophys. Res. Solid Earth, 
vol. 122, no. 2, pp. 946–965, 2017, doi: 
10.1002/2016JB013444. 

Fig. 7. 熊本地震から 2018 年末までの衛星視線距

離変化の時間発展，抽出した地点は Fig. 6 に記

載．衛星視線距離の時間変化に対して，指数関

数と線形関数でフィッティングした． 

363



[7] M. T. Gudmundsson et al., “Gradual caldera 
collapse at Bárdarbunga volcano, Iceland, 
regulated by lateral magma outflow,” Science 
(80-. )., vol. 353, no. 6296, p. aaf8988, 2016, doi: 
10.1126/science.aaf8988. 

[8] B. Riel, P. Milillo, M. Simons, P. Lundgren, H. 
Kanamori, and S. Samsonov, “The collapse of 
Bárarbunga caldera, Iceland,” Geophys. J. Int., 
vol. 202, pp. 446–453, 2015, doi: 
10.1093/gji/ggv157. 

[9] S. Fujiwara, T. Nishimura, M. Murakami, H. 
Nakagawa, and M. Tobita, “2.5-D surface 
deformation of M6.1 earthquake near Mt Iwate 
detected by SAR interferometry,” Geophys. Res. 
Lett., vol. 27, no. 14, pp. 2049–2052, Jul. 2000, 
doi: 10.1029/1999GL011291. 

[10] R. Brcic, A. Parizzi, M. Eineder, R. Bamler, and 
F. Meyer, “Estimation and compensation of 
ionospheric delay for SAR interferometry,” Int. 
Geosci. Remote Sens. Symp., no. 3, pp. 2908–
2911, 2010, doi: 10.1109/IGARSS.2010.5652231. 

[11] P. A. Rosen, S. Hensley, and C. Chen, 
“Measurement and mitigation of the ionosphere in 
L-band Interferometric SAR data,” IEEE Natl. 
Radar Conf. - Proc., pp. 1459–1463, 2010, doi: 
10.1109/RADAR.2010.5494385. 

[12] G. Gomba, A. Parizzi, F. De Zan, M. Eineder, and 
R. Bamler, “Toward operational compensation of 
ionospheric effects in SAR interferograms: The 
split-spectrum method,” IEEE Trans. Geosci. 
Remote Sens., vol. 54, no. 3, pp. 1446–1461, 
2016, doi: 10.1109/TGRS.2015.2481079. 

 

364



COMPRESSIVE SENSING OF SEISMIC SLIP MODEL USING SPACE 
GEODESY  
PI No: 3078 

Chisheng Wang 1, Zhongwen Hu 1, Wei Tu 1, Xing Zhang 1, Zhensheng Wang 1 

1 Shenzhen Key Laboratory of Spatial Information Smart Sensing and Services, Shenzhen University 

1. INTRODUCTION

Imaging earthquake slip model from space geodesy data 
has always been an important scientific issue, but the 
accuracy of the results is still far from satisfaction. We tried 
to address the problem by introducing compressive sensing 
approaches into the seismic slip signal recovery. 
Compressive sensing takes advantages of the sparse 
characteristics of signal in some domain. And is capable to 
efficiently reconstruct the signal from limited 
measurements. Many applications have proved it can 
derive results with higher resolution than traditional ways. 
It is reasonable to expect the accuracy of seismic slip model 
can be improved under the innovative approach. We 
discussed the main research components in applying 
compressive sensing to seismic slip inversion of several 
earthquakes. The techniques can enhance seismic slip 
inversion of many earthquakes or fault systems, and 
therefore will impact the geodesy and geophysics 
communities who study seismic deformation and 
earthquake mechanisms. 

2. 2018 LOMBOK EARTHQUAKE

On 28 July 2018 (UTC 22:47), an Mw 6.4 earthquake 
struck the island of Lombok in eastern Indonesia (Fig. 1). 
An Mw 5.4 aftershock occurred 29 min later. The 
earthquake resulted in 20 deaths and injured hundreds. 
Another, much stronger earthquake (Mw 6.9) hit the island 
on 5 August 2018 (UTC 11:46). According to the data 
reported by the National Disaster Mitigation Agency, this 
earthquake raised the death toll to 436, destroyed 80% of 
structures in North Lombok, and displaced more than 
350,000 people. Two weeks later, another Mw 6.9 
earthquake struck the island on 19 August (UTC 14:56). 
This earthquake was located on the northeastern part of the 
island, a few kilometers to the east of the previous large 
events. Despite its large magnitude, far fewer casualties 
(around 10) were reported, possibly due to evacuation after 
the previous shocks. 

U.S. Geological Survey (USGS) rapidly gave the focal 
mechanism of these earthquakes (Table 1), which revealed 
a thrusting kinematics and east–west fault orientation of the 
earthquake sequence. The three earthquakes are very 
similar but differ greatly in depth. The 28 July event had a 
hypocentral depth of ∼14 km, the 5 August event had a 
hypocentral depth of ∼31 km, and the 19 August event had 

a hypocentral depth of ∼26 km. However, because of the 
lack of nearby seismic stations, the epicenter information 
may not be adequately constrained. The closest USGS 
station, JAGI, is still ∼250 km from the epicenter, which 
imposes a significant challenge for resolving the epicenter 
depth. In addition, the seismogenic fault plane can be 
explained by both the north-dipping and south-dipping 
thrust fault. Therefore, many critical questions remain 
about this earthquake sequence. Which faults are 
associated with them? What depth did they occur at? What 
are the possible control factors for the cascading rupture 
behavior? What is the potential for additional moment 
release in the area? 

Fig. 1 Seismotectonic setting of the 2018 Lombok 
earthquake sequence. White block lines show the major 
reverse fault system. The three major earthquakes in the 
sequence are denoted by the yellow stars and focal 
mechanism plots. Aftershocks are fromU.S. Geological 
Survey and marked by the small green dots. Blue and red 
rectangles represent the coverage of the Sentinel-1 
Synthetic Aperture Radar (SAR) data for generating the 
interferograms in the ascending and descending pass. The 
white rectangle represents the coverage of the 
Interferometric Synthetic Aperture Radar data used for 
inversion. The solid green line on the Flores thrust fault 
indicates the possible seismic gap. The inset in the top left 
displays the study area (the solid red rectangle). 
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Modern satellite geodetic technologies have enabled an 
investigation of the ground deformation on the island of 
Lombok due to the earthquake sequence. We invert 
Interferometric Synthetic Aperture Radar observations for 
the slip models of the 28 July Mw 6.4, 5 August Mw 6.9, 
and 19 August Mw 6.9 earthquakes in the 2018 Lombok 
earthquake sequence. To better serve the slip model 
inversion, we selected SAR pairs covering as few events as 
possible. Three SAR pairs were used to represent the 
ground displacement relative to the 27 July Mw 6.4 
earthquake, the 5 August Mw 6.9 earthquake, and the 19 
August Mw 6.9 earthquake. The two-pass technique was 
used to process these data with the Gamma software. We 
used 3 s Shuttle Radar Tomography Mission digital 
elevation model data to model the topographic components 
and remove them from the interferograms. The 
interferograms were unwrapped using the minimum cost 
flow algorithm. Low-coherent pixels were masked during 
the unwrapping. To remove possible orbital errors, the 
baseline component is refined based on the interferogram 
fringe frequency. Meanwhile, a linear model was used to 
remove the height-dependent atmospheric delay. The 
coefficients of the model are determined by a linear 
regression of unwrapped phase with respect to height in the 
far-field area. As shown in Fig. 2, the interferograms 
improved a bit after the baseline refinement and 
atmospheric correction, where some obvious fringes in the 
far field were mitigated. 

 
Fig. 2 The original interferograms, corrected 
interferograms, and unwrapped displacements for (a–
c) the 28 July, (d–f) the 5 August, and (g–i) the 19 
August events. The projection of faults is marked by a pair 
of black (upper boundary) and white (lower boundary) 
lines. The focal mechanism plot in each unwrapped 
interferogram represents the location and focal mechanism 
of the corresponding event. LoS, line of sight.  

We determined the detailed fault geometry parameters by 
a nonlinear uniform slip inversion [2-4]. A Bayesian 
approach based on Markov chain Monte Carlo (MCMC) 
sampling is used to search the geometry parameters [5]. To 
reduce the search space and uncertainty along with too 
many parameters, we assumed these events are pure thrust 
faulting and did not solve the lateral slip components. The 
parameters to be solved in the nonlinear searching include 

fault length, width, depth, dip, strike, X coordinate, Y 
coordinate, slip, InSAR constant, InSAR X ramp, and 
InSAR Y ramp. We run the iterations 106 times to avoid 
falling into local minima. To reduce the computational 
burden, we first applied an adaptive quadtree 
downsampling to reduce the number of observations [6-8]. 
An elastic dislocation model was adopted to provide the 
linkage between surface deformation and the fault slip at 
depth [9]. The inversion results show that InSAR data were 
partly fitted. 
To investigate the uncertainty of the inversion, we plot the 
joint distributions between pairs of parameters and 
histograms of marginal distributions for each parameter 
using 106 sampled solutions from MCMC. These solutions 
are grouped into different bins and each bin is plotted as a 
grid and colored by the number of solutions falling into it. 
If the concentration of the high-frequency grids is higher, 
the solution space is constrained better by the data and 
consequently the nonlinear inversion is more robust. The 
results show that most fault parameters for three events are 
confined to a very small area, suggesting that fault 
geometry are well constrained by the InSAR data in the 
nonlinear inversion. The optimal geometry parameters 
show moderate dip angles for the three seismogenic fault 
segments ranging from 27° to 40°. The slip areas are 
located at depths from 8 to 22 km, which are relatively 
shallower than the epicenter depths from focal mechanisms. 
It reveals the shallower depths (8–22 km), rather than the 
deeper ones from focal mechanisms, can better explain the 
InSAR observations of the earthquake sequence. 
To obtain a distributed slip model and improve the data 
fitness, we divided the fault plane into small patches of ∼3 
km×3 km (Fig. 3). The lengths of the fault planes for the 
three events were extended to 22.0, 40.4, and 52.0 km, 
respectively. The depths ranges are set to be 3.0–18.0, 2.7–
25.1, and 6.6–33.5 km for the 28 July earthquake, the 5 
August earthquake, and the 29 August earthquake. We took 
an elastic dislocation model and the constrained least-
squares algorithm to estimate the Green’s functions and 
solve for the slip distribution. In the inversion, Laplacian 
smoothing matrix was added for regularization, and the L-
curve method was used to select the optimal regularization 
parameter [10]. Checkerboard tests show that the inversion 
has a satisfactory resolution for the slip models, where 
most slip concentrations were successfully retrieved. 

 
Fig. 3 3D view of the slip models of (middle) the 28 July, 
(right) the 5 August, and (left) the 19 August events.  

The geodetic measurements and aftershock distribution 
suggest three south-dipping fault planes with shallow 
depths for the three events. They are likely associated with 
the imbricate thrust faults above the main Flores fault (Fig. 
2-3). Obvious strike and dip differences were found on the 
seismogenic faults, which implies probable fault 366



segmentation and explains the cascading fault behaviors 
with moderate magnitudes. The three events peaked at 
depths of 12.38, 16.9, and 25.9 km. The estimated moments 
reach 7.59 × 1018, 3.33 × 1019, and 4.61 × 1019 N·m, equal 
to Mw 6.52, Mw 6.95, and Mw 7.04 events, respectively. 
The derived slip distribution covers most of the area in the 
Lombok fault plane. Future seismic hazard on the seismic 
gap to the east of Lombok should be noted. 
 

3. 2020 JIASHI EARTHQUAKE 
 

On January 19, 2020, an Mw 6.0 earthquake (Fig. 4a) 
struck Jiashi Country in Xinjiang Province, northern China. 
The mainshock was widely recorded by local and global 
seismic networks, and the epicenter was located at 39.83° 
N and 77.21° E (Fig. 4a). The nearest station that 
experienced strong ground motion was Xiker station, 
which is approximately 13.7 km east of the epicenter, 
where a maximum peak acceleration of 633.3 cm/s2 was 
recorded (Fig. 4b). This also represented the highest 
maximum peak acceleration recorded since the Xinjiang 
strong vibration observation network was constructed. The 
solutions from the USGS and CENC both suggest that this 
event was dominated by thrust faulting. From 1997 to 1998, 
nine Ms ≥  6.0 earthquakes and several Ms ≥  5.0 
earthquakes occurred in this region. In 2003, an Mw 6.3 
earthquake occurred in the northeast region of Jiashi 
County (Fig. 4a). The Mw 6.0 Jiashi earthquake was 
another strong earthquake event that occurred on the 
Keping thrust fault after 2003. Fortunately, the epicenter 
was relatively far from populated areas and there were few 
deaths or damage; however, this earthquake raised 
concerns about the potential earthquake hazards caused by 
the Kepingtage Fold-and-thrust belt (FTB). 
To assess this potential hazard, we analyze the surface 
geology, topography, seismic reflection profiles, InSAR 
co-seismic deformation (Fig. 5), and slip distribution (Fig. 
6) to delineate the spatial extent, activity, and subsurface 
geometry of the Keping thrust fault (KPT), combined with 
these, we determine the seismogenic structure and the 
rupture patch of the Jiashi event and draw some speculative 
conclusions that could have implications for regional 
seismic hazards. 

 
Fig. 4 Seismotectonic setting of the 2020 Jiashi 
earthquake. (a) Satellite image, structures, and historical 
earthquakes of the Kepingtage fold-and-thrust belts. The 
white line shows the location of the study area. Global 
Positioning System (GPS) velocities are relative to stable 
Eurasia. Earthquake locations are from the China 
Earthquake Networks Center seismic catalog for the 1853–
2014 period. The orange block is Xiker station of strong 
motion. (b) Peak accelerating records after correction of 

Xiker station. These data are measured by strongmotion 
seismograph. 

As shown in Fig. 5, the entire deformation field induced by 
the Jiashi event can be observed by the InSAR images with 
a strong coherence. The interferograms reveal a 
deformation area of ~66 × 40 km, which is in good 
agreement with the position of the intensity area given in 
the intensity map of the Mw 6.0 Jiashi event. The variation 
of fringe stripes in Fig. 5 is fairly smooth between the 
subsidence area and uplift area, which indicates that the 
rupture of the earthquake did not reach the surface. The 
continuous displacement fringes are clearly visible in both 
the ascending and descending interferograms, which show 
two-lobed deformation centers along the east–west 
trending seismogenic fault. The ground deformation field 
in the southern lobe is larger than that in the northern lobe. 
The opposite color order of the fringes indicates the 
opposite values in the two-lobed deformation field. The 
southern deformation field is uplifting and the maximum 
rising value reaches ~7 cm in the LOS direction, whereas 
the northern deformation has fewer fringes and is in 
subsidence with ~3 cm in the LOS (Fig. 5). Both the 
ascending and descending InSAR mainly present positive 
deformation signals (moving towards the satellite), which 
implies that the measured InSAR surface displacement is 
the result of a predominant reverse event. The results 
indicate that this event occurred on the low dip-thrust 
nappe-structure belt at the subduction interface of the 
block; the uplift and subsidence are located in the hanging 
wall of the seismogenic fault, which conforms to the 
deformation characteristics of a moderate earthquake that 
occurred on a low angle of a northward dip-thrust fault. 

 
Fig. 5 Coseismic interferograms obtained from 
Interferometric Synthetic Aperture Radar (InSAR) 
and pixel matching. (a) The ascending track. (b) The 
descending track.  

A fault model with one segment, strike-fixed fault plane 
consisted of 1 km × 1 km rectangular sub-patches was built. 
The geometry parameters of the fault model include a strike 
of 269°, length of 60 km along the strike, and width of 30 
km along the down-dip. This model was used to estimate 
the optimal source parameters under the constraints of the 
ascending and descending InSAR datasets with equal 
weight. The fault slip on each patch was solved by using 
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the elastic half-space homogeneous dislocation model [9] 
and assuming a Passion ratio of 0.25. Furthermore, we used 
a grid search to perform the fault dip in the range of 0°–60° 
in 5° steps, and a smoothing factor in the range of 0–0.3 in 
0.05 steps. The result suggests that the fault model with an 
dip of 20°, fit well the InSAR observations from two orbits 
with a 0.05 smoothing factor. 

The slip distribution along the down-dip direction is shown 
in Fig. 6. Our best-fitting inverted slip model shows that 
the rupture process of this earthquake was controlled by an 
uplift motion, with a slight dextral strike-slip component 
and an average rake angle of 92°. Our preferred model has 
a single-slip asperity pattern, and a significant slip area 
with~35 km along-strike and ~13 km along the down-dip. 
Most of the slip occurred at a vertical depth of between 2 
km to 6 km. The peak slip magnitude was up to 0.32 m, 
which occurred at approximately 4 km with a 96° rake 
angle. The seismic moment estimated by geodetic data was 
2.29 × 1018 N·m, which corresponds to a Mw 6.17 
earthquake (assuming a shear modulus of 30 Gpa). The 
inverted fault parameters of fault model are listed in Table 
1. The residuals for both descending and ascending track) 
is close to the background noise (0.7cm for descending and 
0.9cm for ascending track) estimated from the areas far 
away from the deforming epicentral zone, which indicates 
the tectonic signals could be explained with our model very 
well. 

 
Fig. 6 Slip distribution from joint InSAR ascending and 
descending observations. (a) The 3D visualization of the 
slip distribution. (b) The 2D view slip distribution along the 
down-dip of seismogenic fault. 

The reconstructed InSAR co-seismic deformation field 
revealed that the co-seismic deformation caused by the 
earthquake was mainly distributed in the southern margin 
of the Kepingtage FTB, and was mainly concentrated in the 
fold between the KPT and AZT. Spatially, there are two 
deformation regions in ascending and descending track, 
which is opposite in the south and the north. The 
deformation in the south is positive, which shows the 

characteristics of uplift. The maximum uplift is about 7cm 
and is 10 km away from epicenter. The center of the 
southern deformation was positive and showed the 
characteristics of uplift deformation. The maximum uplift 
was ~7 cm approximately 7 km away from the epicenter. 
The center of the northern deformation had a negative 
value, which indicates the characteristics of subsidence 
deformation. Although the deformation width of the 
northern subsidence area was approximately 20 km, the 
deformation magnitude and gradient were relatively small 
and the maximum settlement was ~3 cm. A deformation 
field with the same direction and magnitude was obtained 
from the ascending and descending SAR data, which 
indicates that the motion property of the fault was mainly 
of a vertical compression deformation. The fault model 
based on the aforementioned data revealed that the co-
seismic rupture occurred in the KPT and that the sliding 
distribution was concentrated at a depth of 4–6 km. It is 
worth mentioning that the USGS source mechanism 
solution yields a source depth of 5.6±3 km, which is 
consistent with our InSAR inversion results (Fig. 6). The 
dip of fault from the focal mechanism (USGS) is 9°, and 
from inversion is 20°. The dip of KPT obtained from the 
seismic reflection profile is ~15°. Comprehensive analysis 
of the above data, the depth and fault dip obtained by focal 
mechanism and InSAR inversion are highly consistent with 
the results interpreted in the seismic reflection profile. 
Hence, we conclude that the seismogenic structure of the 
Jiashi event was the KPT at the leading edge of the 
Kepingtage FTB. 
 

4. 2016 CENTRAL ITALY EARTHQUAKE 
 

On 24 August 2016 (UTC 01:36, local time 03:36), a 
destructive earthquake (Mw 6.2) occurred in Central Italy 
(the Amatrice earthquake). The USGS reported that the 
earthquake originated at a depth of 4.4 km, with a normal 
faulting mechanism. The epicenter was located at 42.70°N, 
13.23°E, between the towns of Norcia and Amatrice. 
According to the official figures of the Protezione Civile, 
this event caused the death of 297 people, with 234 of the 
casualties occurring in the town of Amatrice. Two months 
later, two major earthquakes were triggered to the 
northwest of the Amatrice earthquake on 26 October 
(19:18 UTC) and 30 October (19:18 UTC), with individual 
moment magnitudes of 6.1 (Visso earthquake) and 6.6 
(Norcia earthquake) (Fig. 7). There were no reports of 
serious injuries in the October earthquakes. 
The ground motion associated with the Amatrice 
earthquake was recorded by many geodetic and seismic 
instruments, including space-borne synthetic aperture radar 
(SAR) sensors and ground seismometers. These datasets 
can be used to constrain a fault slip model, which can help 
us to understand the earthquake mechanics and seismic 
hazard. Several source models have been inferred using 
one or several datasets. For example, Tinti et al. (2016) 
presented a first kinematic model of this event by inverting 
the waveforms from 26 three-component strong-motion 
accelerometers [11]. Cirella et al. (2016) gave another 
rupture model using strong-motion data of 22 stations [12]. 
Lavecchia et al. (2016) derived a static slip model 
constrained by differential interferometric SAR (DInSAR) 
measurements from several SAR satellites [13]. However, 
the features of these models differ from each other because 
different datasets were used in these studies. As InSAR 
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datasets and strong-motion datasets have complementary 
strengths in earthquake source inversion [14], it is possible 
to invert both datasets simultaneously for a more 
comprehensive fault slip model. 
The future hazard for a fault after an earthquake is of great 
importance for human life and property safety. The 2016 
central Italy earthquake sequence is located in a segmented 
fault system mixed of modern and ancient structures. 
Conventional seismic hazard models assume earthquake 
ruptures are controlled by fault segmentation, where the 
rupture is believed to unlikely propagate from one segment 
to another. In the 2016 sequence, the heterogeneous crust 
has broken the lateral continuity of the seismogenic fault, 
prohibiting it to grow to a large devastating earthquake. 
However, recent observations in the 2010 EI Mayor-
Cucapah earthquake [15] and the 2016 Kaikoura 
earthquake [16] show that multi fault segments is possible 
to simultaneously rupture in a single earthquake. In 
addition, the segmented faults may become more 
continuous and mature after many earthquakes repeatedly 
ruptured, and consequently inclined to host a larger 
earthquake. Therefore, the future seismic hazard in this 
region needs to be re-examined based on more 
observations. Besides the comprehensive rupture model, 
we can obtain as mentioned above, the complete Italian 
earthquake catalogue and available near-field high-
resolution topography enable us to retrieve more fault 
information including b-value, historical events trace and 
seismic activity. A detailed interpretation of the causative 
fault by combining this information can therefore benefit 
the earthquake hazard evaluation.  
In this paper, we first present the rupture processes of the 
three major earthquakes in the Central Italy earthquake 
sequence by inverting joint datasets, including both InSAR 
and strong-motion data. We then explore the b-values and 
historic earthquake scarp offsets through processing the 
earthquake catalog and near-field DEM data. Based on 
these results, we interpret the fault behavior of the 
earthquake sequence and discuss the future seismic hazard 
in this area. 

 
Fig. 7 Seismotectonic setting of the Central Italy 
earthquake sequence. (a) The three major earthquakes in 
the sequence are denoted by the red stars and beach ball 
symbols, and the two recent large historical events are 
colored in black. The dashed black rectangles represent the 
surface projection of the fault planes adopted in this study. 
The bold black lines are the two seismogenic normal fault 
systems, namely, the Mt. Vettore–Mt. Bove Fault (VBFS) 
system and the Mt. Gorzano Fault (GFS) system. The pink 
line shows the simplified trace of the preexisting 
compressional front named the Olevano-Antrodoco-

Sibillini (OAS) thrust. Aftershocks are marked by the small 
dots with different colors. The blue, purple, and yellow 
points represent the events taking place between 
2016.08.24–2016.10.24, 2016.10.24–2016.10.30, and 
2016.10.30–2017.10.8, respectively. (b) Map view of the 
SAR data coverage. The black rectangles represent the 
coverage of the ALOS 2 SAR data for generating the 
interferograms. The red rectangle denotes the area shown 
in Fig. 7a. (c) Cross section through A-A’ shown in Fig. 7a. 
The dashed black line represents the fault plane of the 30 
October 2016 Mw 6.7 Norcia earthquake. 
We used four SAR image pairs to measure the ground 
displacement relative to the 24 August Mw 6.1 Amatrice 
earthquake, the 26 October Mw 5.9 Visso earthquake, and 
the 30 October Mw 6.5 Norcia earthquake. To better serve 
the rupture model inversion, each selected SAR pair only 
covered one event mentioned above. Among the image 
pairs, three were from the Sentinel-1 satellite and the other 
was from the Advanced Land Observing Satellite (ALOS) 
satellite. Many institutions and researchers have created 
interferograms for the Amatrice and Visso events using 
Sentinel-1 images, and their results are quite similar. In this 
study, we directly used the InSAR interferograms from the 
European Space Agency’s InSARap program for the 
analysis (provided free online at http://insarap.org/). For 
the 24 August event, the deformation pattern is 
characterized by two NNW–SSE striking main distinctive 
lobes with different shapes, but having almost the same 
maximum negative line-of-sight (LOS) deformation of 
around 20 cm. Regarding the 26 October event, the 
interferogram reveals an ear-shaped deformation pattern, 
striking NNW–SSE, like the 24 August event. 
The 30 October Mw 6.5 Norcia earthquake generated much 
larger ground displacement than the previous two events, 
making the InSAR measurements more challenging. 
Therefore, we adopted the L-band ALOS 2 SAR image pair, 
which has better resistance to phase incoherence, to 
retrieve the coseismic deformation. A two-pass technique 
was used to process the data with Gamma software. The 
TanDEM-X digital elevation model (DEM) with a 12 m 
resolution was used to remove the topographic components 
in the interferogram. A baseline refinement step was 
carried out to remove the ionospheric disturbance. Finally, 
we obtained the displacement map after unwrapping the 
interferogram by the use of the minimum cost flow (MCF) 
algorithm. The InSAR interferogram reveals a similar ear-
shaped deformation pattern to the 26 October event, with 
around ~90 cm maximum negative LOS displacement. To 
reduce the quantity of InSAR data, we first applied uniform 
downsampling to reduce the displacement map to a size of 
~500 × 500, and we then used the equation-based quadtree 
downsampling algorithm to select ~1000 LOS 
measurements from each interferogram [17]. 
We tested three different inversion scenarios: InSAR data 
inverted alone, strong-motion data inverted alone, and a 
joint inversion with both geodetic and seismic data. In the 
three events, the InSAR-only model differs from the 
strong-motion data-only model in slip distribution. 
However, the joint inverted slip distributions seem to make 
a compromise, absorbing the characteristics from both 
models. Overall, the joint slip model is closer to the 
InSAR-only results, which is consistent with the fact that 
the near-field InSAR data have a better ability to constrain 
the fault slip pattern. The InSAR and strong-motion 369



prediction from the joint model fits quite well with the 
observations. 
 
The joint model of the 24 August earthquake shows two 
separate major slip concentrations with a maximum slip of 
0.76 m and 0.72 m, respectively, locating at depths between 
5 km and 3 km (Fig. 8). The characteristics of the rupture 
model are in general accordance with previous models [11], 
exhibiting a normal faulting mechanism, bilateral rupture 
directivity, and a relatively fast rupture velocity. Assuming 
a shear modulus of 30 GPa, the overall seismic moment of 
the two fault segments is 1.4 × 1018 Nm, equivalent to a 
moment magnitude of Mw 6.1. The slip pattern is mostly 
constrained by the near-field InSAR data, but the relative 
far-field strong motion still fits quite well. During the first 
6 s, the majority of the seismic moment was released. The 
moment rate rapidly increased in the initial stage and 
reached 3.9 × 1017 Nm/s at 2.8 s, and then decreased rapidly 
with time. The rupture process took place in a relatively 
simply manner, propagating gradually from the epicenter 
to distant patches, and no delayed slip patches were 
observed. 
For the 26 October earthquake, our joint model suggests a 
single elongated normal faulting slip concentration in the 
northern segment of the VBFS (Fig. 8). The rupture started 
from the southeast part of the fault plane, and propagated 
mostly unilaterally toward the northwest. The moment rate 
rapidly increased at the initial stage, reaching 2 × 1017 Nm/s 
at 2.1 s, but the relatively high moment rate (>1 × 1017 
Nm/s) lasted for about 4 s, and then decreased rapidly. This 
event released a seismic moment of 1.4 × 1018 Nm, 
corresponding to a Mw 6.1 event. 
The 30 October earthquake was the largest event in this 
earthquake sequence. The inverted rupture model suggests 
a normal faulting mechanism, consistent with the moment 
tensor solution, as well as the long-term behavior of the 
VBFS system. Two slip patches were found, the larger one 
located in the north with a maximum slip of 2.8 m at a depth 
between 4 km and 6 km, and the other one peaking at 2.3 
m at a depth between 5 km and 7 km (Fig. 8). It can be 
noted that the latter slip patch is almost below the 
northwest slip concentration of the 26 August event. The 
slip history shows that the largest moment rate reached 1.8 
× 1018 Nm/s at 4.2 s, and almost all the coseismic moment 
was released in the first 7 s. The overall seismic moment 
was 1.1×1019 Nm, equivalent to a Mw 6.7 event. 

 
Fig. 8 The inverted joint slip models for the Central 
Italy earthquake sequence. (a) Distributions of slip at 
depth for the Visso (left) and Amatrice (right) earthquakes. 
The yellow stars denotes the start point for the ruptures. (b) 
Distributions of slip at depth for the Norcia earthquake. 
(c)–(e) The moment rate functions of the Visso, Amatrice, 
and Norcia earthquakes, respectively. 
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1. INTRODUCTION

For the latter two decades of the 20th century, a widely-
held view about the Cascade volcanoes of the Pacific 
Northwest USA was that they did not deform until they 
were about to erupt.  This belief was rooted in the fact that 
no deformation was detected at Mount St. Helens prior to 
its reawakening in March 1980, two months before its 
infamous and catastrophic eruption of May 18, 1980, and 
that Electronic Distance Measurement (EDM) surveys of 
individual volcanoes in the arc showed no signs of 
deformation in the early 1980s.  Work since that time, 
however, has revealed the great scope of this 
misconception.  Of the 13 major volcanic centers in the 
Cascades (fig. 1), five have shown signs of deformation 
within the past 40 years (Baker, Mount St. Helens, South 
Sister, Medicine Lake, and Lassen), and there are no 
reliable measurements at two other volcanoes (Adams and 
Glacier Peak).  We therefore know that at least ~40% of the 
volcanoes in the arc have experienced some form of 
deformation in the past several decades.  It would seem that 
Cascade volcanoes are just as likely to be deforming as not, 
regardless of eruptive activity [1].  

Although InSAR provided the first evidence of 
deformation at three of the five deforming Cascade 
volcanoes (Lassen, South Sister, and Mount St. Helens), 
overall InSAR results from the Cascades have been of 
mixed utility, especially in the heavily vegetated northern 
portion of the arc (in Washington and northern Oregon). 
The primary purpose of this project was therefore to 
explore the utility of ALOS-2 data for assessing 
deformation of the northern Cascades, particularly at 
Mount Baker and Glacier Peak, which lack ground-based 
GNSS networks, and at Mount St. Helens. 

At all volcanoes, interferograms constructed from L-band 
ALOS-2 data offered a significant improvement in 
coherence over those from C-band Sentinal-1 data 
spanning similar time periods.  ALOS-2 interferograms 
that spanned more than one year were substantially less 
coherent than 1-year interferograms.  The best coherence 
was achieved when comparing scenes that were acquired 
in late summer, generally between July and October.  The 
preferred acquisition mode is stripmap, which provides a 
good balance between spatial coverage and resolution.  In 
some areas where localized deformation is occurring, like 
the crater of Mount St. Helens, spotlight images would be 
helpful, but none have been acquired.  The only 
deformation detected in long-term ALOS-2 interferograms 

of the northern Cascades was associated with subsidence 
of 1980 deposits at Mount St. Helens [2]. 

Fig. 1. Map of the Cascade volcanic arc, with major 
volcanic centers named and indicated by yellow stars. 
Red labels indicate volcanoes known to have deformed 
within the past 40 years, while no measurements can 
confirm or deny deformation at those with blue labels. 
Black labels denote volcanoes where measurements by 
GNSS and InSAR have shown no indication of 
deformation. 

2. MOUNT BAKER

Mount Baker is an ice-clad stratovolcano located in 
northern Washington. Only two eruptions are known in 
the Holocene: 9800 years ago (a scoria cone and lava flow 
on the volcano’s south flank) and 6500 years ago (an 
explosive eruption from the volcano’s summit) [3]. An 
episode of thermal unrest in 1975 has been ascribed to a 
magmatic intrusion at depth, and GNSS data indicate that 
the volcano is deflating due to depressurization of a 
source at 4–6 km beneath the summit [4]. 
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ALOS-2 interferograms of the volcano are partially 
coherent over multi-year time spans (fig. 2).  The snow- 
and ice-covered summit area is persistently incoherent, 
but the vegetated flanks, especially the ridges, maintain 
coherence over several years.  This level of coherence 
should be sufficient to detect any significant changes in 
pressurization of a deep source (> 5 km), including the 
modeled source of pressure decrease suggested from 
GNSS data [4].  Localized deformation on the peak itself, 
however, will not be resolvable.  Spotlight imagery might 
be able to detect localized changes, but the snow and ice 
cover will limit coherence except possibly over short (14-
28 days) repeat intervals. 
 

 
Fig. 2.  ALOS-2 interferogram of Mount Baker, 
Washington, from track 66 (SM3) and spanning July 18, 
2015 through July 11, 2020. 
 
The known deflation of Mount Baker is not resolvable 
over the currently available 5-year time span—the 
deformation rate is too low.  Time series approaches are 
unlikely to yield useful results because very few 
summertime acquisitions are made.  Simple approaches 
for increasing signal to noise, like stacking, may provide 
better results; regardless, more data are needed to detect 
previously measured deformation at the volcano. 
 

3. GLACIER PEAK 
 
Glacier Peak has been a source several explosive eruptions 
over the past 13,000 years, the most recent occurring a few 
centuries ago.  Such eruptions occur on millennial 
timescales and pose significant hazards due to ash plumes 
and pyroclastic and debris flows [3].  No ground-based 
geodetic surveys have been completed at Glacier Peak, so 
its deformation state is unknown [1]. 
 
ALOS-2 interferograms spanning multiple years at Glacier 
Peak are surprisingly coherent (fig. 3) and offer promise 
that any significant volcano deformation would be 
detectable by L-band InSAR.  In interferograms that 
include images from summer months, even the volcano’s 
summit area and upper flanks are largely coherent.  Glacier 
Peak is therefore ideally monitored via L-band InSAR, 
perhaps more so than any other volcano in the Cascade arc. 
 

 
Fig. 3.  ALOS-2 interferogram of Glacier Peak, 
Washington, from track 66 (SM3) and spanning August 
1, 2015 through July 25, 2020. 
 

4. MOUNT ST. HELENS 
 
Mount St. Helens is the youngest and most active volcano 
in the Cascade arc.  Its summit and north flank were 
destroyed by the May 18, 1980, sector collapse and 
eruption, after which a lava dome formed in the ensuing six 
years.  Following 18 years of quiescence, a new lava dome 
formed during 2004-2008.  A variety of deformation 
processes have been noted at the volcano, including 
deflation during the 2004-2008 eruption due to 
depressurization of the volcano’s magma reservoir, 
inflation of that reservoir after the 2004-2008 eruption until 
about 2013, contraction of the 1980-1986 and 2004-2008 
lava domes due to cooling, and subsidence of the 1980 
debris avalanche deposits [2,3].  The subsidence of the 
1980 deposits would not have been detected without the 
use of InSAR (fig. 4). 
 

 
Fig. 4. Stack of 36 ERS-1/2 interferograms spanning 
summer months during 1992–2001 over Mount St. 
Helens (located in lower right).  Image shows three 
areas of subsidence (numbered) in 1980 debris-
avalanche deposit on the volcano’s north flank.  
Adapted from [2]. 
 
ALOS-2 SM3-mode interferograms are very coherent over 
the flanks of Mount St. Helens and would clearly detect 
any significant volcano-wide deformation due to pressure 
variations within the volcano’s magmatic system.  
Coherence is maintained over multiple years, and during 
2015-2020 interferograms show no significant volcano-
wide changes (fig. 5).  In the 5-year interferogram, 
subsidence patches within the 1980 debris avalanche 
deposit are clear.  This subsidence, occurring at a rate of 
about 1-2 cm/yr, may be due to cooling and contraction of 
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initially hot deposits (the subsidence corresponds to some 
of the thickest areas of the debris avalanche) or dewatering 
of the deposit [2].  Given the localized nature of this 

deformation and the lack of ground-based monitoring in 
these areas, InSAR provides the only means of tracking this 
subsidence. 

 

 
Fig. 5.  ALOS-2 interferograms of Mount St. Helens from track 67 (SM3) spanning 1 year (top) and 5 years (bottom).  
Coherence is similar in both interferograms.  No deformation is apparent in the 1-year interferogram, but the 5-year 
interferogram shows subsidence north of the volcano in the 1980 debris avalanche deposit (compare to fig. 4).  This 
deformation had been previously detected using C-band InSAR. 
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Deformation is also known to be occurring in the summit 
crater of Mount St. Helens, with displacements of up to 
tens of centimeters per week due to rapid cooling and 
contraction of the 2004-2008 lava dome and motion of rock 
glaciers along the crater walls.  Unfortunately, this 
deformation could not be resolved by ALOS-2 
interferograms due to a lack of spatial resolution (no 
spotlight images were acquired of the crater) and sparse 
summer acquisitions (data would need to be acquired every 
14-28 days during summer months to resolve changes of 
this magnitude). 
 
5. UTILITY AND RECOMMENDED ACQUISITION 

STRATEGY FOR ALOS-2 IN THE NORTHERN 
CASCADE ARC 

 
ALOS-2 is well-suited for monitoring deformation of 
volcanoes in the northern Cascades.  Coherence in 
interferograms constructed from images acquired during 
the late summer (July-October) is maintained over multiple 
years.  The only deformation apparent in interferograms 
created as part of this pilot project was due to subsidence 
of the 1980 debris avalanche deposits at Mount St. Helens. 
 
Although a wide variety of acquisition modes are possible 
for ALOS-2, stripmap modes (especially SM3) have the 
best mix of spatial resolution and coverage to track 
deformation at Cascade volcanoes.  The only exception is 
for the crater of Mount St. Helens, where spotlight data are 
needed.  If possible, future acquisition plans should include 
a few stripmap scenes over all volcanoes in the northern 
Cascades during summit months, similar to the current 
acquisition strategy.  At Mount St. Helens, it would also be 
helpful to have spotlight acquisitions to resolve the 
localized and raid deformation known to be occurring 
within the crater.  The lack of numerous acquisitions to this 
point means that time-series approaches for data analysis 
are not viable.  Simple methods for increasing signal no 
noise, like stacking, however, will be a useful means of 
detecting the minor deformation that seems typical of most 
Cascade volcanoes, provided ALOS-2 acquisitions 
continue in the coming years. 
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1. INTRODUCTION AND BACKGROUND

The primary objective of this project was to better 
understand the dynamics of Hawaiian volcanism, from 
magma supply at depth through storage in subsurface 
reservoirs to the emplacement of lava and other eruptive 
products at the surface.  Hawai‘i is home to two of the most 
active volcanoes in the world—Kīlauea and Mauna Loa—
and therefore provides abundant opportunities for 
observing the evolution of volcanic activity over time.   

The dynamic nature of Hawaiian volcanism has been 
demonstrated by recent unrest and eruptive activity on the 
Island of Hawaiʻi.  Mauna Loa, the largest active volcano 
in the world, has been inflating at varying rates since 2014 
due to magma accumulation in a reservoir system about 3 
km beneath the surface [1].  Kīlauea erupted almost 
continuously from vents on the volcano’s East Rift Zone 
during 1983–2018, and at the summit during 2008–2018, 
before a major flank eruption on the lower East Rift Zone 
in 2018 resulted in the effusion of over 1 km3 of lava, 
collapse of the summit by over 500 m, and the end of the 
two long-term eruptions [2].  During the more than 2 years 
of eruptive quiescence that followed, Kīlauea began 
recharging with magma, resulting in summit and East Rift 
Zone inflation.  The activity culminated in December 2020 
with the onset of an eruption at the summit that was still 
ongoing as of March 2021. 

The focus of this final report will be on deformation of 
Kīlauea Volcano, because Mauna Loa’s activity was 
relatively steady over the past several years—inflation with 
slight changes in rate over time [1].  The Kīlauea analysis 
is broken into four segments: (1) pre-2018 changes, (2) 
changes accompanying the 2018 flank eruption and 
summit collapse, (3) post-2018 changes, and (4) changes 
accompanying the onset of renewed eruptive activity in 
December 2020.  The report concludes with 
recommendations for future monitoring of Hawaiian 
volcanoes by ALOS-2. 

2. PRE-2018 RESULTS

During the 2013-2018 period, Kīlauea experienced 
persistent inflation (fig. 1) punctuated by occasional 
changes in subsurface pressurization related to intrusions 
and variations in eruptive activity [3].  The most 
noteworthy of these changes at the summit was in April-
May 2015, when an intrusion resulted in several 
centimeters of uplift due to a pressure increase within a 

magma reservoir beneath the south part of the caldera [4]. 
This activity was captured in ALOS-2 interferograms {fig. 
1, top).  All available interferograms spanned at least 
months, however, and therefore it was not possible from 
ALOS-2 data alone to distinguish intrusion deformation 
from inflation that was occurring at other times. 

Fig. 1.  ALOS-2 stripmap-mode interferograms of the 
summit and upper/middle East Rift Zone of Kīlauea 
Volcano.  Top interferogram spans April-May 2015 
summit intrusion.  Inflation at varying rates dominated 
the 2013-2018 period.  Coherence in all interferograms 
was excellent, including on the north side of the heavily 
vegetated East Rift Zone. 
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Of special note is the good coherence on the north side of 
Kīlauea’s East Rift Zone—a region of heavy vegetation 
where GNSS measurements are impossible and C- and X-
band interferograms are incoherent.  L-band ALOS-2 
interferograms have the ability to detect deformation in the 
region, especially in interferograms spanning less than one 
year (fig. 1, bottom).  No deformation was seen in any 
ALOS-2 interferograms in the upper East Rift Zone at any 
time between 2014 and 2020, suggesting that this region 
does not generally support magmatic deformation. 
 

3. 2018 FLANK ERUPTION AND SUMMIT 
COLLAPSE 

 
The 2018 flank eruption and summit collapse at Kīlauea 
was one of the most significant volcanic events to have 
occurred in Hawaiʻi in 200 years [2].  The event initiated 
with the propagation of a dike to the lower East Rift Zone, 
near the eastern tip of the island, starting on April 30, 2018.  
The summit began to subside on May 2 as magma drained 
to feed the growing intrusion, and an eruption started in the 
lower East Rift Zone on May 3.  A M6.9 earthquake 
occurred beneath the volcano’s south flank on May 4 as a 
consequence of the intrusion.  The eruption intensified in 
mid-late May, and lava flow activity over the next few 
months destroyed over 700 structures (fig. 2).  The great 
volume of magma withdrawal caused the summit of the 
volcano to collapse in a series of downdropping events, 
ultimately resulting in the formation of a new crater that 
was more than 500 m deep (fig. 3).  The flank eruption and 
summit collapse effectively ceased in early August [2]. 
 

 
Fig. 2.  Lava fountain in Kīlauea’s lower East Rift Zone 
on May 28, 2018.  Note houses in the foreground. 
 

 
Fig. 3.  View of the collapsed summit of Kīlauea 
Volcano on August 6, 2018.  Mauna Loa is in the 
background. 
 
 

 
Fig. 4.  ALOS-2 wide-swath-mode interferogram of Kīlauea Volcano’s summit and East Rift Zone spanning January 
25 to May 17, 2018.  Summit deformation indicates subsidence and collapse, while East Rift Zone deformation suggests 
magma withdrawal from the western part of the rift and magma intrusion beneath the eastern part. 
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The 2018 flank lava effusion and summit collapse were 
extremely well manifested in ALOS-2 interferograms, with 
wide-swath data providing the only comprehensive view of 
whole-volcano deformation owing to the combination of 
spatial extent (only Sentinel-1 data cover a similar swath 
width) and coherence (ALOS-2 provided the only L-band 
SAR data for the eruption).   Interferograms spanning the 
onset of the activity clearly show a major magmatic 
intrusion that propagated down the volcano’s East Rift 
Zone, coupled with strong summit subsidence (fig. 4).  
Interferograms focused on the lower East Rift Zone 
document the early evolution of the intrusion in excellent 
detail (fig. 5), thanks in large part to the implementation of 
14-day repeat views.  In these interferograms, the scope of 
the dike intrusion up to May 8 is obvious, but the dike 
continued to expand during May 8-22, which is consistent 
with insights from GNSS data [2].  Following this period, 
no significant deformation of the lower East Rift Zone was 
detected, despite the ongoing eruption. 
 

 
Fig. 5. ALOS-2 stripmap-mode interferograms of 
Kīlauea’s lower East Rift Zone showing deformation 
associated with the initial intrusion (top) and later 
evolution of the intrusion, through mid-May, 2018. 

 
Inverse models of the volcano-wide ALOS-2 
interferograms (fig. 5) indicate a maximum of over 4 
meters of opening, with the area of greatest opening 
shifting over time (fig. 6) [2]. 
 

 

 
Fig. 6. ALOS-2 data (top, from fig. 5) and derived 
model (bottom) of different stages of dike opening in the 
lower Eat Rift Zone up to May 8, and between May 8 
and 22, 2018.  Adapted from [2]. 
 
ALOS-2 spotlight-mode interferograms of the summit 
region were largely incoherent due to the extreme nature of 
the deformation (fig. 7).  More frequent repeat acquisitions, 
every 14 days, would be required to maintain coherence in 
such a rapidly deforming area. 
 

 
Fig. 7.  Spotlight ALOS-2 interferogram of the summit 
area of Kilauea spanning April 16 to June 11, 2018.  The 
black areas are regions of no topographic coverage (a 
high-resolution lidar DEM with partial coverage 
outside the caldera was used to process the 
interferogram).  Deformation in the caldera is so 
extreme that it is largely incoherent.  Only deformation 
on the caldera edges and just outside the caldera is 
recoverable. 
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4. POST-2018 RESULTS 

 
Following the end of the 2018 flank eruption and summit 
collapse, Kīlauea entered an extended period of eruptive 
quiescence.  Deformation, however, continued.  Within 
months of the end of the eruption, uplift was detected along 
the volcano’s middle East Rift Zone, and by early to mid 
2019, the summit was also uplifting (fig. 8).  Through the 
course of 2019 and 2020, East Rift Zone uplift gradually 
waned, while summit uplift accelerated.  These signals 
were a clear indication of magma recharge to the system, 
and that Kīlauea was preparing for its next eruption. 
 

 
Fig. 8.  ALOS-2 stripmap-mode interferogram of 
Kīlauea’s summit and East Rift Zone spanning 
December 4, 2018 to June 20, 2020 and showing 
inflation centered on the caldera and middle East Rift 
Zone due to magma accumulation following the end of 
the 2018 eruption and summit collapse.  Area covered 
is identical to that of fig. 1. 
 
In early December, a localized inflation event, 
accompanied by seismicity, indicated a shallow intrusion 
beneath the summit (captured by ALOS-2 interferograms; 
fig. 9).  This intrusion was a clear indication of the “primed” 
nature of the summit magma reservoir, and that an eruption 
may be imminent. 
 

 
Fig. 9.  ALOS-2 spotlight-mode interferogram spanning 
October 26 to December 7, 2020. Localized deformation 
within Kīlauea caldera was caused by a shallow 
intrusion that occurred on December 2, 2020. 

 
5. 2020-2021 ERUPTIVE ACTIVITY 

 
The inflation and pressurization of Kīlauea culminated on 
the night of December 20, 2020, when a new eruption 
began at the summit of the volcano (fig. 10).  ALOS-2 
interferogams spanning the onset of the eruption clearly 
show deflation of the summit region as magma drained 
from the shallow magma reservoir to feed the eruption (fig. 
11).  As of March 2021, the eruption is ongoing, although 
GNSS and InSAR data show little continuing deformation. 
 

 
Fig. 10.  Photo of summit eruptive activity at Kīlauea 
on December 21, 2020.  In this photo, lava is filling the 
collapse pit that formed in 2018 (fig. 3). 
 

 
Fig. 11.  ALOS-2 spotlight interferogram of Kīlauea’s 
summit region spanning December 11, 2020 to January 
22, 2021 and showing deflation associated with eruptive 
activity that began on December 20, 2020. 
 

6. RECOMMENDATIONS FOR FUTURE USE OF 
ALOS-2 IN STUDYING HAWAIIAN VOLCANOES 

 
ALOS-2 L-band data have demonstrated exceptional 
coherence, including in the heavily-vegetated East Rift 
Zone of Kīlauea Volcano—a region for which deformation 
data are otherwise absent.  Unfortunately, a lack of 
consistent and repeated acquisitions on the same paths 
prevent a thorough analysis of the transient nature of 
volcanic activity in Hawaiʻi.  Eruptive activity, like that of 
2018 at Kīlauea [2], evolves rapidly.  Repeat ALOS-2 
acquisitions on the same paths, with only 14 days between 
images, are almost nonexistent for Hawaiʻi, but when they 
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are present (e.g., fig. 5) provide outstanding fodder for 
modeling studies of transient magmatic activity (e.g., fig. 
6).  Without frequent repeat acquisitions, interferograms 
that span dynamic processes also include a significant 
amount of pre- and or post-event signal, which can be 
difficult to isolate.  The lack of numerous acquisitions also 
challenges the use of time-series approaches.  Such an 
acquisition strategy may be acceptable in an area where 
change is slow and steady, but it has no advantages when 
considering the active volcanoes of Hawaiʻi.  In the future, 
repeated acquisitions—every 14 days if possible—on a few 
paths would provide a better means of tracking the 
temporally and spatially complex deformation patterns 
associated with activity of Kīlauea and Mauna Loa 
volcanoes. 
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ABSTRACT 

Three-dimensional (3-D) seismic surface deformations are 
of great importance to interpret the characteristics of 
seismic deformations and to understand the geometries and 
dynamics of seismogenic faults. In this project, we first 
propose a method for mapping 3-D co-seismic 
deformations based on InSAR and characteristics of crustal 
strain, in which the criterion for the selecting of correlation 
points is optimized by using adaptive correlation distance, 
which greatly improves the applicability of the proposed 
method in the recovering of deformations in the 
decorrelation areas. The simulations reveal that the 
proposed method is superior to the conventional methods 
in both of accuracy and completeness. The proposed 
method is then applied to map 3-D co-seismic surface 
deformations associated with 2015 Mw 7.2 Murghab 
earthquake by employing ascending and descending 
ALOS-2 images. The results show that sinistral slips along 
NE-SW direction characterize the seismogenic SKF fault. 
The NW and SE plates moved towards SW and NE 
directions, respectively. In the NW plates, the northern 
section and the southern section (near the epicenter) of the 
faults occurred obvious ground subsidences. In the SE 
plates, the ground uplifted along the fault. The strain field 
of the earthquake is also provided by the proposed method 
in addition to the 3-D deformation fields. It is found that 
the earthquake experienced obvious effects of dilatation 
and shear. The whole tectonic features of the seismic area 
agree well with the co-seismic deformations dominated by 
sinistral slips. Actually, it is inevitable for the estimation of 
3-D deformations to combine multiple kinds of InSAR
measurements, whose accuracy is usually various between
each other. Therefore, the weights of InSAR measurements
used for the estimation would play an important role in the
estimation accuracy of the 3-D deformations. To deal with
this issue, we proposed in this project a method for
measuring 3-D surface deformations with InSAR based on
strain model and variance component estimation (SM-
VCE), which can exploit the spatial correlation of the
adjacent points’ deformations and produce accurate
weights for multiple InSAR measurements. The proposed
method is assessed with both simulated and real datasets.
The results have shown that the proposed method can
accurately measure 3-D surface deformations associated

with geo-hazards even those occurred in a transient or 
short-term period (e.g., earthquake and volcanic eruption). 
In the case study of the 2007 eruption of Kilauea volcano 
(Hawai’i) with ALOS-1 SAR data, improvements of 
51.2%, 22.4% and 18.5% have been achieved for the 
derived east, north and up displacements, respectively, 
with respect to those derived from the classical Weighted 
Least Squares (WLS) method. Furthermore, the proposed 
SM-VCE method is also employed to estimate the 3-D 
deformations associated with the 2016 Central Tottori 
earthquake and the 2016 Kaiköura earthquake based on the 
ALOS-2 SAR data. Finally, we combine the ALOS-2 and 
Sentinel-1 SAR data to study the co-/post-seismic 
deformations associated with the 2017 Jiuzhaigou 
earthquake in China. 

1. INTRODUCTION

Interferometric Synthetic Aperture Radar (SAR, InSAR) 
has been widely confirmed to be successful in measuring 
surface deformation with the characteristics of all-weather 
and all-day active operation mode, high spatial resolution 
and high measurement accuracy [1-6]. However, we can 
retrieve only one-dimensional deformation along the line-
of-sight (LOS) direction with Differential InSAR 
(DInSAR) technique [7], yielding possible 
misinterpretation of geo-hazards which generally occur in 
three-dimensional (3-D) framework. With respect to the 
imaging geometries of the current SAR satellites, except 
for the polar region it is impossible to retrieve accurate 3-
D surface deformations from the DInSAR LOS 
measurements even though they are acquired from 
different platforms or tracks [8].  
To overcome this shortcoming of the DInSAR LOS 
measurements, Pixel Offset-Tracking (POT) and Multi-
Aperture InSAR (MAI) techniques had been proposed to 
estimate surface deformation along the azimuth (AZI) 
direction, respectively [9, 10]. The former is based on the 
co-registration offsets of SAR images while the latter 
exploits the phase differences between the split-beam 
interferograms. By integrating cross-heading (i.e., 
ascending and descending) DInSAR LOS and/or 
POT/MAI AZI measurements, complete 3-D deformation 
fields caused by such as earthquake[11], volcanic eruption 
[12], glacier movement [13] and landslide [14] can thus be 
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retrieved with a linear inversion method (e.g., Weighted 
Least Square (WLS) algorithm).  
In addition, sparse 3-D measurements provided by GPS 
technique can also be employed to aid DInSAR LOS 
measurements for retrieving 3-D deformation fields [15, 
16]. This is extremely grateful with respect to the 
complementary natures of these two techniques in the 
aspects of spatial resolution and measuring accuracy. Due 
to the quite low spatial resolution of GPS sites, the GPS 
measurements are commonly interpolated into the same 
lattice of the DInSAR measurements before they are 
integrated [17].  
In the aforementioned researches, 3-D deformations are 
generally resolved on a pixel-by-pixel basis, thus ignoring 
the spatial correlation of ground deformations among the 
adjacent points. This is however reasonless according to 
the elastic deformation theory [18]. In order to exploit the 
spatial correlation of the adjacent points’ deformations, 
Guglielmino, et al. [19] proposed the Simultaneous and 
Integrated Strain Tensor Estimation From Geodetic and 
Satellite Deformation Measurements (SISTEM) method to 
combine InSAR and GPS measurements based on the 
Strain Model (SM), which can retrieve 3-D deformations 
as well as the strain parameters, and does not require the 
interpolation of sparse GPS measurements. Considering 
that the GPS sites are not always available in the interested 
area, Wang, et al. [17] proposed to extend the SISTEM 
method in the area without GPS by involving the DInSAR 
LOS and POT/MAI AZI measurements into the calculation. 
By incorporating the SM, the spatial correlation of the 
adjacent points' deformations is taken into account, and 
therefore quite more observations can be provided for the 
point of interest compared to the pixel-by-pixel based 
methods. 
With respect to so various kinds of measurements are 
involved in the estimating of 3-D deformations, it is of 
great significance to determine the exact weights for each 
kind of measurements [20]. In order to achieve the purpose, 
most of the existing studies used a moving window to 
estimate the a priori variances of the DInSAR, POT/MAI 
or GPS derived deformations on a pixel-by-pixel basis [21]. 
This method assumes that the observations have the 
characteristic of ergodicity within a limited range, which 
however can not be satisfied in the reality. Hu, et al. [20] 
introduced the variance component estimation (VCE) 
algorithm into the fusion of multi-temporal DInSAR and 
GPS measurements for estimating their posteriori 
variances. It had been demonstrated that the VCE method 
can determine accurate weights for each type of 
measurements without the ergodicity hypothesis. However, 
since the performance of the VCE algorithm depends on 
the redundancy of observations, under the pixel-by-pixel 
basis this condition can only be satisfied by providing large 
amount of InSAR observations in time series. Therefore, 
only the 3-D average velocities associated with long-term 
deformations can be expected [22]. 
In this project, we first propose to introduce the strain 
model into the InSAR observation model, and to construct 
a mathematical-physical model of InSAR measurements, 
so that to provide high-precision 3D surface displacements 
and strain characteristics [23]. Furthermore, the correlation 
point selection strategy is optimized by introducing the 
adaptive correlation distance. The proposed method is 
applied to the 2015 Murghab earthquake to build high-
precision co-seismic 3D surface deformation field and 

strain features in the seismic zone, which provide 
fundamental information for further studies on source 
parameters and fault geometry kinematics. Then, by 
combining the advantages of the SM in providing large 
amount of observations and the VCE algorithm in 
determining accurate weights, we propose in this project a 
InSAR-based method termed as SM-VCE to generate 
accurate 3-D deformations for geo-hazards even though 
they are occurred in a transient or short-term period (e.g., 
earthquake and volcanic eruption) [24]. A linear 
relationship between spatial-correlated InSAR 
measurements (including DInSAR LOS and POT/MAI 
AZI measurements) and 3-D deformations as well as strain 
parameters is firstly constructed based on the SM. By 
dividing the spatial-correlated InSAR measurements into 
different groups according to their characters, the VCE 
algorithm is then used to derive the accurate weights of 
each group of InSAR measurements. On the purpose of 
validation, the SM-VCE method would be firstly used to 
measure 3-D deformations from a simulated data, and then 
applied to re-construct the 3-D deformation fields 
associated with the 2007 Eruption of Kilauea volcano, 
Hawai’i [24], the 2016 Central Tottori earthquake [25], and 
the 2016 Kaiköura earthquake [26] by using the cross-
heading ALOS PALSAR or ALOS-2 PALSAR-2 data. 

2. RESEARCH METHODS AND RESULTS 

2.1. Mapping three-dimensional co-seismic surface 
deformations associated with 2015 Mw 7.2 Murghab 
earthquake based on InSAR and characteristics of 
crustal strain 

2.1.1 An optimized Methodology for mapping the 3D 
coseismic deformation field 

2.1.1.1 Model construction  
The conventional differential InSAR (D-InSAR) 
measurements is limited to LOS direction, but the Offset-
Tracking [9] (OFT) and the Multi-Aperture InSAR 
Technology [10] can acquire the Azimuthal Observation 
(AZO). By combining ascending/descending LOS and 
AZO measurements, we can generate the 3D deformation 
components of the displacements with the Weighted Least 
Squares (WLS) adjustment. When defining the ascending 
and descending InSAR deformation as 
[𝐷𝐷𝑎𝑎𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿]𝛵𝛵 , the relationship between the 
observation components and the unknown 3-D 
displacement components[𝑑𝑑𝑑𝑑 ,𝑑𝑑𝑛𝑛,𝑑𝑑𝑢𝑢]𝛵𝛵can be constructed 
[3] as follow: 
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where 𝜃𝜃and 𝛼𝛼 are the incidence and azimuth angles of the 
SAR imaging system, and the subscripts 𝑎𝑎𝑎𝑎  and 𝑑𝑑𝑑𝑑𝑎𝑎 
denote ascending and descending orbits, respectively.  
Basically, the tectonic activities such as faults, earthquakes 
and volcanoes are the comprehensive embodiment of the 
dynamic process from earth interior to the surface which 
affected by the crustal strains. Under the hypothesis of 382



infinitesimal and homogeneous strain, for arbitrary point 
𝑃𝑃with position [𝑑𝑑0𝑑𝑑 ,𝑑𝑑0𝑛𝑛,𝑑𝑑0𝑢𝑢]𝛵𝛵 and𝑁𝑁 surrounding Relevant 
Points ( 𝑅𝑅𝑃𝑃𝑎𝑎 ) with position 𝑑𝑑𝑖𝑖 = [𝑑𝑑𝑖𝑖𝑑𝑑 ,𝑑𝑑𝑖𝑖𝑛𝑛,𝑑𝑑𝑖𝑖𝑢𝑢]𝛵𝛵 , (𝑖𝑖 =
1,2,⋯ ,𝑛𝑛)  and displacements [𝛥𝛥𝑥𝑥𝑖𝑖 ,𝛥𝛥𝑦𝑦𝑖𝑖 ,𝛥𝛥𝑧𝑧𝑖𝑖]𝛵𝛵 , the 
connection of point 𝑃𝑃 and 𝑅𝑅𝑃𝑃𝑎𝑎 can be modeled by the 
Displacement-Strain equation [27]： 

�
𝑑𝑑𝑖𝑖𝑑𝑑

𝑑𝑑𝑖𝑖𝑛𝑛

𝑑𝑑𝑖𝑖𝑢𝑢
� = 𝐻𝐻 ⋅ �

𝛥𝛥𝑥𝑥𝑖𝑖
𝛥𝛥𝑦𝑦𝑖𝑖
𝛥𝛥𝑧𝑧𝑖𝑖

� + �
𝑑𝑑0𝑑𝑑
𝑑𝑑0𝑛𝑛
𝑑𝑑0𝑢𝑢
� (2) 

with  

𝐻𝐻 = 𝐸𝐸 + 𝑄𝑄 = �
𝜀𝜀11 𝜀𝜀12 𝜀𝜀13
𝜀𝜀21 𝜀𝜀22 𝜀𝜀23
𝜀𝜀31 𝜀𝜀32 𝜀𝜀33

� + �
0 −𝜔𝜔3 𝜔𝜔2
𝜔𝜔3 0 −𝜔𝜔1
−𝜔𝜔2 𝜔𝜔1 0

� =

�
𝜀𝜀11 𝜀𝜀12 − 𝜔𝜔3 𝜀𝜀13 + 𝜔𝜔2

𝜀𝜀21 + 𝜔𝜔3 𝜀𝜀22 𝜀𝜀23 − 𝜔𝜔1
𝜀𝜀31 − 𝜔𝜔2 𝜀𝜀32 + 𝜔𝜔1 𝜀𝜀33

�(3) 

The symmetric (𝐸𝐸) and anti-symmetric (𝑄𝑄) describe three 
kinds of strain, which𝐸𝐸is correspond to the dilatation strain 
and shear strain, and 𝑄𝑄is the rotation tensor matrix of rigid 
body.  
Then we constructed a model of InSAR measurements, 3D 
displacements and the crustal strain characteristics, the 
method is therefore supposed to resolve 3D coseismic 
deformation of point 𝑃𝑃 from combining the 
ascending/descending LOS and AZO of 𝑁𝑁 𝑅𝑅𝑃𝑃𝑎𝑎 without any 
initial 3D intermedium. 
𝐴𝐴

4𝑁𝑁×3𝑁𝑁
⋅ 𝐵𝐵
3𝑁𝑁×12

⋅ 𝑋𝑋
12×1

= 𝐷𝐷
4𝑁𝑁×1

+ 𝑉𝑉
4𝑁𝑁×1

                                 (4) 
with 
𝐴𝐴

4𝑁𝑁×3𝑁𝑁
=

⎣
⎢
⎢
⎢
⎢
⎡ −𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −

3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛(𝜃𝜃𝑎𝑎𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 − 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛( 𝜃𝜃𝑎𝑎𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 𝑐𝑐𝑐𝑐𝑎𝑎( 𝜃𝜃𝑎𝑎𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁

− 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛(𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 − 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛( 𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 𝑐𝑐𝑐𝑐𝑎𝑎( 𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁
− 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −

3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 0

−𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 0 ⎦
⎥
⎥
⎥
⎥
⎤

  

(5) 
𝐵𝐵

3𝑁𝑁×12
=

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
1 0 0 𝛥𝛥𝑥𝑥1 𝛥𝛥𝑦𝑦1 𝛥𝛥𝑧𝑧1 0 0 0 0 𝛥𝛥𝑧𝑧1 −𝛥𝛥𝑦𝑦1
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
1 0 0 𝛥𝛥𝑥𝑥𝑁𝑁 𝛥𝛥𝑦𝑦𝑁𝑁 𝛥𝛥𝑧𝑧𝑁𝑁 0 0 0 0 𝛥𝛥𝑧𝑧𝑁𝑁 −𝛥𝛥𝑦𝑦𝑁𝑁
0 1 0 0 𝛥𝛥𝑥𝑥1 0 𝛥𝛥𝑦𝑦1 𝛥𝛥𝑧𝑧1 0 −𝛥𝛥𝑧𝑧1 0 𝛥𝛥𝑥𝑥1
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
0 1 0 0 𝛥𝛥𝑥𝑥𝑁𝑁 0 𝛥𝛥𝑦𝑦𝑁𝑁 𝛥𝛥𝑧𝑧𝑁𝑁 0 −𝛥𝛥𝑧𝑧𝑁𝑁 0 𝛥𝛥𝑥𝑥𝑁𝑁
0 0 1 0 0 𝛥𝛥𝑥𝑥1 0 𝛥𝛥𝑦𝑦1 𝛥𝛥𝑧𝑧1 𝛥𝛥𝑦𝑦1 −𝛥𝛥𝑥𝑥1 0
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
0 0 1 0 0 𝛥𝛥𝑥𝑥𝑁𝑁 0 𝛥𝛥𝑦𝑦𝑁𝑁 𝛥𝛥𝑧𝑧𝑁𝑁 𝛥𝛥𝑦𝑦𝑁𝑁 −𝛥𝛥𝑥𝑥𝑁𝑁 0 ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

     

   (6) 
𝑋𝑋 = [𝑑𝑑0𝑑𝑑,𝑑𝑑0𝑛𝑛 ,𝑑𝑑0𝑢𝑢, 𝜀𝜀11, 𝜀𝜀12, 𝜀𝜀13, 𝜀𝜀22, 𝜀𝜀23, 𝜀𝜀33,𝜔𝜔1,𝜔𝜔2,𝜔𝜔3]𝛵𝛵 (7) 
𝐷𝐷 =
�𝐷𝐷𝑎𝑎𝑎𝑎,1

𝐿𝐿𝐿𝐿𝐿𝐿,𝐷𝐷𝑎𝑎𝑎𝑎,2
𝐿𝐿𝐿𝐿𝐿𝐿,⋯𝐷𝐷𝑎𝑎𝑎𝑎,𝑁𝑁

𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,1
𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,2

𝐿𝐿𝐿𝐿𝐿𝐿 ,⋯𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,𝑁𝑁
𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑎𝑎𝑎𝑎,1

𝐴𝐴𝐴𝐴𝐿𝐿,𝐷𝐷𝑎𝑎𝑎𝑎,2
𝐴𝐴𝐴𝐴𝐿𝐿 ,⋯𝐷𝐷𝑎𝑎𝑎𝑎,𝑁𝑁

𝐴𝐴𝐴𝐴𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,1
𝐴𝐴𝐴𝐴𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,2

𝐴𝐴𝐴𝐴𝐿𝐿 ,⋯𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,𝑁𝑁
𝐴𝐴𝐴𝐴𝐿𝐿 �𝑇𝑇 

(8) 
Where 𝐴𝐴 ⋅ 𝐵𝐵 is the coefficient matrix, 𝐼𝐼𝑁𝑁  is 𝑁𝑁  identity 
matrix. 𝐷𝐷 and 𝑉𝑉 are ascending/descending LOS and 
azimuth observation and its residual vectors at 𝑅𝑅𝑃𝑃𝑎𝑎 , 
respectively. The unknown vector 𝑋𝑋 consists of 12 
parameters: the first 3 parameter represent 3D 
displacement component to the arbitrary point P, while the 
last 9 parameters refer to the corresponding strain crustal 
component. 𝑋𝑋can be estimated using the WLS method: 
𝑋𝑋� = [𝐶𝐶𝛵𝛵𝑊𝑊𝐶𝐶]−1𝐶𝐶𝛵𝛵𝑊𝑊𝐷𝐷                                  (9) 
Where𝐶𝐶 = 𝐴𝐴 ⋅ 𝐵𝐵, 𝑊𝑊is 4𝑁𝑁 × 4𝑁𝑁 weighting matrix which is 
determined by using experimental variogram expressed by 
Eq. (15), the covariance matrix is given as 
𝑄𝑄 = [𝐶𝐶𝛵𝛵𝑊𝑊𝐶𝐶]−1                                     (10) 
Let 𝜎𝜎0 be the standard error of unit weight of InSAR 
observation, the accuracy of 3D deformation can be 
estimated by 
𝜎𝜎𝑋𝑋 = 𝜎𝜎0�𝑄𝑄                                      (11) 

In addition， this methodology provides the 3-D strain 
field by last 9 strain tensor of vector 𝑋𝑋 ,the dilatation 𝜎𝜎 , 
differential rotation magnitude 𝛺𝛺 and the maximum shear 
strain 𝑀𝑀 are is given by the following expression, 
respectively [19]: 
𝜎𝜎 = 𝜀𝜀11+𝜀𝜀22+𝜀𝜀33

3
                                  (12) 

𝑀𝑀 = 𝛬𝛬1 − 𝛬𝛬3                                    (13) 
𝛺𝛺 = 𝜔𝜔12 + 𝜔𝜔2

2 + 𝜔𝜔3
2                                  (14) 

where 𝛬𝛬1 and 𝛬𝛬3 are the largest and smallest eigenvalue of 
the strain tensor matrix 𝐸𝐸, respectively. 
2.1.1.2 Selection of Relevant Points from SAR 
Displacements 
In the process of 3D deformation estimation combining 
strain characteristics with InSAR monitoring, the crucial 
step is to search 𝑅𝑅𝑃𝑃𝑎𝑎 of point 𝑃𝑃 in the InSAR observations. 
InSAR-DGT method identifies𝑅𝑅𝑃𝑃𝑎𝑎with a constant relevant 
distance in the initial 3D ground displacements, so as to 
improve the 3D coseismic deformation field [17]. In this 
project, the relevant point search strategy is optimized by 
selecting the correlation points directly in the InSAR 
observations, and setting the relative distance to be 
adaptive. 
The experimental variogram is first applied to calculate the 
spatial correlation distance in the area far away from the 
epicenter of LOS and AZO displacements, which is 
considered as the zero-deforming zone and the spatial 
correlation is merely related to the distance. It is defined as 
follows [28]: 

𝐶𝐶(ℎ) = 𝐶𝐶0 ⋅ 𝑑𝑑
−ℎ𝑠𝑠                                    (15) 

where 𝐶𝐶(ℎ) andℎare the covariance function and distance 
between the two pixels, respectively. 𝐶𝐶0 and 𝑎𝑎 are 
undetermined coefficient expressing the variance and the 
relative distance. the relative distance 𝑎𝑎𝑎𝑎𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿,𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿,𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 and 
𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿  can be fitted by a nonlinear model in far-field of 
ascending/descending LOS and AZO displacements, the 
averaged relevant distance𝑎𝑎0 and the adaptive correlation 
distance 𝑎𝑎 is defined through the comprehensive 
consideration of the efficiency and rationality. 

𝑎𝑎0 =
�𝑎𝑎𝑎𝑎𝑠𝑠𝐿𝐿𝐿𝐿𝐿𝐿+𝑎𝑎𝑎𝑎𝑠𝑠𝐴𝐴𝐴𝐴𝐿𝐿+𝑎𝑎𝑑𝑑𝑑𝑑𝑠𝑠

𝐿𝐿𝐿𝐿𝐿𝐿+𝑎𝑎𝑑𝑑𝑑𝑑𝑠𝑠
𝐴𝐴𝐴𝐴𝐿𝐿�

4
                            (16) 

𝑎𝑎 ∈ [𝑎𝑎0,𝑀𝑀𝑎𝑎𝑥𝑥[𝑎𝑎𝑎𝑎𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 , 𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿 , 𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿, 𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿]]                          (17) 
We take the averaged relative distance 𝑎𝑎0 as the initial 
relative distance𝑎𝑎 = 𝑎𝑎0 , choose those surrounding points 
which the distance between point 𝑃𝑃and them is less than 𝑎𝑎 
and the coherence for both ascending and descending cases 
is higher than a certain threshold (i.e. 𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎 ≥
𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑and 𝐶𝐶𝑐𝑐ℎ𝑑𝑑𝑑𝑑𝑎𝑎 ≥ 𝐶𝐶𝑐𝑐ℎ𝑑𝑑𝑑𝑑𝑎𝑎𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑) as 𝑅𝑅𝑃𝑃𝑎𝑎candidate 
of 𝑃𝑃, the coherence threshold is mainly determined by the 
high-precision deformation field obtained by D-InSAR. 
Then the mean and standard deviation of displacement of 
the 𝑅𝑅𝑃𝑃𝑎𝑎  candidates are calculated, and those within the 
range of two times of standard deviations away from the 
mean value (the probability of confidence is 95.5%) are 
identified as the 𝑅𝑅𝑃𝑃𝑖𝑖(𝑖𝑖 = 1,2,⋯ ,𝑛𝑛). 
We emphasize that it can cause an ill-condition model for 
insufficient 𝑅𝑅𝑃𝑃, and it will inevitably lead to the unsolvable 
ill-condition model if the number of𝑅𝑅𝑃𝑃 is less than 12. 
Wang, et al. [17] discussed the relationship between the 3D 
deformation error and 𝑅𝑅𝑃𝑃𝑎𝑎 , which showed that the 
deviation decreased with the increase of the number of 𝑅𝑅𝑃𝑃𝑎𝑎, 
and decrement tends to be gentle after the number of 𝑅𝑅𝑃𝑃𝑎𝑎 
over than 200. Therefore, we improve the rank deficiency 
model by defining the quantitive threshold of related 
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points𝑁𝑁𝑅𝑅𝑅𝑅𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑  to be 200. if 𝑁𝑁𝑅𝑅𝑅𝑅 < 𝑁𝑁𝑅𝑅𝑅𝑅𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑 , self-
increase 𝑎𝑎 in the range of its definition is realized to enlarge 
the search range of the 𝑅𝑅𝑃𝑃𝑎𝑎until the number is satisfied. 
After obtaining the 𝑅𝑅𝑃𝑃𝑎𝑎 of point 𝑃𝑃 in sufficient quantities, 
the ascending/descending LOS and AZO displacements are 
integrated to derive the high-precision 3d deformation field 
and strain field by Eq. (4). Fig. 1 describes the inversion 
process of the methodology. 

 

Fig. 1 Flow diagram of methodology 

2.1.2 Resolving 3d coseismic deformation field of the 
2015 Murghab earthquake 

2.1.2.1 Tectonic Setting 

The 7 December 2015 Mw 7.2 Murghab earthquake 
occurred in the interior of the seismically active Pamir 
Plateau, which is part of the India-Asia collision zone and 
the five mountain systems in Asia including Himalaya 
Mountains, Karakorum Mountains and the Kunlun 
Mountains, Tianshan Mountains, Hindu Kush are gathered 
here. Under the continuous northward compression and 
nappe-thrusting of the India plate, the Pamirs syntaxis 
extend northward with protruding form, which results in 
the crustal shortening and thickening of the Pamirs and 
massive surface uplift of the block media near 5000 m. 
Seismology and geology research shows, absorbed by 
southward subduction of the Asian crust beneath Pamirs 
along the Main Pamir Thrust (MPT) Pamirs and the 
northward subduction of the Indian plate under Hindu 
Kush to the south, the structural evolution of the Cenozoic 
Pamir arc structural belt is mainly manifested as northward 
positive thrust and crustal shortening in the north, the right-
lateral and oblique thrusting of the eastern margin, the 
sinistral-transpressive of the western margin, and the uplift 
and extension of interior [29]. GPS monitoring indicate that 
the interior of the Pamirs consistently moves along the 
NNW direction at the rate about 3~20 mm/yr refer to the 
Eurasian plate, which is much lower than the rate of the 
Pamir tectonic belt accommodate to the Eurasia along the 
MPT [30]. 
The SKF fault is a NE orientation fault that extends from 
the Sarez Lake to the Karakul Lake in North Central Pamir, 
and stretch along the SW to the shear fracture the southern 
of Sarez–Murghab Thrust System (SMTS) [31]. Series of 
shallow seismicity of NE-SW trend occurred at the 

intersection of SKF and SMTS indicates that the fault 
mechanism consistent with the left-lateral slip of NE 
direction [32]. The 2015 Mw7.2 Murghab earthquake and 
its aftershock distribution indicate that this event was 
caused by the near vertical, sinistral strike-slip faulting on 
NE-trending, which has a similar magnitude and focal 
mechanism to the 1911 MW7.3 Sarez–Pamir earthquake 
[33]. 
Since the MW7.8 earthquake that occurred in the Kunlun 
mountain pass in 2001, several highly destructive 
earthquakes have occurred successively around the 
Himalaya - Tibet Plateau, such as the 2008 MW7.1 Yutian 
earthquake, 2014 MW 7.0 Yutian Earthquake, 2015 MW 
6.5 Pishan Earthquake and 2015 Murghab event that 
occurred on the northern margin; 2008 MW 7.9 Wenchuan 
Earthquake and 2013 MW 7.0 Lushan Earthquake to the 
east [29]; and 2015 Mw7.8 Nepal earthquake and series of 
aftershocks in the south. The frequent occurrence of strong 
earthquakes shows that the movement of the India plate 
northward compress to the Eurasian plate continually has 
an extremely strong influence on seismic activities of the 
Tibetan Plateau and its surrounding area, the study of the 
seismicity fault of this event has a great importance to 
reveal the Cenozoic evolution and internal deformation 
mechanism of active Pamir tectonic belt. 
2.1.2.2 InSAR Observations and Processing 
After the Murghab earthquake, we obtained four ALOS-2 
PALSAR images include two ascending images and two 
descending images (Fig. 2, Tab. 1) from the Japan 
Aerospace Exploration Agency (JAXA) to determine the 
surface deformation based on the principle of shorter 
space-time baseline. The ALOS-2 satellite is a multi-modal 
imaging land observation satellite that launched by JAXA 
in May 24, 2014, equipped with L band PALSAR-2 sensor, 
and revisit once every 14 days. It should be noted that the 
descending path operated with the ScanSAR mode, which 
is composed of five sub-swaths and covers an area of 350-
km wide. Compared with the C band SAR data, the longer 
wavelength L band data can maintain a higher coherence 
in the denser areas of the vegetation [34]. 

Tab. 1 Interferograms used in this study 

ID Track Sensor Mode Data Perp. Baseline(m) 

1 T163A PALSAR-2 StripMap 2015/07/27-
2015/12/28 11.96  

2 T57D PALSAR-2 ScanSAR 2015/12/02-
2016/01/13 89.15  

 

Fig. 2 The topographic map of study region. The green 
box on the left is the ascending and descending ALOS-
2 data coverage, the Red Star shows the epicentre 
location. The round point of the right map corresponds 
to the aftershock distribution of the Murghab 
earthquake (http://www.isc.ac.uk/). The black line 
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indicates the fault trend (SMT: Sarez–Murghab Thrust 
System, TTS: Tanymas fault, SKF: Sarez-Karakul 
fault) 

All interferograms were generated from the PALSAR 
level1.1 images with two-pass differential InSAR method 
[35]. SLC image pairs were registered and resampled, and 
the multi-look processing of the ascending and descending 
interferogram was proposed respectively, in order to 
reduce the influence of interferogram noise as much as 
possible. Effects of topography were removed from the 
interferograms using 30 resolution Shuttle Radar 
Topography Mission (SRTM) digital elevation model 
(DEM). The interferograms were then filtered using an 
improved Goldstein filtering [36] to reduce the effects of 
phase noise, and the unwrapped effects with the branch cut 
method. The unwrapped InSAR phase was detrended by 
removing a polynomial ramp estimated from far-field LOS 
displacements for each track to account for possible orbital 
errors [37]. The interferograms were finally geocoded to 
the WGS84 geographic coordinates to obtain coseismic 
deformation field of 2015 Murghab earthquake (Fig. 3a-b). 
Fig. 3a-b clearly reflect the distribution characteristics and 
seismic rupture trace of the coseismic deformation field of 
the Murghab earthquake. Interference fringe take the SKF 
on NNE-trending as the center, the denser fringe intensity 
and greater deformation gradient with a closer distance to 
the fault, which indicates that the SKF is the seismogenic 
fault. The densest fringe is ~30 km away from the epicenter 
in the northeast of the rupture zone, where suffered the 
most disastrous damage in this event. Broken and jump 
interference fringes near the SKF is mainly caused by the 
severe ground deformation. From the map of ascending 
LOS displacements (Fig. 3a), the ascending interferometry 
fringes is roughly symmetrical on both sides of the SKF in 
a region about 65 km * 65 km, where the maximum LOS 
displacement in ascending T163A on the northern and 
southern parts are 59 cm and 70.8 cm, respectively. The 
deformation map of the descending T57D has a larger 
deformation range, four fringes (about 47.2 cm away from 
the satellite) and six fringes (about 70.8 cm toward the 
sensor) can be observed on the northern and southern walls, 
respectively (Fig. 3b).  
We extracted the AZO displacements both ascending and 
descending cases through the OFT processing, the image 
matching window was set to 64 × 192 (range×Azimuth), 
and the over sampling factor was 2. Effects of orbit were 
removed from offset by eliminating a polynomial ramp 
fitted from far-field AZO displacements. The ionospheric 
fringe induced by long wavelengths was corrected by the 
method of azimuth filtering and interpolation [38]. 
As shown in Fig. 3c-d, the azimuth deformation field 
reveals the genuine trace of the rupture, which is basically 
consistent with the LOS measurement along SKF. The 
obvious ascending displacements can be observed on both 
the northwest side and the southeast side, which range 
between -101.5 cm and 82.7 cm. The most significant AZO 
descending displacements with a maximum value of 185.7 
cm (toward flight direction) and 213.5 cm (against flight 
direction). The seismogenic fault characteristics present a 
sinistral movement that NW plate moving to the west and 
SE plate moving to the east. It should be pointed out that 
AZO displacement is more sensitive to rupture trace due to 
the intensity tracking used in OFT method. Combining the 
displacements of ascending/descending LOS and azimuth 

direction, a comprehensive analysis of the coseismic 
deformation field of the 2015 Murghab earthquake is 
conducted, indicates that the seismogenic fault SKF is 
dominated by the NE-SW trending strike slip with almost 
vertical dip angle. 

 

Fig. 3 The coseismic deformation field of the Murghab 
earthquake in LOS direction (left) and AZO direction 
(right). (a) and (b) are the re-wrapped LOS 
displacements derived from the ascending and 
descending pairs, respectively, in which one fringe 
represents the LOS displacements of 11.8 cm. (c) and 
(d) are for the AT displacements derived from the 
ascending and descending pairs, respectively, 

2.1.2.3 Results and discussion 
In order to intuitively analyze the impact of 2015 Murghab 
earthquakes, we use the WLS method, InSAR-DGT 
method and the new method to calculate the coseismic 3D 
deformation field of this event. The coherence threshold 
0.8 was used to mask the deformation field in the process 
of calculation, defined the number of threshold points as 
200 [17] and the coherent distance 𝑎𝑎0 = 2.7𝑘𝑘𝑘𝑘 , 𝑎𝑎 ∈
[2.7,4.03]km to select the 𝑅𝑅𝑃𝑃 by pixel. 

Tab. 2 Residual comparison of Murghab seismic 
displacement  

 
Mean（cm） RMSEs（cm） 

E-W N-S U-D E-W N-S U-D 

WLS  2.95 5.38 1.23 7.56 8.25 6.98 

New 0.49 0.51 0.33 3.61 4.98 4.00 
Improved 
percentage 

83.4
% 

90.5
% 

73.2
% 

52.2
% 

39.6
% 

42.7
% 
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Fig. 4 The E-W (left), N-S (middle) and vertical (right) 
coseismic deformation fields of the Murghab 
earthquake. (a) - (c) WLS method; (d) - (f) InSAR-DGT 
method; (g) - (I) New method. The dashed black lines 
denote three fault section A-A’ ,B-B’ 和 C-C’ are 
depicted in Figure10. The black rectangle marks far-
field areas for residual comparison. Two dashed black 
ellipse (I,II) mark large incoherent region. 
Fig. 4 shows the results of the 3D coseismic deformation 
fields of the Murghab earthquake resolved by WLS, 
InSAR-DGT and New method. It can be seen from the Fig. 
4a-c that there are many irrelevant holes in the 3D 
deformation field obtained by WLS method, especially in 
the vicinity of epicenter and fault, which is unfavorable for 
seismic interpretation and analysis. There are several 
remaining holes in the results obtained by the InSAR-DGT 
method, which mainly focus on two areas with larger 
incoherence: the I area is the snow-covered far-field in the 
northwest, and the II area is located in the northeast of the 
epicenter along fault. In addition, the InSAR-DGT method 
adopts the invariant coherence distance threshold, the 
abnormal value which is contrary to the overall 
deformation trend appears at the edge of the empties 
(marked by the dashed black ellipse in Fig. 4d-f). Basically 
consistent 3D deformation trend obtained by the three 
methods shows dislocation along the opposite direction of 
the fault. But it is obvious that the vertical deformation 
obtained by the InSAR-DGT method is on the low side 
compared to the other two, because the local high-
frequency information in the final 3D deformation field is 
removed to a certain extent, due to the excessive 
smoothness for the initial 3D deformation. Under the 
constraint of spatial correlation and ground strain vector, 
the new method obtains effective and reliable surface 3D 
surface information not only in the region of the continuous 
displacement gradient, but also in the case of the complex 
deformation near seismogenic fault (Fig. 4g-i).  

In this project, two far-field regions are selected for error 
analysis. Assuming that the far-field deformation is zero, 
the Mean and RMSEs corresponding to the three-
dimensional deformation field in those area are calculated 
and showed in Tab. 2. Comparing to the RMSEs obtained 
from WLS method (7.56 cm, 8.25 cm and 6.98 cm) and 
new method (3.61 cm, 4.98 cm and 4 cm) in E-W, N-S and 
U-D, the accuracy of the new method is improved by 
52.2%, 39.6% and 42.7% than that of WLS method. 
Meanwhile, the results of mean also decreased from 0.49 
cm, 5.38 cm and 1.23 cm to 0.49 cm, 0.51 cm and 0.33 cm, 
and the improvement degree reached 83.4%, 90.5% and 
73.2%. In addition, the RMSEs of InSAR-DGT method 
(3.92 cm, 4.76 cm and 4.25 cm) is extremely similar to the 
new case in the far-field without the influence of the 
incoherence factor, which further proves the rationality of 
the method in this project. We can also see from Tab. 2 that 
the deformation accuracy of the N-S direction is the worst 
compared with others, which is due to the geometric 
attitude of satellite imaging. The sensitivity of the D-
InSAR observations to the 3-D deformation components 
from high to low is vertical component, E-W component 
and N-S component. And the N-S component mainly 
depend on the azimuth deformation field obtained by the 
poor-precision OFT technology. 
The E-W deformation field (Fig. 4g) shows that there is a 
deformation center in the Southeastern wall near the fault, 
and the eastward maximum deformation is about 78.8 cm. 
two westward movement centers appeared in large-scale 
northwest wall with maximum is up to 79.4 cm. The N-S 
displacement of the Murghab earthquake (Fig. 4h) which 
characterizes a significant sinistral slip is far greater than 
the E-W and vertical components, the maximum 
deformation of southward northwest plate and northward 
southeast plate reach the peak to 122.6 cm and 106.1 cm, 
respectively. Deformation characteristics in vertical 
direction (Fig. 4i) is similar to the E-W, the surface of the 
southeastern wall was uplifted to 34.6 cm along fault zone. 
The overall subsidence in the NW plate formed two 
subsidence centers, which maximum settlement value is 
about 50.3 cm,  
The 2015 Murghab earthquake took the SKF fracture as the 
center of the surface rupture, showing a clear left-hand slip 
and can be divided into three segments from the north to 
south. In order to explore the across-fault deformation 
characteristics of the different segments of the seismogenic 
faults, three sections are constructed and further analyzed 
(Fig. 5). 
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Fig. 5 A-A '(left), B-B' (middle) and C-C '(right) 
deformation section, (a-c) E-W; (d-f) N-S; (g-i) U-D. 
The blue point and the orange point correspond to the 
profile deformation values of the WLS and the new 
method respectively. The brown area is the fault 
location. 

From the fault section deformation field (Fig. 5), we can 
see that the largest deformation of the earthquake already 
occurred near the fault, the three sections showed typical 
coseismic deformation characteristics for continuous 
deformation and obvious dislocation of the near-field 
surface. There is a fast decay rate on both sides of the fault 
with symmetrical displacement in A-A 'section, and the 
surface subsidence of the north wall is far greater than the 
uplift of the south wall. Northwest plate deformation of the 
middle section B-B’ is far less than the southeast with 
obvious deformation gradient. The southern section C-C 
'profile shows that there is a deformation center of the 
westward movement in the northwest wall about 2.7 km 
away from the fault. The southwest surface of the fault 
moves westward along with the subsidence, indicates that 
the Surface medium is not completely separated. And the 
deformation gradient in the N-S direction decreases greatly 
toward the far-field. The Murghab earthquake is an obvious 
strike slip earthquake, and the deformation component of 
vertical direction is less than the horizontal. 
The coseismic 3D deformation in near-field area (Fig. 6) 
shows that the 2015 Murghab earthquake is dominated by 
the left lateral strike slip, which is almost identical in 
magnitude and dislocation to both two walls, indicating 
that the fault dip angle is almost vertical. The stress 
concentrate on the southeast and extend to the northwest, 
the uplift and subsidence of the surface medium occur 
correspondingly. According to subtle differences of the 
fault strike and surface deformation, the seismic faults can 
be divided into three sections: the northern section shows 
obvious strike slip, and the surface has obvious dislocation 
and rupture. The uplift surface of the middle segment with 
sinistral strike-slip and thrust movement is subjected to the 
thrusting of the northern block. There is no evidently 
relative dislocation on the surface of the southern section, 
which is relatively stable with respect to the previous two. 
However, there are some slightly extensive subsidence in 
the northwest plate, and the concrete causes still needs 
further analysis with the geological data. 

 

Fig. 6 Near-field 3D coseismic deformation of the 
Murghab earthquake. The colors and arrows represent 
the vertical and horizontal deformation vectors, 
respectively. The white line mark the location of the 
SKF fault 

We emphasize that another important issue of the 
methodology in this project is to provide strain parameters 
of 2015 Murghab earthquake by Eq. (12-14): the dilatation 
strain component, the differential rotation magnitude, and 
the maximum shear strain component (see Fig. 7). Fig. 7a 
shows the dilatation strain component. The implicit far-
field strain in the seismic area tends to zero value, 
indicating that the far-field block is stable, and the 
influence of crustal tectonic stress extrusion is relatively 
small. The expansion value at the fault is positive and 
reached the peak about 1×10-2, it shows a clear three 
segment stretching movement from north to south. And 
under the extrusion of the SKF fault, the dilatation strain of 
the near-field is mainly contraction, and runs up to the 
extreme value in the south side near the epicenter. The 
high-value area of differential rotation magnitude (Fig. 7b) 
is mainly distributed in the middle and southern section of 
the fault, with the maximum 2× 10-4 in the southern 
segment close to the epicenter with a strong rotation and 
active tectonic. In addition, the spatial distribution 
characteristics of the differential rotating components are 
well correlated with the clockwise horizontal displacement, 
especially near the epicenter. The maximum shear strain 
component (Fig. 7c) is similar to dilatation in the spatial 
distribution, increases gradually from the far-field to near-
field and achieve the maximum value of 4 * 10-2 at the SKF 
with strong tectonic activity, suggestes the sharp fault zone 
and near-field and the weak far-field. 
The strain distribution of 2015 Murghab earthquake is 
mainly concentrated on the SKF fault and its surrounding 
area, indicates that the strain energy accumulated from the 
SKF in Murghab area can be released. As a whole, the 
seismic area is affected by the obvious dilatation strain and 
shear strain, the high-value area of the rotation force is 
mainly located in the south part of the fault near the 
epicenter, which is consistent with the characteristics of the 
surface deformation movement dominated by the left 
lateral strike slip. The extreme value of the strain field 
achieved at the SKF in the northeast of the epicenter, where 
serious incoherence occurred in the D-InSAR deformation 
field due to excessive surface breakage. There are still 
several empties both appeared in the 3D deformation field 
that calculated by WLS method and InSAR-DGT method, 
thus the strain obtained by the above two methods will lead 
to the disappreciation. 

 

Fig. 7 the strain field of the Murghab earthquake. (a) 
Dilatation strain component; (b) Differential rotation 
magnitude; (c) Maximum shear strain component. 
Three strain field components are all dimensionless 
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2.2.1 Methodology 

In this section, we will firstly introduce the method of 
applying the SM to establish the relationship between the 
3-D deformation components of the interested point and 
the InSAR measurements of the surrounding points. Based 
on the observation function established from the SM, the 
VCE algorithm is then presented to derive the exact 
weights of different type of InSAR measurements, and 
finally to produce the optimal 3-D surface deformations. 
2.2.1.1 Establishing the observation function based on 
the SM 
Assuming that two pairs of SAR images are acquired from 
ascending and descending tracks upon the same area, we 
can use the DInSAR and MAI/POT methods to produce 
four deformation components of this area along the 
ascending LOS, ascending AZI, descending LOS and 
descending AZI directions, respectively. 
Based on the SM, a portion of Earth’s surface, deformed 
by a geodynamic process (e.g., intrusion of magma or 
activity of fault), can be considered as a homogeneous 
strain field [19]. We suppose that a point of interest 𝑃𝑃0 , 
characterized by the position components 𝑥𝑥0 = �𝑥𝑥𝑑𝑑(0)  
x𝑛𝑛(0)  x𝑢𝑢(0)�𝑇𝑇  and the 3-D deformation components𝑑𝑑0 =
[𝑑𝑑𝑑𝑑(0) 𝑑𝑑𝑛𝑛(0) 𝑑𝑑𝑢𝑢(0)]𝑇𝑇, is surrounded by K points 𝑃𝑃𝑖𝑖  (𝑖𝑖 =
1. .𝐾𝐾) in a window with a fixed size (e.g., 450 m×450 m), 
whose the position and 3-D deformation components are 
𝑥𝑥𝑖𝑖 = �𝑥𝑥𝑑𝑑(𝑖𝑖)  x𝑛𝑛(𝑖𝑖)  x𝑢𝑢(𝑖𝑖)�𝑇𝑇 and 𝑑𝑑𝑖𝑖 = [𝑑𝑑𝑑𝑑(𝑖𝑖) 𝑑𝑑𝑛𝑛(𝑖𝑖) 𝑑𝑑𝑢𝑢(𝑖𝑖)] , 
respectively. Superscripts e, n, u denote east, north and up 
components, respectively. According to the SM [18], the 
relationship between the deformation components 𝑑𝑑0  of 
the interested point 𝑃𝑃0  and the deformation components 
𝑑𝑑𝑖𝑖of the surrounding point 𝑃𝑃𝑖𝑖  can be modeled as 
𝑑𝑑𝑖𝑖 = 𝐻𝐻 ⋅ Δ𝑖𝑖 + 𝑑𝑑0                               (18) 
where Δ𝑖𝑖 = [Δ𝑥𝑥𝑑𝑑(𝑖𝑖) Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖)]𝑇𝑇 , and Δ𝑥𝑥𝑑𝑑(𝑖𝑖) =
𝑥𝑥𝑑𝑑(𝑖𝑖) − 𝑥𝑥𝑑𝑑(0),Δ𝑥𝑥𝑛𝑛(𝑖𝑖) = 𝑥𝑥𝑛𝑛(𝑖𝑖) − 𝑥𝑥𝑛𝑛(0),Δ𝑥𝑥𝑢𝑢(𝑖𝑖) = 𝑥𝑥𝑢𝑢(𝑖𝑖) −
𝑥𝑥𝑢𝑢(0) denote the coordinate-increment vectors between the 
points 𝑃𝑃0 and 𝑃𝑃𝑖𝑖 . 𝐻𝐻 is the strain parameter matrix, which 
can be divided into a symmetric and an anti-symmetric 
parts [39] 

𝐻𝐻 = 𝐸𝐸 + 𝑅𝑅 = �
𝜉𝜉11 𝜉𝜉12 𝜉𝜉13
𝜉𝜉12 𝜉𝜉22 𝜉𝜉23
𝜉𝜉13 𝜉𝜉23 𝜉𝜉33

� + �
0 −𝜔𝜔3 𝜔𝜔2
𝜔𝜔3 0 −𝜔𝜔1
−𝜔𝜔2 𝜔𝜔1 0

� =

�
𝜉𝜉11 𝜉𝜉12 − 𝜔𝜔3 𝜉𝜉13 + 𝜔𝜔2

𝜉𝜉12 + 𝜔𝜔3 𝜉𝜉22 𝜉𝜉23 − 𝜔𝜔1
𝜉𝜉13 − 𝜔𝜔2 𝜉𝜉23 + 𝜔𝜔1 𝜉𝜉33

�     (19) 

Where 𝐸𝐸 and 𝑅𝑅donate the strain tensor and the rigid body 
rotation tensor, respectively. 𝜉𝜉𝑝𝑝𝑝𝑝  and 𝜔𝜔𝑟𝑟  (1 ≤ 𝑝𝑝 ≤ 3, 𝑝𝑝 ≤
𝑞𝑞 ≤ 3, 𝑟𝑟 = 1,2,3) represent the unknown parameters of the 
SM [13]. 
Eq. (18) can thus be re-written into  
𝑑𝑑𝑖𝑖 = 𝐵𝐵𝑎𝑎𝑠𝑠𝑖𝑖 ⋅ 𝑙𝑙                                 (20) 
where 
𝑙𝑙 =
�𝑑𝑑𝑑𝑑(0),𝑑𝑑𝑛𝑛(0),𝑑𝑑𝑢𝑢(0), 𝜉𝜉11, 𝜉𝜉12, 𝜉𝜉13, 𝜉𝜉22, 𝜉𝜉23, 𝜉𝜉33,𝜔𝜔1,𝜔𝜔2,𝜔𝜔3�

𝑇𝑇
 

is the column vector of unknown parameters, and 𝐵𝐵𝑎𝑎𝑠𝑠𝑖𝑖  is 
the design matrix defined as: 
𝐵𝐵sm
𝑖𝑖 =

�
1 0 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖) Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖) 0 0 0 0 Δ𝑥𝑥𝑢𝑢(𝑖𝑖) −Δ𝑥𝑥𝑛𝑛(𝑖𝑖)

0 1 0 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖) 0 Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖) 0 −Δ𝑥𝑥𝑢𝑢(𝑖𝑖) 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖)

0 0 1 0 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖) 0 Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖) Δ𝑥𝑥𝑛𝑛(𝑖𝑖) −Δ𝑥𝑥𝑑𝑑(𝑖𝑖) 0
�     

  (21) 
Assuming that there are a column vector 𝐿𝐿𝑖𝑖 =
�𝐿𝐿1𝑖𝑖 ,L2

𝑖𝑖 ,L3
𝑖𝑖 ,L4

𝑖𝑖 �
𝑇𝑇

 constituted by the InSAR measurements 

for point 𝑃𝑃𝑖𝑖 , and the subscripts 1, 2, 3, 4 represent 
ascending LOS, ascending AZI, descending LOS and 
descending AZI measurements, respectively. The 
relationship between the 3-D deformation components 𝑑𝑑𝑖𝑖 
and the observation vector 𝐿𝐿𝑖𝑖 can be represented by [40-42] 
𝐿𝐿𝑖𝑖 = 𝐵𝐵𝑔𝑔𝑑𝑑𝑜𝑜𝑖𝑖 ⋅ 𝑑𝑑𝑖𝑖                                 (22) 
where 𝐵𝐵𝑔𝑔𝑑𝑑𝑜𝑜𝑖𝑖  is the transform matrix which can be expressed 
by 

𝐵𝐵𝑔𝑔𝑑𝑑𝑜𝑜𝑖𝑖 =

⎣
⎢
⎢
⎢
⎡𝑎𝑎1

𝑖𝑖

𝑎𝑎2𝑖𝑖

𝑎𝑎3𝑖𝑖

𝑎𝑎4𝑖𝑖

𝑏𝑏1𝑖𝑖

𝑏𝑏2𝑖𝑖

𝑏𝑏3𝑖𝑖

𝑏𝑏4𝑖𝑖

𝑐𝑐1𝑖𝑖

𝑐𝑐2𝑖𝑖

𝑐𝑐3𝑖𝑖

𝑐𝑐4𝑖𝑖 ⎦
⎥
⎥
⎥
⎤
                              (23) 

and 

⎩
⎪
⎨

⎪
⎧ 𝑎𝑎1𝑖𝑖 = -sin(𝜃𝜃𝑎𝑎𝑎𝑎𝑖𝑖 ) 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏1𝑖𝑖 = -sin(𝜃𝜃𝑎𝑎𝑎𝑎𝑖𝑖 ) 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐1𝑖𝑖 = 𝑐𝑐𝑐𝑐𝑎𝑎(𝜃𝜃𝑎𝑎𝑎𝑎𝑖𝑖 )

𝑎𝑎2𝑖𝑖 = −𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏2𝑖𝑖 = sin(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐2𝑖𝑖 = 0
𝑎𝑎3𝑖𝑖 = -sin(𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 ) 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏3𝑖𝑖 = -sin(𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 ) 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐3𝑖𝑖 = 𝑐𝑐𝑐𝑐𝑎𝑎( 𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 )

𝑎𝑎4𝑖𝑖 = −𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏4𝑖𝑖 = sin(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐4𝑖𝑖 = 0

     

     (24) 
where 𝛼𝛼𝑖𝑖 and 𝜃𝜃𝑖𝑖 are the satellite heading angle (clockwise 
from the North) and the radar incidence angle with respect 
to the point 𝑃𝑃𝑖𝑖 , respectively. Subscripts as, des donate 
ascending and descending tracks, respectively. 
By combining Eqs. (20) and (22), the relationship between 
the unknown vector l and the InSAR measurements 𝐿𝐿𝑖𝑖 can 
be formed as  
𝐿𝐿𝑖𝑖 = 𝐵𝐵𝑖𝑖 ⋅ 𝑙𝑙                                 (25) 
where 𝐵𝐵𝑖𝑖=B𝑔𝑔𝑑𝑑𝑜𝑜

𝑖𝑖 ⋅ 𝐵𝐵𝑎𝑎𝑠𝑠𝑖𝑖 . For K surrounding points of 𝑃𝑃0, the 
overall observation equations can be constructed on the 
basis of Eq.(25) 
𝐿𝐿

4𝐾𝐾×1
+ 𝑉𝑉

4𝐾𝐾×1
= 𝐵𝐵

4𝐾𝐾×12
⋅ 𝑙𝑙
12×1

                            (26) 
where 𝑉𝑉 is residual vector. The observation vector 𝐿𝐿 and 
coefficient matrix 𝐵𝐵 can be represented by 
𝐿𝐿 = [(𝐿𝐿1)𝑇𝑇 , (𝐿𝐿2)𝑇𝑇 . . (𝐿𝐿𝐾𝐾)𝑇𝑇]𝑇𝑇                         (27) 
𝐵𝐵 = [(𝐵𝐵1)𝑇𝑇 , (𝐵𝐵2)𝑇𝑇 . . (𝐵𝐵𝐾𝐾)𝑇𝑇]𝑇𝑇                        (28) 
It should be noted that the matrix B consists of 4K rows: it 
can be viewed as K blocks of four equations with respect 
to the ascending LOS, ascending AZI, descending LOS and 
descending AZI measurements of point 𝑃𝑃𝑖𝑖 . 
2.2.1.2 Determining the accurate weights based on the 
VCE algorithm 
The VCE algorithm had been well proven in determining 
the accurate weights or variances of measurements without 
taking any a priori information into account [20]. To make 
good use of the VCE algorithm, the observations should 
firstly be classified into different groups on the basis of 
their statistical properties. In this study, the InSAR 
measurements derived from the same track and the same 
technique are regarded as homogeneous. Therefore, there 
are four groups with respect to the corresponding 
ascending LOS, ascending AZI, descending LOS and 
descending AZI measurements. 
For convenience, we make an assumption that the initial 
weight matrix of each group of observations are equal to 
unit matrix, i.e., 𝑊𝑊1 = 𝑊𝑊2 = 𝑊𝑊3 = 𝑊𝑊4 = 𝐼𝐼, where 𝑊𝑊𝑗𝑗(𝑗𝑗 =
1,2,3,4) represents the weight matrix of the group 𝑗𝑗 and 𝐼𝐼 
equals to unit matrix with a size of 𝐾𝐾 × 𝐾𝐾 . 𝐿𝐿1 =
[𝐿𝐿11 , 𝐿𝐿12 . . . 𝐿𝐿1𝐾𝐾]𝑇𝑇 represents the group which includes the 
ascending LOS measurements and 𝐵𝐵1 = [𝐵𝐵11 ,𝐵𝐵12 . . .𝐵𝐵1𝐾𝐾]𝑇𝑇 
represents corresponding coefficient matrix, where 𝐿𝐿1 and 
𝐵𝐵1 are the combination of the row index 1,5,9. . .4𝐾𝐾 − 3 of 
the matrix 𝐿𝐿  (i.e., Eq. (27)) and 𝐵𝐵  (i.e., Eq.(28)), 
respectively. Similarly, we can get the observation and 
coefficient matrixes for the groups which include the 388



ascending AZI (i.e., 𝐿𝐿2,𝐵𝐵2), descending LOS (i.e., 𝐿𝐿3,𝐵𝐵3) 
and descending AZI (i.e., 𝐿𝐿4,𝐵𝐵4 ) measurements, 
respectively. 
Supposing that 𝑁𝑁𝑗𝑗 = 𝐵𝐵𝑗𝑗𝑇𝑇𝑊𝑊𝑗𝑗𝐵𝐵𝑗𝑗 , 𝑈𝑈𝑗𝑗 = 𝐵𝐵𝑗𝑗𝑇𝑇𝑊𝑊𝑗𝑗𝐿𝐿𝑗𝑗 (𝑗𝑗 = 1,2,3,4), 
and 𝑁𝑁 = ∑ 𝑁𝑁𝑗𝑗4

𝑗𝑗=1 , 𝑈𝑈 = ∑ 𝑈𝑈𝑗𝑗4
𝑗𝑗=1 , the WLS solution of the 

unknown vector 𝑙𝑙 is 
𝑙𝑙 = 𝑁𝑁−1𝑈𝑈                               (29) 
Subsequently, the relationship between the observation 
residuals 𝛿𝛿  and the variance components 𝜎𝜎�2  can be 
constructed as [20] 
𝜎𝜎�2 = Γ−1𝛿𝛿                             (30) 
where 
𝜎𝜎�2 = [𝜎𝜎�12 𝜎𝜎�22 𝜎𝜎�32 𝜎𝜎�42]𝑇𝑇                       (31) 
Γ =

⎣
⎢
⎢
⎢
⎡𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1)2 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁2) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁3) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁4)

𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁2) 𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2)2 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁3) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁4)
𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁3) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁3) 𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3)2 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3𝑁𝑁−1𝑁𝑁4)
𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁4) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁4) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3𝑁𝑁−1𝑁𝑁4) 𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁4) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁4)2⎦

⎥
⎥
⎥
⎤
 

(32) 
𝛿𝛿 = [𝑣𝑣1𝑇𝑇𝑊𝑊1𝑣𝑣1 𝑣𝑣2𝑇𝑇𝑊𝑊2𝑣𝑣2 𝑣𝑣3𝑇𝑇𝑊𝑊3𝑣𝑣3 𝑣𝑣4𝑇𝑇𝑊𝑊4𝑣𝑣4]𝑇𝑇                
(33) 
𝑣𝑣𝑗𝑗 = 𝐵𝐵𝑗𝑗 ⋅ 𝑙𝑙 − 𝐿𝐿𝑗𝑗 (𝑗𝑗 = 1,2,3,4)                       (34) 
The variance components 𝜎𝜎�2  are exploited to update the 
weight matrixes of the four groups of InSAR 
measurements 
𝑊𝑊�1 = 𝐼𝐼,𝑊𝑊�2 = 𝜎𝜎�1

2

𝜎𝜎�2
2𝑊𝑊2

−1 ,𝑊𝑊�3 = 𝜎𝜎�1
2

𝜎𝜎�3
2𝑊𝑊3

−1 ,𝑊𝑊�4 = 𝜎𝜎�1
2

𝜎𝜎�4
2𝑊𝑊4

−1                 

(35) 
The updated weight matrixes are then used in Eqs. (29), 
(30) and (35) to re-update the weights until the following 
equation is satisfied 
𝜎𝜎�𝑠𝑠𝑎𝑎𝑚𝑚2 − 𝜎𝜎�𝑠𝑠𝑖𝑖𝑛𝑛2 < 𝜀𝜀                            (36) 
where 𝜎𝜎�𝑠𝑠𝑎𝑎𝑚𝑚2  and 𝜎𝜎�𝑠𝑠𝑖𝑖𝑛𝑛2  are the maximum and minimum of 
the variance components 𝜎𝜎�2 = [𝜎𝜎�12 𝜎𝜎�22 𝜎𝜎�32 𝜎𝜎�42]𝑇𝑇 , 
respectively. 𝜀𝜀  is the convergence criteria, which is 
determined based on the precisions of the observations and 
the convergence time. 
Finally, the optimal 3-D deformation components are 
determined from Eq. (29) with the weight matrixes from 
the final iteration. 

2.2.2 The case study of the June 2007 Eruption of 
Kilauea volcano, Hawai’I with ALOS-1 data 

Kilauea volcano, Hawai’i has been activated since 1983. A 
swarm of earthquakes and rapid deflation started in the 
vicinity of the volcano’s East Rift Zone (ERZ) on the 
morning of June 17, 2007. An intrusion of magma started 
at shallow level in the Mauna Ulu area on early June 17 but 
during the ongoing earthquakes the activity of the intrusion 
moved eastward about 6 km along the ERZ. On the 
morning of June 19, 2007, Kilauea Volcano zone has no 
significant activity, which indicates an end of this 
disturbance on this zone [42]. 

Tab. 3 Basic information of the ALOS PALSAR data 
used in this study 

Track 

Acquisitio

n date of 

master 

image 

Acquisition 

date of slave 

image 

Base

line  

(m) 

Incident 

angle  

(deg.) 

Azimuth 

angle 

(deg.) 

Ascen

ding 

May 5, 

2007 

Jun. 20, 

2007 

352 
38.75 349.24 

Desce

nding 

Feb. 28, 

2007 

Jul. 16, 

2007 

284 
38.76 190.77 

 

 
Fig. 8 Shaded relief map of the study area. Triangles 
represent the GPS stations. Blue and green arrows 
represent horizontal displacements of the GPS station, 
and red arrows represent vertical displacements of the 
GPS stations. The inset map shows the location of the 
study area in the Island of Hawai’i. 

 

Fig. 9 Deformation measurements of the Kilauea 
Volcano along the (a) ascending LOS, (b) descending 
LOS, (c) ascending AZI and (d) descending AZI 
directions, respectively. 
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Fig. 10 3-D deformation fields derived by the SM-VCE 
(a-c) and WLS (d-f) methods. Triangles represent the 
GPS stations. (Top) East component. (Middle) North 
component. (Bottom) Up component. 

 

Fig. 11 Weights determined from the SM-VCE (a-c) 
and the WLS (d-f) methods of different InSAR 
measurements in the red rectangle of Fig. 6. (Top) 
ascending AZI measurement. (Middle) descending LOS 
measurement. (Bottom) descending AZI measurement. 
Note that the weight of the ascending LOS 
measurement is unit matrix in both methods. 

 

Tab. 4 RMSEs of differences between InSAR and GPS 
observed 3-D deformations. 

Method 

 East (cm)  North (cm)  Up (cm) 

 25 

sites 

23 

sites 
 

25 

sites 

23 

sites 
 

25 

sites 

23 

sites 

SM-VCE  2.21 2.18  6.86 2.77  4.26 4.13 

WLS  4.77 4.47  7.47 3.57  5.19 5.07 

Improvem

ent 

 
53.7% 51.2%  8.2% 22.4%  17.9% 18.5% 

The ALOS satellite had imaged this zone before and after 
the activity. As shown in Fig. 8, a zone of about 35.6 
km×24.8 km focusing on the eruption area is selected in 
this project, where the 30 m SRTM data is used as the 
external DEM data in the processing of DInSAR [43]. 
Based on the two pairs of ALOS PALSAR images (Tab. 3), 
we can derive the LOS and AZI deformation maps with a 
spatial resolution of 30 m×30 m from the ascending and 
descending tracks by using the DInSAR and MAI 
techniques, respectively (Fig. 9). 
We involve the SM-VCE and WLS method for measuring 
the 3-D deformation fields of the Kilauea Volcano. In the 
SM-VCE method, a square zone of 450 m×450 m (i.e., 
15×15 pixel) is regarded as a homogeneous strain field, 
from which we derive the 3-D deformations of the 
interested point by involving the InSAR measurements of 
the around 225 pixels. In the WLS method, we calculate 
the weights of the InSAR measurements from the standard 
deviations estimated with a 15×15 pixel moving window 
on a pixel-by-pixel basis. Fig. 6 shows the 3-D deformation 
fields estimated by using different methods. As expected, 
the SM-VCE derived 3-D deformations (Fig. 10(a)-(c)) are 
more reasonable in region than the WLS derived ones (Fig. 
10(d)-(f)), although they are quite consistent in general.  
Typically, in the red rectangle of Fig. 10, there are obvious 
strip-shaped disturbances in the 3-D deformation fields 
derived from the WLS method. The corresponding weights 
of this zone with respect to SM-VCE and WLS are 
exhibited in Fig. 11. It is acknowledged that the weights of 
the DInSAR LOS measurements should be generally 
greater than those of the MAI AZI measurements [8, 38]. 
However, in the WLS method, the weights of the AZI 
measurements (Fig. 11(d), (f)) are basically greater than 
those of the LOS measurements (Fig. 11(e)). This might be 
caused by the over-filtering in the MAI interferograms. As 
a result, the errors in the InSAR measurements are 
magnified in the WLS derived 3-D deformations. While in 
the SM-VCE method, suitable weights are yielded for the 
LOS and AZI measurements (Fig. 11(a)-(c)), which 
guarantee accurate and reliable 3-D displacement 
estimations. 
In order to assess the accuracies of the 3-D deformations 
estimated from different methods, we compare the InSAR 
observed 3-D deformation fields with the counterparts 
from the 25 GPS sites that recorded the June 2007 event 
(Tab. 4). The locations of the GPS sites can be found in Fig. 
8 and Fig. 10. The RMSEs of the differences between the 
InSAR and GPS observed 3-D deformation are presented 
in Table IV. Improvements of about 53.7%, 8.2% and 
17.9% are achieved by the estimations of the SM-VCE 
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method in the east, north and up components, respectively, 
compared to those of the WLS method. It is observed that 
the improvement in the north component is quite small. 
This however might be biased by the GPS measurements 
at the sites of NUPM and KTPM (Fig. 10), which 
experienced much larger deformations in the north 
direction than the other sites. In addition, the basis can be 
partly due to the very local ground fracture at GPS stations 
caused by the strong seismic vibration. We re-evaluate the 
accuracy by excluding the two sites, resulting in an 
improvement of 22.4% for the north component.  
The 3-D displacements are also resolved by using the equal 
weights method (i.e., Equal Weighted Least Square, 
EWLS). Improvements of about 32.0%, 22.1% and 18.7% 
are achieved by the estimations of the EWLS method in the 
east, north and up components, respectively, compared to 
those of the WLS method. This is expected since the 
improper a priori variances can bias the accuracies of the 
estimated 3-D deformations and even be inferior to the 
situation without a priori variances. It is also found that the 
improvement of about 39.6% is achieved by the east 
estimation of the SM-VCE method, compared to that of the 
EWLS method, indicating that the posterior weights 
determined by the proposed method are reasonable. While 
in the north and up components, there are very little 
differences between the results of the SM-VCE and EWLS 
methods. This might be a coincidence for the case study of 
Kilauea Volcano. In the experiments with simulated data, 
the improvements of about 96.3%, 91.9% and 91.7% can 
be achieved by the estimations of the SM-VCE method in 
the east, north and up components, respectively, compared 
to those of the EWLS method. 

2.2.2 The case study of the 2016 Central Tottori 
earthquake by integrating left- and right-looking 
ALOS-2 SAR data 

At 05:07:22 (UTC) on 21 October 2016, an earthquake of 
magnitude 6.6 determined by the Japan Meteorological 
Agency (MJMA6.6) struck Central Tottori Prefecture [44], 
western Honshu, Japan. The epicenter was located ~6 km 
south of Kurayoshi, a city of Tottori Prefecture, at a depth 
of ~5.6 km [45]. Many infrastructures and residential 
buildings in the area with a radius of 20 km centered on the 
epicenter suffered serious damage. Fortunately, no people 
died in the event. In addition, this earthquake was slightly 
felt in the surrounding prefectures, such as Okayama and 
Shimane [45]. 
This event was observed by four interferometric pairs 
acquired by the ALOS-2 satellite from ascending and 
descending tracks with both left- and right-looking modes 
(Tab. 5). The footprints of these four interferograms are 
shown in Fig. 12(a). The study area (i.e., the blue rectangle 
in Fig. 12 (a)) is split into three zones by these footprints, 
labeled A, B and C. Note that different zones are imaged 
by different interferogram assemblies; for example, zone A 
is imaged by ascending right-looking interferograms and 
by descending right- and left-looking interferograms. 

 
Tab. 5 Basic information of the ALOS-2 
interferometric pairs used herein 

Parameters Pair 1 Pair 2 Pair 3 Pair 4 
Flight 
direction 

Ascendi
ng 

Ascendi
ng 

Descendi
ng 

Descendi
ng 

Beam 
direction Left Right Left Right 

Master date Jan-17-
2015 

May-23-
2016 

Dec-7-
2014 

Aug-3-
2016 

Slave date Oct-22-
2016 

Oct-24-
2016 

Oct-23-
2016 

Oct-26-
2016 

Path 
number 122 128 27 22 

Frame 
number 740 700 2870 2900 

Beam 
mode 

Strip 
Map 

Strip 
Map 

Strip 
Map 

Strip 
Map 

Azimuth 
angle (deg) -15.99 -10.62 -164.74 -169.37 

Incident 
angle (deg) 42.99 32.41 36.26 32.41 

Perpendicu
lar baseline 
(m) 

170 -40 9 3 

Covered 
zones B and C A and B A, B, and 

C 
A, B and 
C 

 

Fig. 12 Location and data coverage of the study area. 
(a) Color shaded relief map. The blue rectangle outlines 
the study area shown in subplot (b), and the dashed 
orchid boxes outline the footprint of each 
interferogram. (b) Locations of the inverted fault (black 
line), aftershocks (orchid dots) and some main cities 
(blue squares). The focal mechanism indicates the main 
shock location from the USGS (red star). (c) Location 
of the study area in Japan, where the black rectangle 
indicates the location of (a). 

Gamma software is employed to generate the LOS 
deformation measurements on the basis of the two-pass 
differential InSAR (DInSAR) technique [46]. In the 
interferometry process, a multi-looking operation with 24 
looks in the range direction and 30 looks in the azimuth 
direction is applied to suppress decorrelation noises, 
resulting in a final spatial resolution of approximately 
60 m × 60 m . The Shuttle Radar Topographic Mission 
(SRTM) 1-arcsecond (~30 m spacing) digital elevation 
model (DEM) is utilized to remove the topographic 
contribution from the interferograms. Then, decorrelation 
noise is minimized by an improved Goldstein filter [36]. 
The minimum cost flow (MCF) method [47] is exploited to 
unwrap the interferometric phase by masking the areas 
with coherence smaller than 0.4. Then, reference points are 
selected from the extremely far field, which is relatively 
stable. In addition, a linear polynomial model is employed 
to remove the possible phase ramp associated with orbital 
and ionospheric errors [48]. Furthermore, as the study area 
is located in a mountainous region and is situated along the 
seaside, data from the Generic Atmospheric Correction 391



Online Service for InSAR (GACOS) are applied to correct 
the possible tropospheric delay [49]. 

 

Fig. 13 InSAR LOS deformation measurements of the 
2016 Central Tottori Earthquake from ascending left-
looking (AsL), ascending right-looking (AsR), 
descending left-looking (DesL), and descending right-
looking (DesR) interferograms. Positive and negative 
values indicate ground deformation up toward and 
away from the satellite, respectively. The red star 
represents the epicenter of the earthquake. Long and 
short arrows denote the azimuth and LOS directions, 
respectively. 

The final geocoded LOS deformation maps with different 
viewing angles are shown in Fig. 13. The two descending 
measurements image the whole area of interest, whereas 
the coverage of the two ascending measurements is 
incomplete but complementary. The deformation patterns 
of the interferograms extracted from the ascending left-
looking (AsL) and descending right-looking (DesR) 
measurements are very similar. However, the ascending 
right-looking (AsR) and descending left-looking (DesL) 
images show distinct differences to the immediate 
southwest of the epicenter, which can be ascribed to the 
north deformation component. On the other hand, the DesL 
interferogram, though with a time span of approximately 
two years, is highly coherent in the study area due to the 
robust capability of L-band SAR to resist temporal 
decorrelation [50]. In contrast, the AsL interferogram, 
whose time interval is shorter than that of the DesL 
interferogram, shows obvious decorrelation errors in the 
lower right part of the image, which might be caused by 
snow cover in the master image acquired in January as well 
as by residuals produced by the topography-related 
atmospheric delay. 
The Japan mainland has been experiencing long-term 
tectonic deformation according to the GNSS network 
(http://geodesy.unr.edu/). However, the interferograms in 
this project can be considered to be free of interseismic 
deformation since such deformation is basically mitigated 
by the unwrapping operation due to the very similar 
patterns throughout the study area. In addition, by 
investigating the deformation time series from the GNSS 
stations in the study area, little deformation is observed 

following the second day after the earthquake, that is, 
October 22, 2016. Compared with the centimeter-level 
coseismic deformation, this slight postseismic deformation 
can generally be neglected [17, 42]. Therefore, the errors 
induced by the discrepancies among the slave images’ 
dates of the four interferograms can also be ignored in the 
estimation of the 3-D deformation. 
The spatially complete 3-D deformation field (see Fig. 
14(a)-(c)) associated with the 2016 Central Tottori 
earthquake is derived from only InSAR LOS 
measurements with four distinct viewing angles (i.e., AsL, 
AsR, DesL and DesR) using the SM-VCE method. To 
obtain a tradeoff between the 3-D deformation accuracy 
and the computational burden, a fixed window of 21×21 
pixels (i.e., approximately 1 km × 1 km) is preferred in this 
project. As shown in Fig. 14(a)-(c), the maximum 
deformation values on the east, north and up components 
are approximately 8.7, 11.7 and 4.6 cm, respectively. The 
vertical coseismic deformation zone (i.e., Fig. 14(c)) is 
divided into four sections. In the southeast and northwest 
sections, a subsidence pattern with generally epicenter-
ward horizontal deformation is observed, while the 
opposite deformation pattern appears in the other two 
sections. 
The 3-D deformation predicted by the model (Fig. 14(d)-
(f)) generally agrees with the InSAR-derived deformation 
(i.e., Fig. 14(a)-(c)), and their differences are shown in Fig. 
14(g)-(i). The residual on the north component is much 
higher than those on the east and up components. This is 
expected since InSAR measurements are insensitive to the 
deformation on the north component. Two profiles across 
the fault trace are selected for detailed analysis. As shown 
in Fig. 14(j), some discrepancies are observed on the east 
component along profile D-D’ and on the north component 
along profile E-E’. The tropospheric delay caused by the 
steep topographic slope and the presence of serious water 
vapor along the seaside can hardly be corrected by the 
GACOS data. The residuals due to the tropospheric delay 
could be responsible for these discrepancies. Since 
GACOS employs 0.125-degree (~14 km) gridded ECMWF 
data and continuous GNSS tropospheric delay estimates to 
produce global and near-real-time tropospheric delay 
products [49], these data can correct only the long-
wavelength tropospheric delays whose length scales are 
longer than 14 km. Another possible reason for these 
discrepancies is the strong constraint in the fault slip 
inversion. As such, the data might be better fitted if we 
relax the fault geometry and the rake angle based on a deep 
and comprehensive investigation of the fault. 
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Fig. 14 Complete coseismic deformation field produced 
by the 2016 Central Tottori earthquake extracted from 
the (a)-(c) InSAR data, (d)-(f) model predictions, and 
(g)-(i) residuals on the (Left) east, (Middle) north, and 
(Right) up components. Squares show the locations of 
the GNSS stations, and their color indicates the GNSS-
observed deformation. The epicenter is marked by the 
red star. Orchid dots represent the locations of 
aftershocks. The solid black line indicates the fault 
trace location, and the dashed black lines are the 
selected profiles across the fault trace. (j) Observed 
(red) and modeled (blue) deformation along profiles D-
D’ and E-E’. 
The search parameters of the fault geometry are 
summarized in Tab. 6, and the slip distribution from the 
source model inversion is exhibited in Fig. 15. The 
causative fault has a strike angle of N160°E and a dip angle 
of 90°, which are consistent with seismological solutions 
and previous research [45, 51]. As shown in Fig. 15, the 
majority of fault slip occurs at shallow depths within a slip 
asperity with a maximum value of ~1.1 m at a depth of 5 
km. The top edge of the fault is located approximately 2 
km below the surface, suggesting that the earthquake did 
not break the surface, which is consistent with geological 
observations [52]. The geodetic moment released was 2.4 
× 1018 Nm, equivalent to Mw 6.2. Our moment estimate is 
consistent with the seismic moment inverted from local 
strong motion data (i.e., 2.1 × 1018 Nm) [53] but is lower 
than that estimated by the USGS-NEIC (i.e., 2.8 × 1018 
Nm) [45]. 

 

Fig. 15 Coseismic slip distribution model of the 2016 
Central Tottori earthquake. The red star denotes the 
hypocenter recorded by the JMA. Blue cycles are the 
relocated aftershocks [54]. 

 
Tab. 6 Source parameters of the 2016 Central Tottori 
earthquake 

Lon. (deg)a Lat. (deg)a Depth 
(km)b 

Length 
(km) 

Width 
(km) 

Strike 
(deg) 

Dip 
(deg) 

Rake 
(deg)c 

Max. Slip 
(m) Mw 

133.856−0.025
+0.018 35.389−0.021

+0.033 1.0−0.2
+0.3 30 30 340−1.0

+1.1 90 0 1.1−0.1
+0.1 6.2−0.07

+0.06 

a. The center of the top edge of the fault 
b. The top edge of the fault plane 
c. The value is fixed in the modeling 
The 3-D coseismic deformation measurements observed by 
five GNSS stations are used to assess the accuracy of the 
InSAR-derived deformation. The locations of these GNSS 
stations can be found in Fig. 14. The InSAR results are in 
good agreement with the GNSS results. Fig. 16 
quantitatively compares the 3-D deformation results 
derived from GNSS and InSAR. The RMSEs between the 
GNSS and InSAR results are 0.4, 1.7 and 0.4 cm on the 
east, north and up components, respectively. The north 
component shows a lower accuracy than the east and up 
components, which can be ascribed to the fact that the 
observing geometry of InSAR measurements is less 
sensitive to the north deformation component [7, 8]. 
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Fig. 16 Comparison of the 3-D deformation 
measurements derived from GNSS and InSAR. The red, 
green and blue colors denote the east, north, and up 
components, respectively. The horizontal error bars 
denote 2×SD for the GNSS deformation, and the 
vertical error bars denote 2×SD for the InSAR 
deformation. 

2.2.3 The case study of the 2016 Kaiköura earthquake 
by combining ALOS-2 and Sentinel-1 SAR data 

Both C-band S1 TOPS mode and L-band ALOS2 
ScanSAR mode data from ascending (As) and descending 
(Des) tracks are available and used for estimating the 3-D 
deformations associated with the Kaiköura earthquake (see 
Tab. 7). The footprints of these four pairs are shown in 
Fig. 17. The deformation observations are generated 
along the LOS and AZI directions based on the framework 
of the DInSAR, MAI, and POT methods, in which the 
shuttle radar topographic mission (SRTM) 1-arcsecond 
(~30 m spacing) digital elevation model (DEM) is utilized 
to remove the topographic contributions and correct 
possible coregistration mis-fitting. Although the BOI-
derived deformation measurements, compared to the MAI-
/POT-derived measurements, are capable of estimating 
more accurate 3-D deformations by combining with 
observations along the LOS direction [55-57], they are 
available only in burst overlap regions and require 
interpolation over the whole region [57, 58]. This solution 
is susceptible to interpolation error, especially for a 
complicated event such as the 2016 Kaikoura earthquake. 
Therefore, the BOI method is not considered in the 
following analysis of this project. For the sake of simplicity, 
the combination of several abbreviations linked by 
underlines is used to represent the corresponding 
observation. For example, ALOS2_As_DInSAR 
represents the DInSAR observation of Ascending ALOS2 
data, S1_Des_POT_LOS represents the POT observation 
of Descending S1 data along the LOS direction, and 
S1_DInSAR represents the DInSAR observations of S1 
data from both ascending and descending tracks. 

Tab. 7 Information on the used SAR data 

Sensor Orbit 
direction Mater-Slave date 

Spatial 
perpendicular 
baseline (m) 

Wavelength 
(cm) 

Incident 
angle (deg.) 

Azimuth 
angle (deg.) Path/Frame Imaging 

mode 

ALOS2 As 20161018-
20161115 130 23.6 34.6 -16.4 194/4480 ScanSAR 

ALOS2 Des 20160811-
20161201 -78 23.6 43.5 -162.2 102/6350 ScanSAR 

S1 As 20161103-
20161115 -10 5.6 33.0 -14.1 52/1033&10

39 TOPS 

S1 Des 20160905-
20161116 -10 5.6 40.8 -165.9 73/730&735 TOPS 

  
Fig. 17 Color shaded relief map. The inset map shows 
the location of the study area (the red dashed rectangle) 
in New Zealand. The fault locations of the Humps fault 
zone (HFZ), Hope fault (HF), Hundalee fault (HDF), 
Papatea fault (PF), Jordan Thrust (JT), and Kekerengu 
fault (KF) are provided by Xu, et al. [59]. The magenta 
and blue dashed rectangles indicate the frames of the 
Sentinel-1 and ALOS2 SAR data, respectively. The red 
and white markers represent the campaign and 
continuous GNSS stations, respectively. The GNSS 
stations are shown as solid rectangles and are employed 
for the accuracy assessment of the 3-D deformations, 
and those shown as solid triangles are for the orbital 
error correction of the SAR observations. The 
continuous GNSS station GSCH is the reference point 
for phase unwrapping. The campaign GNSS stations 
AE20 and 1163 are the reference points for the phase 
unwrapping of the two isolated islands in Fig. 18(b), 
namely, the Papatea block and the Hope fault block, 
respectively. 

394



 
Fig. 18 Deformation observations along the LOS and 
AZI directions from ascending/descending, ALOS2/S1 
SAR data based on the DInSAR, POT, and MAI 
methods. The insert plots show details in the dashed 
blue rectangles. Longer and shorter arrows represent 
the AZI and LOS directions, respectively, and the red 
arrow corresponds to the observing direction of each 
observation. The campaign GNSS stations AE20 and 
1163 are labeled in (b) to better correspond to Fig. 17. 

In summary, fourteen observations are derived from the 
available ascending/descending ALOS2/S1 data (see Fig. 
18), respectively. However, due to the contamination of 
severe ionosphere disturbances, the ALOS2_As_MAI (Fig. 
18(m)) and ALOS2_As_POT_AZI (Fig. 18(i)) are 
excluded in the following analysis. Therefore, the 
remaining twelve observations are used to estimate the 3-
D coseismic deformations caused by the 2016 Kaikoura 
earthquake. 
The complete 3-D coseismic deformation field for the 2016 
Kaiköura earthquake is determined from 12 independent 
SAR-related deformation observations (see Fig. 19) 
based on the SM-VCE method. In the implementation 
procedure of the SM-VCE method, we establish the 
observation functions in a fixed window, whose window 
size can self-adaptively vary with the location or the local 
deformation gradient. Due to the complexity and variety of 
the deformation patterns with respect to various events, it 
is very difficult to establish such a unique or self-adaptive 
relationship between the window size and the local 

deformation gradient. Alternatively, we could conduct a 
series of simulation experiments with different window 
sizes and find that a window with a fixed size of 15 × 15 
pixels (~1 km × 1 km) can achieve a good equilibrium 
between the efficiency and precision [24, 25]. In addition, 
the exact weights of the different observations are 
determined by the VCE algorithm with the convergence 
threshold being 1 cm2, which is a compromise on the 
accuracy between the POT/MAI and DInSAR observations. 
The final complete 3-D deformation field can be 
subsequently retrieved on a window-by-window basis. As 
shown in Fig. 19, the faults are successfully identified in 
the 3-D deformation field. In particular, the deformation on 
both sides of the KF and PF can be clearly distinguished. 
The maximum deformations in the E-W, N-S and U-D 
component are approximately 7.0 m, 5.5 m and 8.5 m, 
respectively, and the largest horizontal displacement with 
a magnitude of 7.8 m occurred on the northern portion of 
the KF, which is approximately parallel to the strike of KF, 
while the largest uplift occurred between the JT and PF.  

 
Fig. 19 3-D coseismic deformations for the 2016 
Kaiköura earthquake. The purple rectangle indicates 
the scope of the insert plot. (a) East component; (b) 
North component; (c) Vertical Component. (d) 3-D 
deformations in the blue rectangle, where the colored 
base map corresponds to vertical deformation and the 
arrows show the subsampled horizontal deformations. 
The circles show the locations of the GNSS stations used 
for accuracy assessment. All of the plots share the same 
color scale. 

The independent 3-D coseismic deformations observed by 
the other half of the GNSS stations (i.e., the rectangles in 
Fig. 19) are involved in assessing the accuracy of the SAR-
derived 3-D deformations. The GNSS dataset consists of 
both continuous and campaigned GNSS stations and can be 
found in the supplementary materials of [60]. Fig. 20 
exhibits the quantitative comparison of the 3-D 
deformation results derived from the GNSS and SAR data. 
The root mean square errors (RMSEs) between the GNSS 
and SAR-derived deformations are 6.1 cm, 13.2 cm and 6.4 
cm in the E-W, N-S and U-D components, respectively, 
which are qualitatively consistent with the SDs estimated 
by the SM-VCE method but show higher magnitudes. This 
finding can be attributed to the long-time span of the 
campaigned GNSS stations with much more uncertainty. 
In addition, the comparison between the SAR and GNSS 
derived observations is slightly tricky since GNSS 
measures the deformation very precisely at a given point, 
while the SAR data provides a map view and might not 
have a good estimate for the specific point where the GNSS 
station is located [38]. Fig. 20 reveals that the GNSS 
deformations are usually within the three times the SD of 
the SAR-derived deformations, which indicates the 395



reliability of the precision assessment by the SM-VCE 
method. 

 
Fig. 20 Comparison of 3-D deformations derived from 
GNSS and InSAR. The vertical bars denote three times 
the SD of the InSAR deformations. 

For comparison, the WLS method is also involved in 
estimating the 3-D deformations of the 2016 Kaiköura 
earthquake. The a priori variance of different observations 
are preliminarily estimated in the far-field area (i.e., the red 
dashed rectangles in Fig. 18), and they are employed to 
weigh different observations in the WLS method. The 
RMSEs between the GNSS and WLS-derived 3-D 
deformations are 8.5 cm, 15.0 cm and 7.8 cm in the E-W, 
N-S and U-D components, respectively, which indicates 
that improvements of 28%, 12%, and 18% can be achieved 
by the SM-VCE method for the E-W, N-S, and U-D 
components, respectively. 

2.3 Co-/post-seismic deformations associated with the 
2017 Jiuzhaigou earthquake 

This earthquake struck at 21:19:46 China (local time) on 8 
August 2017 in Jiuzhaigou County with magnitude 7.0, 
whose epicenter is (33.20°N 103.82°E). Around this region, 
the Tibetan Plateau abuts against the Yangtze Plate with 
immense pressure forming faults along the edges. 
Jiuzhaigou County is in the Min Mountains, a range that 
was formed at the intersection of these faults. The 
mountainous areas to the south of Jiuzhaigou County were 
the epicenter of the 2008 Sichuan earthquake that resulted 
in tens of thousands of fatalities. The Jiuzhaigou 
earthquake did not correlate with any of the known active 
faults. Field investigation and remote sensing of the surface 
effects of the earthquake (surface rupture, landslides) 
permitted the identification of a previously-unknown 
active fault segment. 

 
Fig. 21 The footprints of ALOS-2 and Sentinel-1 (S1) 
SAR data. As: ascending; Des: descending. 

In this project, we combine the ALOS-2 and Sentinel-1 
SAR data (see Fig. 21) to reveal the ground surface 
deformations associated with this earthquake, particularly, 
the coseismic and postseismic deformations of this 
earthquake. Fig. 22 shows the coseismic deformation map 
of the ascending ALOS-2 SAR data. The maximum 
deformation value along the line-of-sight direction is about 
-25 cm. Fig. 23 shows the postseismic deformation rate of 
the ascending and descending Sentinel-1 SAR data. As can 
be seen, the postseismic deformation of ascending SAR 
data is mainly on the west side of the seismogenic fault, 
and the magnitude of deformation is about 15mm/yr. While 
in the descending SAR data, The postseismic deformation 
of about 8mm/yr was observed in the southwest part of the 
seismogenic fault. Fig. 24 shows the deformation time 
series of a selected point in the ascending SAR data, 
illuminating that the magnitude of the postseismic 
deformation rate is larger in the near a half year compared 
with that of long term. 
 

 
Fig. 22 The coseismic deformation map of the ascending 
ALOS-2 SAR data. The negative value donates the 
motion away from the SAR satellite. 396



 
Fig. 23 The postseismic deformation rate of the (a) 
ascending and (b) descending Sentinel-1 SAR data. The 
negative value donates the motion away from the SAR 
satellite. The red triangle represents the location of a 
selected point, whose deformations time series are 
shown in Fig. 24. 

 
Fig. 24 The deformation time series of a selected point 
shown in Fig. 23. 

3 CONCLUSIONS 

In this project, a mathematical and physical model of 
InSAR measurements, 3D displacements and the crustal 
strain characteristics is first constructed, in which the 
search strategy of correlation points is optimized by using 
adaptive correlation distance, which greatly improves the 
applicability of the proposed method in the recovering of 
deformations in the decorrelation areas. The results show 
that the accuracy and completeness of the new method are 
significantly superior to that of the WLS method and 
InSAR-DGT method, which provides a new way for the 3D 
deformation recovery of InSAR. The proposed method is 
then applied to map 3-D co-seismic surface deformations 
and strain filed of 2015 Mw 7.2 Murghab earthquake, the 
seismogenic fault is dominated by the NE-SW trending 
strike slip with almost vertical dip angle. The north section 
and the south segment near the epicentre have obvious 
subsidence accompanied with the movement toward 
southwest in northwest wall, and northeast movement with 
surface uplift trend is presented along the fault zone in the 
southeast wall. The crustal block is affected by obvious 
dilatation and shear strain, which is in good agreement with 
the movement character of the sinistral slip. The study of 
the 2015 Murghab earthquake can lay a foundation for 
revealing the Cenozoic evolution process of the active 
Pamirs tectonic belt under the compression of India plate 

and Eurasian plate, so as to apply a further research on the 
stretching movement, deformation mechanism and the 
post-seismic evolution of medium-strong earthquakes in 
the Pamir Plateau. 
Then, we propose a method, termed as SM-VCE, to 
measure 3-D deformations by integrating the SM and VCE 
algorithm with InSAR, which can exploit the spatial 
correlation of the adjacent points’ deformations to produce 
accurate weights for the InSAR measurements from 
different techniques and/or different tracks. Since the 
spatial correlation of ground deformations among the 
adjacent points is exploited, the proposed method is not 
limited by the number of InSAR measurements and can be 
applied to map 3-D deformations associated with transient 
or short-term events such as earthquake and volcano 
eruption. Real data experiments associated with the 2007 
eruption of Kilauea volcano (Hawai’i), the 2016 Central 
Tottori earthquake, and the 2016 Kaiköura earthquake are 
carried out to validate the proposed method. As expected, 
the SM-VCE method can estimate more accurate 3-D 
deformations than the conventional pixel-by-pixel based 
approach (i.e., WLS method). Furthermore, we investigate 
the co-/post-seismic deformations associated with the 2017 
Jiuzhaigou earthquake in China by combining the ALOS-2 
and Sentinel-1 SAR data, which is useful for the further 
mechanism interpretation. 
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1. INTRODUCTION

A variety of mechanisms, such as decreased sand supply 
from rivers, storm action, flooding due to rising sea levels, 
or ground deformation, are currently eroding various types 
of coasts. Previous studies have several proposed methods 
to detect shorelines from SAR images using X-, C-, or L-
bands [1]-[4]. Additionally, Interferometric Synthetic 
Aperture Radar (InSAR) is an effective way to evaluate 
ground deformation in land area [5]-[7]. We believe that 
ALOS-2/PALSAR-2 observations are more useful than 
optical imagery in terms of their day and night observations 
under any weather condition to analyze shoreline detection 
and ground deformation all over the world. 
The purpose of this paper was to report the results of our 
research for analyzing shoreline detection by using full 
polarimetric ALOS-2/PALSAR-2 data and surface 
deformation around the coast by ALOS-2/PALSAR-2 data 
with stripmap mode. 

2. SHORELINE DETECTION

In Japan, existing shoreline vector data are maintained in 
the National Land Numerical Information (NLNI) database 
by the Geospatial Information Authority of Japan (GSI), 
which is freely available online 
(https://nlftp.mlit.go.jp/ksj/index.html). The vector data for 
each administrative zone containing the boundary at high 
tide between land and sea are amended every year using 
aerial surveillance or field surveys. The accuracy of the 
NLNI database is equivalent to a map with a 1:25,000 scale. 
This study aimed at evaluating, both qualitatively and 
quantitatively, the backscattering characteristics detected 
via full polarimetric PALSAR-2 data from the shorelines 
of coasts, using the administrative zone vector data of 
NLNI database [8]. 
Fig. 1 shows the process flow of this study. First, we pre-
processed full polarimetric PALSAR-2 data (Observation 
date: 12 January 2016, Off-nadir angle: 28.4 deg.) and then 
performed a model-based decomposition with four-
component scattering models. The four-component 
scattering images derived from full polarimetric PALSAR-
2 data were used to evaluate the characteristics of scattering 
models that affect shoreline detection. This was followed 
by canny edge detection applied to the four decomposed 
datasets. The shoreline was definitively interpreted from 
among the edges of four-component scattering images by  

Fig. 1 Flowchart of this study and algorithm for four-
component scattering power decomposition [8]. 

Fig. 2 Vector data used in this study to evaluate the 
actual location of the shoreline. The green line shows 
the administrative zones of the National Land 
Numerical Information in Chiba prefecture, and the 
blue line shows the shoreline extracted from the 
administrative zone. The administrative zone data were 
published in 2016 [8]. 

referencing an RGB color composite image of full 
polarimetric PALSAR-2 data. Fig. 2 shows the location of 
the study area. The greyscale image shows the areal extent 
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of the full polarimetric PALSAR-2 data used in this study, 
and the green lines denote the administrative zones in 
Chiba prefecture, and the blue lines denote the shoreline 
extracted from the administrative zone. 
We combined the edges of Ps, Pd, Pv and Pc images by 
logical conjunction to analyze the location of the shoreline 
features detected from PALSAR-2 data. The combined 
image consisting of the edges of Ps, Pd, Pv and Pc images 
show 15 classes under the conditions mentioned in Table 1. 
Fig. 3 shows that these images are binary, and their pixels 
have a value of 0 or 255. The combined image consisting 
of the edges of Ps, Pd, Pv and Pc images show 15 classes 
under the conditions mentioned in Table 1. The logical 
conjunction made it possible to interpret complicated 
features behind the edges of the Ps, Pd, Pv and Pc images. 
Fig. 4 shows the result of combining four canny edge 
detection images for site A. A part of the edge line in the 
Ps image corresponds to the sandy coast shoreline in the 
NLNI database. The photograph shown in Fig. 4 was taken 
at the location indicated by the blue arrow. Both images 
show the edges of the Ps and the combined image of the 
edges of Pd, Pv and Pc images. The boundary between the 
land and sea indicated by the edge line in the Ps image 
corresponds to the sandy coast shoreline in the NLNI 
database. 
 
Table 1. Legend of the combined image by logical 
conjunction consisting of the edges of Ps, Pd, Pv and Pc 
[8]. 

 
 

 
Fig. 3 Concept of the combined edge images by logical 
conjunction. These images are binary, and their pixels 
have a value of 0 or 255. Therefore, the combined image 
has 15 classes under the conditions of this study. 

 
Fig. 5 shows a histogram of the combined edges of the Ps, 
Pd, Pv and Pc images obtained by logical conjunction of 
analysis points located every 20m on the shoreline and 
extracted from the NLNI database (blue dashed and dotted 
lines) to analyze the backscattering characteristics in the 
three test sites. As a result, approximately 50% of the 
combined edges of the Ps, Pd, Pv and Pc images in the three 
test sites were found on the shorelines in the NLNI 
database. We detected multiple types of edges from the Ps, 
Pd, P Pv and Pc images, indicating that full polarimetric 
PALSAR-2 data are useful for detecting various types of 
shorelines more accurately than mono-polarization SAR 
data. The relationship between the four-component  

 
Fig. 4 Result of combining four canny edge detection 
images for site A. The blue dashed and dotted lines 
show the shoreline extracted from the National Land 
Numerical Information. The boundary between the 
land and sea indicated by the edge line in Part of the Ps 
image corresponds to the sandy beach shoreline of the 
National Land Numerical Information. The 
photograph at the upper right was taken at the location 
indicated by the blue arrow [8]. 
 

 
scattering model and the edges in these components can be 
explained by an SAR backscattering mechanism. Azimuth 
streaks that appeared in the boundary between land and sea 
in the Ps images may be whitecaps, and the combined 
image of the edges of Ps, Pd, Pv and Pc images showed 
double-bounce scattering, volume scattering, and helix 
scattering from civil engineering structures and terrain 
features of the rocky coast. Thus, it can be concluded that 
the edges of Ps images are generally useful for locating the 
shoreline in sandy coastal areas and that the combined 
image of the edges of Ps, Pd, Pv and Pc images is more 
accurate in identifying the shoreline with seawalls and in 
rocky coastal areas. 
Moreover, we demonstrate the result from another research 
[9]. Table 2 shows Full polarimetric ALOS-2/PALSAR-2 
datasets applied to four test sites located on the eastern, 

Px Px and Px Px and Px andPx Px andPx andPx andPx
Ps Ps+Pd Ps+Pd+Pv Ps+Pd+Pv+Pc
Pd Ps+Pv Ps+Pd+Pc
Pv Ps+Pc Ps+Pv+Pc
Pc Pd+Pv Pd+Pv+Pc

Pd+Pc
Pv+Pc

Table 2. Full polarimetric ALOS-2/PALSAR-2 
datasets (ascending orbit) used in this study [9]. 

Path Row Off-nadir angle Observation  Date 

17469 850 28.40 deg. 2017/8/17 

17262 810 25.45 deg. 2017/8/3 

17410 730 25.45 deg. 2017/8/13 

17617 690 28.40 deg. 2017/8/27 
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Fig. 5 Histogram of combined the edges of Ps, Pd, Pv 
and Pc images by logical conjunction on the shoreline 
extracted from the National Land Numerical 
Information database. (a) Total number of combined 
edges for site A was 99 from north to south. (b) Total 
number of combined edges for site B was 285 from 
north to south. (c) Total number of combined edges for 
site C was 498 from east to west [8]. 

western, northern, and southern sea, respectively. Table 3 
summarizes the results of shoreline detection using the 
edges of the Ps, Pd, Pv, and Pc images. Table 3 edges of 
the Ps, Pd, Pv, and Pc images. Table 3 subjectively indicate 

 
the grade three levels (good, fair or poor) for suitable edges 
among the Ps, Pd, Pv, and Pc images.  In this research  
“Good” means that the concordance rate, derived from 
qualitative evaluation through visual inspection, is over 80 
percent between the edge image and the shoreline of the 
NLNI data. “Fair” means that the concordance rate is from 
50 to 80 percent between the edge image and the shoreline 
of the NLNI data. Therefore, “Good” or “Fair” shows that 
the edge of any one of the four decomposed datasets should 
detect the shoreline, whereas “Poor” indicates that the edge 
of four decomposed datasets could not detect the shoreline. 
The combined image had the advantage of detecting 
various terrain features that characterize these shorelines 
and the orientations of the coastline compared with single 
polarization image analysis. This result suggests that 
updating the NLNI Administrative Zone vector data using 
full polarimetric ALOS-2/PALSAR-2 imaging is possible. 
 

3. GROUND DEFORMATION 
 
The Kujukuri coast, an approximately 60 km long stretch 
of uninterrupted sandy beach located on the Pacific side of 
Chiba Prefecture, Japan, is exposed to serious beach 
erosion. The Small BAseline Subset (SBAS) technique 
allows the detection of surface deformation and the 
analysis of space-time characteristics using the differential 
Synthetic Aperture Radar (SAR) interferometry algorithm. 
The SBAS method has been effective at retrieving 
temporal displacements of the line-of-sight signal using 
multi-temporal SAR data. In this study, we applied SBAS 
approach to ALOS/PALSAR datasets in order to evaluate 
spatial surface deformation on the Pacific side of Chiba and 
to explore the accuracy of the method [10]. We acquired 
eighteen ALOS/PALSAR datasets over the study area, 
observed using the Fine Beam Single (FBS) operation 
mode (Table 4). Each InSAR pair was determined by a 
combination of perpendicular baselines less than 1000 m. 
As a result, the line-of-sight displacement image derived 

Table 3. Summary of the combined images created 
using overlay analysis, consisting of the Ps, Pd, Pv, 
and Pc edges [9]. 

Coast 
type 

Coastal orientation Main 
edge 

Evaluation 

Sandy 
coast 

Along the range direction 
(southern or northern sea) 

Ps Good 

Sandy 
coast 

Rotated approximately 
45º from the range 

direction (eastern sea) 
Pv Fair 

Sandy 
coast 

Across the range direction 
(eastern sea) 

Ps Good 

Rocky 
coast 

Along the range direction 
(southern or northern sea) 

Pv Good 

Rocky 
coast 

Across the range direction 
(western sea) 

Pv Poor 
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Table 4. ALOS/PALSAR datasets used in this study. 
For all data, the offnadir angle is 34.3◦, the polarization 
is HH, and the satellite orbit direction is descending, 
and Path/Center frame number is 56/2900 [10]. 
 

No. Observation date 

1 2006/9/24 

2 2006/12/25 

3 2007/5/12 

4 2007/8/12 

5 2007/12/28 

6 2008/3/29 

7 2008/5/14 

8 2008/6/29 

9 2008/8/14 

10 2009/5/17 

11 2009/8/17 

12 2009/10/2 

13 2009/11/17 

14 2010/1/2 

15 2010/5/20 

16 2010/7/5 

17 2010/8/20 

18 2010/10/5 

 

 
Fig. 6 Mean displacement velocity image derived from 
SBAS analysis using ALOS/PALSAR datasets [10]. 

Table 5. ALOS-2/PALSAR-2 datasets used in this study. 
For all data, the offnadir angle is 32.8◦, the polarization 
is HH, and the satellite orbit direction is descending, 
and Path number is 18 [11]. 

 
No. Observation date 

1 2015/1/15 

2 2015/9/24 

3 2016/3/10 

4 2016/6/16 

5 2016/8/11 

6 2016/11/17 

7 2017/3/9 

8 2017/6/15 

9 2017/8/24 

10 2017/11/16 

11 2018/3/8 

12 2018/6/14 

13 2018/8/23 

14 2018/11/15 

15 2019/3/7 

 

 
Fig. 7 Corrected mean displacement velocity image 
derived from SBAS analysis using ALOS-2/PALSAR-2 
datasets [11]. 
 
from SBAS analysis using the twenty-nine InSAR pairs to 
combine PALSAR-2 data from Table 4 was not suitable in 
comparison with the first-order leveling survey results by 
Chiba prefecture. Thus, we selected six InSAR pairs 
having appropriate phase map images to retry the SBAS 
analysis. Fig.6 shows the result of SBAS analysis using the 
six InSAR pairs. The distribution of the line-of-sight 
displacement image of SBAS analysis is similar to the 
subsidence map, particularly the location of the area of the 
subsidence map is well matched with displayed large value 
area of the line-of-sight displacement. In addition, the 
subsidence of seashore area in Chiba Prefecture could be 
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evaluated by visual changes in the SBAS analysis. 
However, to improve analytical accuracy, the line-of-sight 
displacement image should not be used all InSAR pairs but 
rather InSAR pairs obtained from appropriate phase map 
images. 
Moreover, we demonstrate the result from another research 
[11]. The purpose of this study was to evaluate the 
displacement accuracy using ALOS-2/PALSAR-2 data 
and reveal the displacement in Kanto region including the 
Kujyukuri coast by SBAS analysis. We acquired fifteen 
PALSAR-2 datasets over the study area, observed using the 
ultrafine single mode (Table 5). Fig. 7 shows the results of  
SBAS analysis using forty-five InSAR pairs. We obtained 
as a knowledge that the Pacific side area of Chiba 
prefecture  has been subsidence for a long time from the 
results shown in Fig. 6 and Fig. 7. 
 

4. CONCLUSION 
 
In this paper, we reported research results on shoreline 
detection by using full polarimetric PALSAR-2 data and 
evaluating surface deformation by SBAS analysis using 
PALSAR and PALSAR-2 data. The result of analyzing full 
polarimetric PALSAR-2 data suggests that updating the 
NLNI Administrative Zone vector data using full 
polarimetric ALOS-2/PALSAR-2 imaging is possible. 
However, the accuracy of shoreline detection with satellite 
data depends on the spatial resolution of the image. In short, 
the full polarimetric PALSAR-2 data used in this study, 
was about 5 m, comparable to the geometric accuracy of a 
map with a scale of 1 to 25,000. The Kujukuri coast located 
on the Pacific side of Chiba Prefecture is well known as a 
serious beach erosion area. Our result of SBAS analysis 
using ALOS/PALSAR and ALOS-2/PALSAR-2 data 
suggests that subsidence around the coast can be concluded 
as a factor of beach erosion from the point of 
geomorphological features. Therefore, ALOS-2/PALSAR-
2 is a useful sensor for monitoring sea coast area to analyze 
time-series phenomena. 
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1. Introduction

This report includes all the studies that have been 
carried out at GET (Toulouse, France) that would not have 
been possible without the use of the data acquired during 
the project ALOS-2-R4-6 proposed by the Japan 
Aerospace Exploration Agency. The main objective of our 
proposal was to apply SAR interferometry using PALSAR 
data acquired by ALOS1 and ALOS2 to analyze ground 
deformation associated with the present-day volcanic 
activity of a subset of active volcanoes located in Andes 
(Chile, Argentina and Peru) and also ground displacement 
related to the seismic cycle along the active Andean 
margin. In favorable cases, we used an integrated approach 
combining both satellite observations (ALOS1-and 2, 
ENVISAT, SENTINEL 1 and 2) and ground based 
geodetic measurements (high resolution GPS, relative and 
absolute gravity, seismology) to better constrain the ground 
deformation time series and thus improve the modeling of 
related internal dynamic processes. Another objective of 
this project was to contribute to the development of SAR 
interferometry techniques for volcano monitoring in South 
America. It has been fulfilled as the results presented later 
on this report has been obtained in the frame of three thesis 
works of students coming from South America with which 
Geoscience Environnement Toulouse (GET) has 
partnership agreements.  

For the sites of interest in western South America 
(Section 2 3 and 4) where the interferometric data 
provided a clear evidence of ground deformation, we used 
numerical modeling to constrain the dynamics and the 
geometry of the sources responsible both for the far field 
and the near field signals. Our approach consisted in 
exploring possible source models by combining an 
optimized numerical modeling procedure and inversion 
based on stochastic approaches. The 3D mixed boundary 
element method (3D-MBEM) [1] and Finite Element 
model (ADELI) [2] were used to model the surface 
displacement caused by various types of sources, 
considering a uniform or a layered elastic half-space. The 
Section 1 concerns the characterization of the time 
evolution of slip over different phases of the seismic cycle 
is crucial to a better understanding of the factors controlling 
the occurrence of large earthquakes In Section 2, we 
characterize for the first time the mechanical properties of 
a mush reservoir, able to promote large surface 
displacements observed at Laguna del Maule (LdM). Using 
a 3D finite-element method we simulate a recharge of 

magma at the base of a crystal rich reservoir to model the 
observed temporal and spatial evolution of ground 
displacements measured with InSAR and GNSS data at 
LdM, a silicic volcano that has been inflating since 2007, 
accumulating 2 m of uplift without erupting. In Section 3, 
we are interested in the interaction between slip motions 
along a long margin parallel fault called Liquine Ofqui 
(LOFS), which accommodates the plate convergence in the 
South Volcanic Zone of South America. Here, we explore 
if a movement on this fault could be the trigger of the 2011 
Cordon Caulle eruption, which was one of the largest 
subaerial eruption of the 21st century. 

We also present in this report two studies that go 
beyond the strict framework of displacement studies 
carried out in South America in relation to volcanic or 
tectonic activities (Section 5 and Section 6). The first one 
presented in Section 5 concerns a study carried out in 
Azerbaijan on mud volcanoes. It was carried out in 
collaboration with Azerbaijanis researchers and allowed us 
to highlight insight difference in the characteristics 
between conical and flat mud volcanoes. 

Finally, Section 6 presents a study carried out in 
the Atacama Desert, which is one of the driest zones on 
Earth. This region has been recently impacted by low-
frequency, high-intensity rainstorm events (up to more than 
100 mm in a few hours) (2015, 2017, 2019) resulting in 
fatalities, substantial infrastructure damage and great loss 
of soil due to rain erosion We applied coherence change 
detection (CCD) techniques, based on the high sensibility 
of the interferometric correlation estimated between 
interferometric pairs of synthetic aperture radar (SAR) 
images towards subtle changes in scattering properties that 
have been demonstrated to be effective for mapping ground 
surface changes triggered by extreme rain events in arid 
zones [3-7]. In this still pioneer study we did not used 
ALOS data due to the low frequency rate of image 
acquisitions. But, we think from our experience that very 
promising results can be expected from the comparison of 
the coherence behavior over time to ground surface 
changes related to the degradation processes of the soil 
captured by SAR at different radar frequencies. When L-
Band images acquired approximately every 10 days will be 
available, we think that our approach opens a very rich 
exploratory field for geomorphologists initiated to the 
analysis of radar images. 
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2. Postseismic Relocking of the Subduction 
Megathrust Following the 2007 Pisco, Peru 

earthquake 

Characterizing the time evolution of slip over 
different phases of the seismic cycle is crucial to a better 
understanding of the factors controlling the occurrence of 
large earthquakes [8-10]. In this study [x], we 
complemented previous study [9] and  we took advantage 
of InSAR data and 3.5 years of continuous GPS (cGPS) 
measurements to determine inter-, co- and postseismic slip 
distributions in the region of the 2007, Mw 8.0 Pisco, 
earthquake, Peru, using the same fault geometry and 
inversion method (Fig.1-2).  

Our interseismic model, based on pre-2007 
campaign GPS data, suggested that the 2007 Pisco seismic 
slip occurred in a region strongly coupled before the 
earthquake while afterslip occurred in low coupled regions. 
Large afterslip occurred in the peripheral area of coseismic 
rupture in agreement with the notion that afterslip is mainly 
induced by co-seismic stress changes.(Fig.3) The temporal 
evolution of the region of maximum afterslip, 
characterized by a relaxation time of about 2.3 years, was 
located in the region where the Nazca ridge is subducting, 
consistent with rate-strengthening friction promoting 
aseismic slip. 

We estimated a return period for the Pisco 
earthquake of about 230 years with an estimated aseismic 
slip that might account for about 50% of the slip budget in 
this region over the 0-50 km seismogenic depth range. A 
major result of this study was that the main asperity that 
ruptured during the 2007 Pisco earthquake relocked soon 
after this event (Fig.3).  

 
Figure 1. Study area 

  
Figure 2. Observed and modeled coseismic 
interferograms for the Pisco earthquake. The largest 
InSAR displacement observed is about 0.85 m from 
ALOS interferogram acquired in track 111. The fit 
between predicted and observed interferograms is 
generally good with a 2 close to one.  

Figure 3. Left) Best co and postseismic slip distribution 
model inferred from cGPS and InSAR data. Right). 
Best interseismic coupling model. Black and white 
arrows show the observed and predicted interseismic 
GPS velocities, respectively.  
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3. Viscoelastic relaxation: a mechanism to explain the 
decennial large surface displacements at the Laguna 

del Maule silicic volcanic complex  

Silicic systems generate the most explosive 
eruptions on Earth. In contrast to basaltic systems, they can 
accumulate large volumes of magma without 
systematically erupting, confronting the classical 
interpretation that a volcano inflates when a magmatic 
intrusion occurs [11]. Understanding the mechanisms of 
volcanic inflation and unrest is thus one of the most 
important challenges in volcanic risk assessment. Laguna 
del Maule (LdM) in the Southern Volcanic Zone (SVZ) of 
Chile, is one of the most active Holocene silicic complexes 
in the world and it has been inflating since 2007, 
accumulating 2 meters of uplift without erupting. Several 
geophysical and geochemical studies conclude that a large 
crystal rich reservoir would be residing beneath LdM, in 
consistency with other multi-disciplinary studies showing 
that such crystal-rich reservoirs (“mush zones”) can be 
maintained beneath silicic volcanoes, fed by mafic magma 
recharge from below [12-13]. Nevertheless, the mechanical 
state of such reservoirs remains unclear. Here, we 
characterize for the first time the mechanical properties of 
such a mush reservoir, able to promote large surface 
displacements such as those measured at LdM.  

 
Figure 4. Subset of adjusted LOS displacement maps 
overlaid onto a shaded relief map, perpendicular 
baseline (in meters) as function of time and Cumulative 
LOS displacements and their 1σ uncertainties (in red) 
recorded at the location of the GNSS station MAUL2 
and the GNSS vectors recorded at MAUL2 projected 
into the radar LOS (in blue) 

Using a 3D finite element method (ADELI) we 
simulate a recharge of magma at the base of a crystal rich 
reservoir, by assuming an overpressurized source 

surrounded by a large viscoelastic shell. Inversion results 
show that this model fits the observed temporal and spatial 
evolution of ground displacements measured with InSAR 
data and GNSS data between 2007 and 2017 (Fig 4). We 
interpret the temporal behavior of ground displacement at 
LdM as resulting from two contributions. . A magma 
recharge occurred within the first 4 years of the active 
inflation, followed by the viscous response of the large 
viscoelastic shell, set to a viscosity of 1017 Pa.s. 

Compared to a purely elastic solution, our model 
suggests that up to 50 % of the accumulated surface 
displacement during the ten-year period can be explained 
by this viscous response, and predicts ongoing 
displacements 50 years after the onset of inflation (Fig.5). 
This model agrees with geophysical and geochemical 
observations and offers a simple explanation of the 
temporal evolution of surface displacements. It further 
allows to reconsider the mechanical behavior of large 
partially crystallized domains in the upper crust; such 
significant transient stress transfer over large viscoelastic 
areas should thus be accounted for in other studies of silicic 
volcanic complexes. 

 
Fig.5. Up) Mesh geometries for the finite element 
ADELI setup. The model is meshed with tetrahedral 
elements with high resolution in the source and up to 
the free surface close to the source. Bottom) Results of 
the best fit of the temporal evolution of surface 
displacements at MAU2 in the last 10 yr. 
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4. Activation of margin-parallel shear zones favors 
explosive eruptions: could the Liquiñe-Ofqui Fault 
System promote the 2011 Cordon Caulle eruption? 

 
Figure 6. Study area. a) Regional scale map of the 
Southern Volcanic zone of Chile (after Sielfeld 2019). b) 
zoom into the Cordon Caulle volcanic complex area 
(PCCVC) 

The 2011-2012 Cordon-Caulle eruption was one 
of the largest subaerial eruption of the 21st century, and 
was characterized by a rapid change from explosive to 
effusive behavior. This eruption was preceded by an 
inflation from 2007 to 2009, followed by two years of 
barely no ground deformation.[12-14] Despite intensive 
monitoring by geodetic and seismological data, its trigger 
mechanism remains undetermined. Here, we benefit from 
SAR imagery over the Puyehue Cordon-Caulle Volcanic 
Complex acquired by ALOS-1 and 2, ENVISAT and 
SENTINEL-1 data, to analyze the temporal and spatial 
behavior of ground displacements before, during and after 
the eruption. We find that a similar prolate spheroidal 
source explains the ground deformation for the pre-
eruptive and post-eruptive periods. Then we explore two 
hypotheses to explain the observed displacements during 
the explosive phase of the eruption, both related to a 
tectonic origin [15]. First, we model InSAR data by using 
standard analytical elastic models, to evaluate how slip 
motion along specific geometrical structures could be 
consistent with and eventually explain surface 
observations. Our inversion results show that the ground 
displacements observed during the explosive phase may 
have been produced either by the collapse of the caldera 
and the graben flanking the reservoir, or by seismic slip 
along a NW-striking dextral-strike slip branch fault of the 
north-trending Liquiñe-Ofqui Fault System (LOFS) (Fig. 
3).  Second, we use 3D numerical models and elastoplastic 
rheology to assess the failure conditions along each of these 
structures resulting from an overpressure applied at the 
wall of the prolate-spheroidal reservoir, simulating magma 
injection. 

 Our results show that the magma injection during 
the preeruptive period was too small to trigger the 2011 
eruption. Nevertheless, it likely promoted mechanical 
weakening of the bedrock domain over localized areas, 
which could explain the seismicity observed during the 
pre-eruptive period The presence of a weak graben-caldera 
structure did not seem to have facilitated magmatic fluid 
flow towards the surface since instead, it tends to enhance 
constrictional domains around the inflating reservoir. 

 
Figure 7. a) Ascending ENVISAT encompassing the 
explosive eruption b) Ascending ENVISAT 
interferogram encompassing the effusive period of the 
eruption. c) Pre-eruptive Ascending ALOS-1 
interferogram. d) Post-eruptive Ascending Sentinel-1 
interferogram.  

We favor the hypothesis of the activation of a 
LOFS branch, and suggest that the 2007-2009 episode of 
magma injection weakened this pre-existing fault zone. 
When investigating the elasto-plastic pattern resulting from 
the application of a dextral slip along the LOFS branch-
fault, we obtain a sub-vertical dilatational plastic zone that 
connects the reservoir wall to the surface, where it 
coincides with the location of the 2011 eruption. Hence we 
propose that the LOFS branch-fault, weakened during the 
pre-eruptive inflation phase, destabilized and slipped two 
years later in a way that it served as open channels for fluid 
migration from the magma reservoir up to the surface. 

The presence of a weak graben-caldera structure 
did not seem to have facilitated magmatic fluid flow 
towards the surface since instead, it tends to enhance 
constrictional domains around the inflating reservoir. We 
favor the hypothesis of the activation of a LOFS branch, 
and suggest that the 2007-2009 episode of magma injection 
weakened this pre-existing fault zone. When investigating 
the elasto-plastic pattern resulting from the application of a 
dextral slip along the LOFS branch-fault, we obtain a sub-
vertical dilatational plastic zone that connects the reservoir 
wall to the surface, where it coincides with the location of 
the 2011 eruption. Hence we propose that the LOFS 
branch-fault, weakened during the pre-eruptive inflation 
phase, destabilized and slipped two years later in a way that 
it served as open channels for fluid migration from the 
magma reservoir up to the surface. 
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Figure 8. InSAR best fit models a) Two deflation point 
sources, located by the white circles. b) Caldera-
Graben structure model. Black Line shows the 
geometry of the structure. Pure normal slip is imposed 
on the caldera border fault and reverse sinistral slip is 
imposed on the graben faults. c) Activation of a branch 
fault of the LOFS, along with a dextral-strike slip is 
imposed. Black Line shows the trace of the fault. d) 
Caldera collapse and activation of the southern branch-
fault only. The black rectangle represents the Okada-
fault zone and the black line shows the location of the 
Caldera-border fault.  
 
 
 
 
 
 
 
 
 
 

5. Activity as testimony to the structure of flat and 
conical mud volcanoes, examples from Azerbaijan 

 
Figure 9. Geological map of eastern Azerbaijan with 
Absheron Peninsula, redrawn from [16]. 
 

This study completes the one we have done before 
[17]. We compared the activity of several mud volcanoes 
in Azerbaijan by choosing examples of flat mud volcanoes 
and conical ones (Fig.9). Our goal was to investigate 
whether this difference in shape and structure could be due 
to a difference in volcanic activity. We used field data 
collected over a 6-year period, data from SAR imagery and 
microgravimetry data acquired in the field in 2018 and 
2019 (Fig.10). 

 
Figure 10. Example of several interferograms and 
easting and vertical components of the displacement at 
Otman-Bozdag volcano. a) Sentinel-1 wrapped 
interferograms for the pre-eruptive period. b). 
Sentinel-1 wrapped interferograms for the post-
eruptive period. c) Ascending and descending Sentinel-
1 and ALOS-2 wrapped interferograms encompassing 
the September, 2018 eruption. d) Easting and vertical 
components of the displacement observed during the 
eruption obtained from ALOS-2 data 
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All these data converge to show that conical mud 
volcanoes build up through frequent stacking of small 
volume pie-like mudflows in the summit caldera and 
occasional lateral overflow to the flanks during larger 
eruptions. Due to the period of quiescence between 
eruptions, the mud dries out and become stiffer which lead 
to the building up of the conical mud volcanoes. The 
caldera formation is limited and restricted to the top of 
conical mud volcanoes. As regards flat mud volcanoes are 
more regularly active and spread widely, pushing back 
their edges to grow horizontally. In any case, the mud 
volcano is built around a surface or shallow mud volume 
but it was not possible for us to specify the geometry of the 
supply pipes.(Fig.11) 

 
Figure 11. Elevation and cross sections from the 
inversion gravity models using a density contrast from 
0.05 to -500 g.cm-3.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

6. Mapping rainstorm erosion associated with an 
individual storm from InSAR coherence loss validated 

by field evidence for the Atacama Desert [7] 

Extreme high-magnitude and low-frequency 
storm events in arid zones provide the necessary runoff to 
entrain sediments from source areas and therefore dictate 
the linkages between hillslopes and channels. Nevertheless, 
the erosive impact of large storms remains difficult to 
predict. Most of the uncertainty lies in the lack of 
topographic change maps associated with single hydro-
meteorological events. Consequently, event-based erosion 
models are poorly constrained and their extrapolation over 
long time periods remains uncertain. 

In this study, a 15-month Sentinel-1A coherence 
time series, optical and field data are used to map the 
spatial patterns of erosion after the 5-day storm occurred 
on March 2015, in the Atacama Desert. The coherence 
change detection (CCD) analysis suggests that temporal 
loss of coherence is related to variations in soil moisture, 
while permanent loss of coherence is related to 
modification of soil texture by erosion and sedimentation. 
The resulting coherence loss map combined with optical 
imagery and field observations highlights great 
modifications by erosion and/or deposition of channels, 
suggesting that sediments from the relatively low slopes of 
catchments have a significant contribution during storms 
whilst this behavior is generally not observed for steep 
hillslopes (>30º) (Fig.11). The change in surface 
characteristics directly relates to the thickness of the 
regolith and/or sediment cover.(Fig.12) Thus the area of 
gentle slope, which are characterized by significant 
thickness of regolith, are strongly impacted by erosion after 
strong rainfall event. Consequently, this results show that 
the soil disturbance pattern during an individual rainfall 
event contradicts classical landscape models, which predict 
higher erosion on steeper hillslopes. Complementary, when 
analysing the factors that contribute to debris flow 
generation, the sediment storage, which depends in  
Fig. 11. CCD erosion map retrieve from Cabré et al. 
(2020) where red colours indicate ground change 
triggered by an individual storm event (03/2015), blue 

are stable areas and white (snow). On the right, two 
photos of the erosion evidence in the field 

topographical attributes, dictates whether the catchments 
are eroded or not during extreme storm events. The 
sediment is stored during the inter-storm periods preferably 
in larger catchments with low-relief/gentle surfaces 
controlled by both the channel development and the 
preservation of perched low-relief surfaces on the 
headwaters of these arid catchments. Therefore, sediments 
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are susceptible to be transferred by debris-flows by any 
extreme storm that impacts the area because there is 
abundant sediment supply. The high altitude of the zero-
isotherm and the heterogeneous cell storms distribution 
instantaneously increase run-off during storms and thus the 
entrainment of sediment impacts larger areas where stored 
sediments and soil are present. These findings contradict 
the landscape models predicting higher erosion on steeper 
hillslopes. The CCD technique represents a promising tool 
for analyzing and modelling sediment connectivity in arid 
areas, giving a clear picture of the relation between 
sediment sources and sink pathways 

Fig. 12. Field examples and their corresponding 
coherence time series encompassing the 03/2015 
rainstorm. 
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1. INTRODUCTION

The principal investigator and the research group carried 
detailed studies of the earthquake hazards based on the 
ALOS-1/2 PALSAR-1/2 images in the past years under the 
support of the 6th Research Announcement(RA-6) for the 
Advanced Land Observation Satellite-2(ALOS-2). It is a 
pity that the surface deformation in the seismic gap of the 
Longmenshan fault after the Wenchuan and Lushan 
earthquake has not successfully extracted from the 
PALSAR-1/2 images using the time series InSAR 
techniques due to too few of PALSAR-1/2 images and high 
dense vegetable cover in the interested area. However, 
some valuable studies of the surface deformation 
monitoring and source model estimating of the earthquakes 
occurred in the past years has been carried by the principal 
investigator and the research group. And we will summary 
the related research achievement in the following sections. 

2. SOURCE MODEL AND COULOMB STRESS
CHANGE OF THE 2015 MW 7.8 GORKHA

EARTHQUAKE DETERMINED FROM
IMPROVED INVERSION OF GEODETIC

SURFACEDEFORMATION OBSERVATIONS 

The Mw 7.8 earthquake struck the central Nepal near the 
city of Gorkha about 80 km northwest of Kathmandu on 25 
April 2015. The event resulted in more than 8500 fatalities 
and caused a widespread damage effect on over six million 
people in Nepal, China, India and Bangladesh [1-3]. This 
strong earthquake produced a ∼140 km rupture on the 
Main Himalaya Thrust (MHT) fault at the convergence 
zone of the Indian and Eurasian plates. The coseismic 
surface deformation, fault slip model and induced stress 
change are comprehensively investigated with the geodetic 
observations in this study. The surface deformation is 
mapped by the combination of the GPS observations with 
the descending and ascending track ALOS-2/PALSAR-2 
SAR images. We developed a non-linear model between 
the atmospheric delay and topography to correct the 
topography-correlated atmospheric delay (TCDA) 
component (See Fig. 1), which is written as the following. 

0 1 2 3 4 5( ) ( ) ( ) ( )i i i i i i i i i iAtmpha A A H A ln H A l ln H A p ln H A l p ln H= + ⋅ + ⋅ + ⋅ ⋅ + ⋅ ⋅ + ⋅ ⋅ ⋅

      (1) 
where Atmphai  indicates the atmospheric phase delay,

 -  5 0A A  denote the model parameters to solve, Hi  indicates
the local elevation of the used InSAR data point, i  denotes 
the number of the used InSAR data point, l  and p  are the 
geographical coordinates or radar image coordinates. 

Fig. 1 Differential interferogram from the descending 
track ALOS-2 ScanSAR images and (b) the corrected 
interferogram after removing the TCDA component. 
(c) Differential interferogram from the ascending
ALOS-2 Swath images and (d) the corresponding
corrected interferogram.

In addition, an improved forward modeling of the surface 
displacement considering the effect of topographic 
variation on the geodetic data inversion is developed (Fig. 
2), and applied to determine the fault geometry and slip 
distribution associated with the event. The derived faulting 
model (Fig. 3) shows that the thrusting motion occurs on a 
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fault plane with a low dip of ∼ 6.2◦, and the significant slip 
concentrates at depths of 5–13 km. More than 90% of the 
seismic moment is released on the middle fault segment 
with a maximum slip of ∼6.7m. Two significant slip deficit 
zones located on the northwest and southeast of the fault 
are recognized from the source model. The shallow portion 
of the Main Frontal Thrust fault with little slip during the 
event is considered as the lower edge of the locked zone, 
which plays an important role in accommodating the 
convergence between the Eurasia and India plates.  

 
Fig. 2 Geometry between the fault dislocation depth 
and topographic relief. The depth of fault patch is D km 
relative to the half-space dislocation surface, the 
elevation of the observation data point is H, and thus 
D+H is the actual fault depth that is used to forward 
calculate the surface displacement in the inversion. 

 
Fig. 3 Estimating fault slip model of the 2015 Gorkha 
earthquake. (a) Total slip, (b) dip-slip, (c) strike-slip 
and (d) slip error on the fault plane. (e) Slip projected 
to the surface. The red star represents the epicenter of 
the main quake, black ellipses depict the two slip deficit 
zones marked by “SD-1” and SD-2”, and red solid 
circles are the epicenters of large aftershocks with 
magnitudes more than Mw 4.0. Red solid line denotes 
the upper edge of the main shock slip, and pale red area 
indicates a locked zone. 

 
Fig. 4 Change in Coulomb failure stress. Three 
significant negative CFS change areas of “A”, “B” and 
“C”, and three positive CFS change areas of “D”, “E” 
and “F” are recognized. Positive values indicate the 
stress increase with seismic potential, especially for the 
labeled “E” area. 

The change in Coulomb failure stress (Fig. 4) shows a 
significant increase for the slip deficits and the locked zone 
on the Himalayan front, which indicates that the 
accumulated strain on the MHT fault has been partially 
alleviated by the major quake and the aftershock sequence, 
but will continue to balance the slip deficit and high stress 
regimes, and drive the seismicity in the Himalayan front. 
 

3. COSEISMIC AND POSTSEISMIC FAULT 
MODELS OF THE 2018 MW 6.4 HUALIEN 

EARTHQUAKE OCCURRED IN THE JUNCTION 
OF COLLISION AND SUBDUCTION 

BOUNDARIES OFFSHORE EASTERN TAIWAN 
 
On 6 February 2018, a Mw 6.4 earthquake struck east 
Taiwan, and the epicenter (24.134°N and 121.658°E of 
USGS solution) is located at ~18.2 km NNE of the Hualien 
city. This strong earthquake caused the collapse of some 
buildings in Hualien city, and resulted in 17 deaths and 285 
injures until 12 February 2018. This earthquake occurred 
in the northern extension of the Coastal Range which is the 
junction of collision and subduction boundaries between 
the Eurasian plate and Philippine Sea plate. Previous 
studies suggested that a tear fault boundary could be the 
major seismogenic structure between the Taiwan orogen 
and Ryukyu subduction zone [4-5]. The GPS 
measurements in this area show that the Philippine Sea 
plate has a movement along NW direction at a rate of ~8.2 
cm /yr towards the Eurasian plate. The high rate of the 
collision between the two plates causes a very rapid uplift 
and develops a series of active faults in the east Coastal 
Range of Taiwan. And it also results in many destructive 
earthquakes including the 1951 Hualien-Taitung 
earthquake sequences, the 1999 Mw 7.6 Chi-Chi 
earthquake and the 2016 Mw 6.5 Meinong earthquake 
occurred in Taiwan in the past 100 years [6-7]. 
After this earthquake, we collected the ascending and 
descending InSAR deformations (Fig. 5) derived from 
ALOS-2 and Sentinel-1 satellites SAR images and GPS 
displacements to estimate the fault model of the 2018 Mw 
6.4 Hualien earthquake. And it is found that the sinistral 
fault dipping to west with a high dip angle of 89.4º and a 
rake angle of 201.7º (Fig. 6) is considered as the 
seismogenic fault of this event. This seismogenic fault also 
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triggered the ruptures of the Milun fault which dips to east 
with a dip angle of ~72º, and an unknown west-dipping 
fault with a dip angle of 85.2º. 

 
Fig. 5 Mapped surface deformation fields of the 2018 
Hualien earthquake using the ALOS-2 and Sentinel-1 
SAR images. (a) ALOS-2 ascending, (b) ALOS-2 
descending, (c) Sentinel-1 ascending, and (d) Sentinle-1 
descending InSAR deformation is wrapped by [-3.0 cm, 
3.0 cm]. (e-h) are the absolute InSAR deformation fields 
of the 2018 Hualien earthquake. 

Two faulting models indicate that the InSAR deformation 
fields include more postseismic slip than the GPS data. The 
north segment of the Milun fault and west-dipping fault 
have been triggered by the rupture of the seismogenic fault, 
but the postseismic slip occurred only in the south segment 
of the Milun fault (Fig. 6). The InSAR-derived coseismic 
and postseismic faulting model suggests that the significant 
slip concentrates at depths of 2.4-15.0 km of the main fault, 
0.0-14.0 km of the Milun fault. Only minor slip is detected 
on the west-dipping fault. The maximum fault slip of ~2.1 
m is located at the depth of ~2.4 km under the Meilun 
Tableland (Fig. 6).  
The Coulomb failure stress (CFS) change (Fig. 7) 
calculated by the coseismic and postseismic faulting model 
shows that there is a significant CFS increase in the east of 
the south segment of the Milun fault, but few of the 
aftershocks occur in this area, which indicates a high risk 
of future seismic hazard. 

 
Fig. 6 The faulting models respectively inferred by GPS 
and InSAR observations, and the red dots are the 
aftershocks of the 2018 Hualien earthquake. (a) The 
coseismic faulting model inferred by GPS 
displacements with a peak slip of ~0.9 m. (b) The 
coseismic & postseismic faulting model of the 2018 
Hualien earthquake, in which the maximum 
accumulated slip magnitude is up to ~2.1 m. 

 
Fig. 7 The Coulomb failure stress change on the faults. 
(a) The CFS change on the two triggered faults 
including the Milun and west-dipping faults calculated 
by the coseismic faulting model of the seismogenic fault 
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(Fig. 6a). (b) The CFS change on all the faults calculated 
by the coseismic faulting models shown in Fig. 6a. 

 
4. MIDCRUSTAL THRUSTING AND VERTICAL 
DEFORMATION PARTITIONING CONSTRAINT 
BY 2017 MW 7.3 SARPOL ZAHAB EARTHQUAKE 

IN ZAGROS MOUNTAIN BELT, IRAN 
 
On 12 November 2017, the Sarpol Zahab earthquake of 
Mw 7.3 struck northwest Iran near the border with Iraq, 
with the epicenter (34.902°N and 45.952°E, USGS 
solution) roughly ~120 km northwest of Kermanshah city. 
This strong earthquake caused severe surface shaking and 
building collapse, and it killed more than 400 and injured 
~8000 people [8]. The Sarpol Zahab earthquake occurred 
at the northwest Zagros Mountain belt, and it might be 
associated with the rupture of the Zagros Mountain Front 
Fault (MFF) in Pol-e-Zahab Region [8]. The Zagros 
mountain range is a part of the Alpine-Himalaya mountain 
chain formed from the oblique collision between the 
Arabian and Eurasian plates during the closure of the Neo-
Tethys Ocean [9-10]. The long-term geodetic observation 
in this zone shows that the convergence rate is ~28.0 mm/yr 
[11-12], and it accommodates almost half of the present-
day shortening between the Arabian and Eurasian plates 
[12]. 
After this earthquake, we investigate the geodetic data set 
of interferometric synthetic aperture radar (InSAR) 
including ALOS-2 and Sentinel-1A/1B satellites for 
inferring the fault model of the 2017 Mw 7.3 Sarpol Zahab 
earthquake (Iran). The InSAR deformation fields (Fig. 8) 
show that the seismogenic fault does not reach the ground 
surface, but some shallow folds have been triggered by the 
main shock.  

 
Fig. 8 The InSAR deformation fields of the 2017 Sarpol 
Zahab earthquake derived from ALOS-2 and Sentienl-
1 SAR images. One color cycle from violet to red 
indicates surface motion of 20 cm along satellite LOS 
direction. (a) ALOS-2 ascending, (b) ALOS-2 
descending, (c) Sentinel-1 ascending and (d) Sentinel-1 
descending InSAR deformation.  

The faulting model of this event is estimated based on the 
extracted coseismic surface deformation (Fig. 8), and it is 
found that the coseismic rupture occurs on a single planar 
fault surface with a strike angle of 337.5º (Fig. 9). Two 
significant slip sources are determined by the geodetic 
data: one is located within the depth range of 11.8-13.5 km 
with a peak slip of 4.9 m, and the other occurs at the 
shallower depth (10.5-12.5 km) with a peak slip of 4.5 m, 
both of them are responsible for the primary deformation 
signals in the geodetic imagery.  

 
Fig. 9 The inferred faulting model (a-b) of the 2017 
Sarpol Zahab earthquake by the ALOS-2 and Sentinel-
1 InSAR observations. The red dots denote the 
aftershocks within Nov/11/2017-Dec/26/2017, the black 
solid ellipses suggest the two high-slip areas. 
The significant fault slip concentrates at the depth of 10-14 
km within the Pan-African basement. However, most of the 
aftershocks locates depths of 3-12 km in the shallow 
sedimentary section. We hypothesize that the Hormuz Salt 
section with the depth of 12-13 km detaches the high-slip 
zones from the aftershock cluster, by which the fault slip is 
not transferred through the intervening salt section to the 
surface. 
The predicted static Coulomb stress change (Fig. 10) by 
our preferred faulting model at the depth of 10 km could 
encourage the occurrence of the aftershocks. Moreover, the 
Fig 10e shows the CFS change on the cross section through 
geologic section AF. It shows that a good number of the 
aftershocks has occurred in the negative CFS change area 
at depth of 5-12 km and along distance of 37-80 km. We 
hypothesize that these aftershocks could have occurred due 
to positive CFS change on a different fault plane in their 
location. Moreover, the dynamic coulomb stress change 
could also partly responsible for the occurrence of these 
aftershocks. Most of the shallow folds at distance of 35-
140 km experienced negative CFS change, which implies 
a restraint of the future rupture. The shallow fault-related 
folding within the black dotted ellipse at distance of 0-15 
km has an average positive CFS change ~0.6 bar. The 
InSAR interferograms (Fig. 8) show that the observed 
InSAR fringes are discontinuous around this fault-related 417



folding, which indicates that the main shock has triggered 
the rupture of this fault. 

 
Fig. 10 The CFS change at the 10 km depth with 
receiver parameters of 337.5º for the strike angle, 75º 
(high dip angle) for the dip angle, 90º (a) and 130º (b) 
for the rake angle. The CFS change at the 10 km depth 
with receiver parameters of 337.5º for the strike angle, 
11.2º (low dip angle) for the dip angle, 90º (c) and 130º 
(d) for the rake angle. The CFS change on a vertical 
plane through geologic section AF. 
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1. INTRODUCTION

Landsliding is the downhill movement of soil and/or rock 
under the force of gravity [1]. This important geomorphic 
process sculpts the landscapes by transporting large 
volumes of sediment through the fluvial system [2], [3]. 
Landslide hazards, costing several billions of dollars and 
resulting in tens of casualties in the United States every 
year [4], can be triggered by external factors: heavy rainfall 
or rapid snowmelt [5], ground shaking (volcanic eruptions, 
earthquakes) [6], changes in land cover (wildfires) [7], 
atmospheric tides [8], and anthropogenic activities (mining 
and deforestation) [9], among others.  
Dangerous landslides over the northern US have two 
general categories based on their mobility [10]. One is 
characterized by long periods of dormancy followed by 
abrupt mass movements and runout acceleration 
accompanying the failure of slopes and/or large slump-
blocks. A few of massive deep-seated landslides (e.g., 2014 
Oso landslide in Washington) during lengthened, heavy 
rainfalls can be extremely mobile and destructive, causing 
damages and fatalities at a large scale. The other landslide 
category exhibits relatively slow motions along a large 
hillslope, following visco-elastic or vis-co-plastic 
behaviors over a long period of time or coastal marine 
erosion on the landslide toe. Slow-moving landslides cause 
significant erosion, regulate hillslope angles and 
topographic relief, and are a principal geologic hazard to 
infrastructures. In addition, debris flows and mudflows 
usually occur in small, steep stream channels and are often 
interpreted as floods. Landslide debris can bulk or add 
volume and density to otherwise normal stream flow, or 
cause channel blockages and diversions creating localized 
erosions or catastrophic flooding. A common trigger for 
both runout failures and slow-moving landslides is intense 
precipitation, via an increased pore-water pressure and the 
attendant reduction in frictional resistance along basal 
shear zones. Quantifying the interaction between 
precipitation and landslide initiation and mobility is 
essential for characterizing the role of landslides in 
landscape evolution and hazard mitigation. It is still 
challenging to identify and characterize rapidly-developing 
shallow landslides and avalanches from recurring remote 
sensing datasets, which are better fit to monitoring slowly-
moving, deep-seated landslides.  
The northwestern US is vulnerable to extreme precipitation 
events (rainfalls of high peaks and long durations) during 
the winter months. Since 1955, extreme precipitation 
events have been responsible for about two-thirds of the 

primary disaster declarations in Washington and Oregon. 
For example, between Dec. 1996 and Jan. 1997, heavy 
rainfalls (25-100 cm in two weeks) produced severe 
flooding over parts of the Washington and Oregon states, 
causing $3.9 billion in losses and 36 deaths. In January 
2009, heavy rainfall and the subsequent flooding closed 
highways and railways in Washington, and affected major 
river drainages throughout the northwest. Additionally, the 
Howard Hanson Dam in Washington was heavily damaged, 
imposing a great threat to assets and infrastructures, and 
placing tens of thousands of lives at risk. Most major 
intense precipitation and flooding events in the 
northwestern US occur with landslides. For example, the 
devastating runout landslide struck the Oso, Washington in 
2014 after a long period of unusually heavy precipitation.  
Monitoring landslide movement constitutes a critical and 
requisite component of landslide hazard mitigation. 
However, the traditional investigation and reconnaissance 
methods over the landslide-prone areas, such as GPS, spirit 
leveling, tilting, in situ investigation, and optical remote 
sensing cannot alone provide the spatial or temporal 
resolution required for tracing the landslide development. 
The interferometric synthetic aperture radar (InSAR) 
technique has great advantages on broad spatial coverage 
and high spatio-temporal resolution under all weather 
conditions. The InSAR technique has been used in various 
landslide studies, not only for location detection but also 
for deformation monitoring. InSAR-derived land-slide 
deformation patterns have provided further insights into 
landslide dynamics. Even though the northwestern US 
typically has long periods of intense rainfall during the 
winter season, and is densely vegetated forests, previous 
studies have demonstrated that longer-wavelength (such as 
L-band) InSAR techniques are generally capable of
penetrating the forest canopy and capturing the concurrent
landslide activities through multiple radar acquisitions.

2. INSAR METHODS AND OFFSET TRACKING
FOR MAPPING LANDSLIDE MOVEMENTS

The use of InSAR for landslide studies has a great 
advantage compared to other geological survey and other 
remote sensing technologies. Long frequency of InSAR 
allows us to observe the slope motion beneath forests at 
high precision of centimeters-millimeters and spaceborne 
SAR datasets can cover wide areas (e.g., 70 km swath for 
ALOS-1/2 stripmap-mode, 350 km swath for Sentinel-1 
interferometric wide-swath mode), which help identify 
landslides from vast areas. Also, a short revisit time of SAR 
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satellites over landslides areas (e.g., 14/46 days for ALOS-
1/2 and 12 days for Sentinel-1) can offer temporally dense 
observations without much added cost for data acquisition, 
although airborne remote sensing sensors (e.g., LiDAR) 
are greatly limited by economic costs and weather 
condition [11].    
If only a limited number of SAR images are available, 
landslide detection can be done through conventional 
InSAR depending on the phase difference of two or 
multiple SAR images. However, the conventional InSAR 
has limitations because the error sources inherent in the 
outcomes of InSAR (e.g., topographic errors, atmospheric 
anomalies) cannot be reduced by the use of only a few 
InSAR pairs. Instead, the errors can be mitigated by 
utilizing multiple InSAR pairs together. For example, 
considering the linear relationship between the 
perpendicular baselines and InSAR unwrapped phases, the 
regression model from multiple InSAR pairs can be used 
for reducing the effects of topographic error that are 
prominent in InSAR results over landslide areas with 
continuously changing topography. When enough time-
series SAR images are available, time-series InSAR 
mapping of landslide motion can be accomplished through 
multi-temporal InSAR processing techniques such as 
PSInSAR and SBAS InSAR. Radar targets showing point-
like responses characterized by high coherence and phase 
stability over the entire period of observation are known as 
persistent scatterers (PSs). Therefore, PSInSAR can 
provide robust InSAR deformation measurements when 
sufficient PSs are available. Contrary to a conventional 
InSAR method, Both PSInSAR and SBAS InSAR have the 
capability of suppressing the errors through regression 
models and spatiotemporal filtering and capturing precise 
time-series movements at coherent pixels or surfaces over 
landslides. 
Even multi-temporal InSAR technique has limitation. The 
north-south movements of landslides are insensitive to 
InSAR acquisitions, because near polar-orbiting SAR 
satellites are measuring distance from a right angle of 
satellite moving direction. When landslide motion is 
beyond InSAR-resolvable displacement or surface 
condition (vegetation) changes significantly, InSAR 
method is not effective. In such cases, offset tracking from 
multiple SAR images can provide supplementary 
information regarding landslide motion. Offset tracking 
through a moving window approach can be used to map 
landslide motions with an accuracy about 1/20th of the 
pixel spacings with ideal coherence; the accuracy 
deteriorates with degrading coherence. Advanced offset 
tracking methods include the identification of point-like 
targets prior to the cross-correlation of the image pair. As 
point-like targets resemble 2D sinc-function patterns in 
SAR amplitude domain, a 2D sinc-function template can 
be used as a matching template to locate these optimal 
targets. Then the offset estimation on these point-like 
targets can be carried out through cross-correlation. When 
both ascending and descending datasets are available, 3D 
landslide motions can be obtained through integrating 
range and azimuth offsets from different satellite 
trajectories. Although offset tracking has the limited 
accuracy (at meter-level) depending on pixel size, 
correlation, and used window parameters compared to 
InSAR methods with centimeter-level accuracy, 
application of offset tracking on multi-temporal SAR 
images can derive spa-io-temporal landslide motions. 

 
3. STUDY AREA 

 
The Pacific Northwest extends over 800 km from 
Washington to Oregon to northern California. The oceanic 
Juan de Fuca plate in the west of the region is subducting 
below the North American continental plate along the 
Cascadia subduction zone. Pacific Northwest can be 
divided into eastern and western area by the Cascade Range, 
and each has different climates due to differences in rainfall 
and temperature. Contrary to eastern region with less 
precipitation in most places, the western Pacific Northwest 
receives much more rainfalls and the precipitation in some 
places of the Coast Range exceeds 2 m per year [12]. Inland 
Cascade Range creates steep terrain to the west of Cascadia 
coastline and the Pacific Northwest is underlain by 
Laurentia (pre-Jurassic rocks indigenous to ancestral North 
America), terranes that accreted to Laurentia in the past 
185 million years by plate tectonic processes, and 
sedimentary and volcanic rocks less than 56 million years 
old. Because of the steep terrain and high precipitation in 
winter, landslides are common in the western Pacific 
Northwest and most landslide studies have focused on the 
landslides in the area [12], [13]. 
 

4. UPDATING LANDSLIDE INVENTORY WITH 
INSAR 

 
The landslide inventory map plays a critical role in 
assessing the landslide hazards and evaluating the slope 
stability from their spatial distribution [14]. The state and 
federal agencies have distributed the landslide inventory 
maps developed from geological maps, topography, and 
historical landslide events. Washington Department of 
Natural Re-sources (DNR) provides the inventory map 
from Washington Geologic Information Portal 
(https://geologyportal.dnr.wa.gov). The statewide 
landslide inventory provides information about landslide 
type (e.g., deep-seated landslide, debris slide, avalanches), 
slope morphology, location confidence/certainty, etc. 
NASA landslide viewer 
(https://landslides.nasa.gov/viewer) as a part of federal 
program collected the world-wide landslides based on 
reporting of governments and civilians.  
The state of Washington is prone to frequent, seasonally 
recurring landslides, be-cause the region with steep terrain 
experiences extreme precipitation events during the winter 
months and the hydrologic force triggers the deep-seated 
landslides. While the landslides in Washington caused the 
fatalities and costed billions of dollars in property damage 
(e.g., 2014 Oso mudslide that resulted in 43 fatalities), a 
close correlation between landslides and intense 
precipitation is obvious. However, the locations, 
dimensions, geographical extent, and activeness of the 
landslides in the Washington are not well known. 
Therefore, mapping landsides over the region is essential 
for hazard mitigation, risk assessment, and characterization 
of each landslide. 
ALOS-2 PALSAR-2 InSAR pairs with short perpendicular 
baselines give the best opportunity to locate the landslide 
hazards in Washington and delineate their extents. One 
drawback of ALOS-2 PALSAR-2 is its sparse acquisitions 
in the region. Despite 14 days of revisit days, only 4~6 
images a year from the same track are available for most of 
the state of Washington, which prevents the generation of 
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dense time-series deformation. However, most 
interferograms from different seasons within a year (i.e., 
winter to summer) or between summers of different years 
with short perpendicular baselines (<100 m) maintain 
coherence in forested areas. From 2016 to 2020, ALOS-2 
PALSAR-2 scenes (one summer scene per year) covering 
northwestern Washington are used and the conventional 
InSAR method with InSAR pairs of short perpendicular 
baselines successfully identified active landslides. Given 
coherent InSAR images and non-zero phase values, the 
localized, deforming areas on the slope can be classified as 
the active landslides (Fig. 1) after manually delineating the 
extent of each landslide. The adoption of multi-temporal 
InSAR and the calculation of landslide velocity for 
landslide mapping is also possible [15], but InSAR 
coherence over the vegetated part of landslides is often lost 
with long-term datasets. Therefore, for better delineating 
the extent of landslides, not calculating the magnitude of 
landslide motion, the use of the conventional InSAR with 
SAR images from dry seasons is more appropriate.  
 All landslide inventory maps collected by 
agencies provide the detailed information on timeline, 
volume, depth, and geology of past landslides. However, 
the In-SAR-observed landslides from 3-year-long ALOS-2 
PALSAR-2 acquisitions present the distinction with the 
existing landslide inventories that underestimate the extent 
of landslides and fail to accurately locate the active 
landslides (Fig. 1). Majority of landslides in the inventory 
of Washington DNR depend on personnel field works and 
historic landslide inventories, and a few of landslides have 
been updated by using LiDAR DEMs. However, the 
landslides in the inventory do not often present their current 
activeness and the extent of landslides is continuously 
changing in time due to the human activities (e.g., logging, 
construction of infrastructures and towns) and/or recurring 
surface motion. LiDAR DEM can be used to delineate the 
extent of landslides based on topographic shape and 
deposits beneath vegetation, but the activeness of 
landslides cannot be identified by a single LiDAR DEM. 
Even when two or multiple LiDAR DEMs are available in 
a few areas, differencing the DEMs is better fit to capturing 
the collapse-type surface motions such as the runout events 
and avalanches rather than slowly moving horizontal and 
vertical motions (at a level of centimeters per year) in a 
deep-seated landslide. Measuring the activeness of 
landslides is challenging without installing numerous GPS 
stations on steep slopes. Because of labors and costs, the 
activeness of each landslide cannot be readily updated 
based on the field surveys and direct measurements in the 
regions. Furthermore, most landslide reports made by the 
state governments, media, and civilians can be heavily 
biased by a more focus on populated regions [16]; the 
landslides located near the residential areas and 
transportation corridors tend to be more likely reported and 
updated in the landslide inventories. Therefore, despite 
multiple landslides (Fig. 1), no report in the sparsely-
populated region has been made to NASA landslide reports. 
Due to the limited spatial and temporal resolution of the 
spaceborne and airborne InSAR, the In-SAR-based 
landslide inventory maps cannot fully replace the current 
landslide inventory and reporting systems. Also, it is 
difficult to identify avalanches and runout events from 
InSAR images because of the loss of InSAR coherence. 
However, they can provide supplementary and the latest 
information about the activeness of the landslides in the 

northwestern US, while supporting the assessment of 
seasonally/continuously moving or deep-seated landslides 
and forecasting the precursory deformation of the possible 
runout landslide areas. 
 

 

 
Fig. 1 (a) Comparison of InSAR-observed landslides 
(red-outlined polygons) in Washington and landslide 
inventory (blue-outlined polygons) from Washington 
Department of Natural Resources (DNR; 
https://geologyportal.dnr.wa.gov). (b) An enlarged 
region (box in Fig. 1a) illustrates the differences in 
detail. Landslide inventory (blue polygon) displays the 
location and extent of past landslides of all kinds 
(avalanches, runout, deep-seated landslides) but 
InSAR observation (red polygon) presents those of 
currently active deep-seated landslides.  

 
5. LONG-TERM LANDSLIDE DYNAMICS 

DERIVED FROM ALOS, SENTINEL-1A/B, AND 
LIDAR DEMS OVER HOOSKANADEN 

LANDSLIDE 
 
The Hooskanaden landslide in southwestern Oregon with 
large size (~600 m wide x 1,300 m long) and depth (~30 – 
45 m) has been active since at least 1958 [17]. The 
landslide had been in a slow motion, but occasionally 
caused moderated to severe damages to Highway 101. 421



Slow movement of the landslide resulted in road repairs 
costing tens of thousands of dollars yearly, but a major 
event to destroy the highway can lead to cost beyond 
million dollars. The latest major collapse event occurred on 
25 February 2019, which shifted the road surface about 40 
m to the west and 17 m downward [17]. Consequently, the 
highway was closed for 13 days during the temporary 
repair. Materials of the slide are derived from the Otter 
Point Formation of Late Jurassic geologic age, which 
consists of sheared sandstone, mudstone, conglomerate, 
and interbedded sandstone and shale, with scattered BIMs 
(blocks-in-matrix, composed of more resistant sandstone, 
greenstones, chert, and blueschist). These materials, 
geologically referred to as mélange, accumulated as an 
accretionary wedge along the Cascadia subduction zone 
during tec-tonic displacement and formed the accreted 
western margin of the Klamath Mountains region. 
Stratigraphically, the slide consists of harder upper layers 
of predominantly sandstone and softer lower layers of 
mixed shale and siltstone. Hooskanaden landslide is a good 
example to showcase the violent nature of deep-seated 
landslide and thereby severe damages and collapses 
triggered by intense rainfall during wet season.  
 

 
Fig. 2 Three-dimensional displacement field of the 
February 2019 movement reconstructed from 
Sentinel-1/Sentinel-2 pixel offset tracking 

 
Three-dimensional displacement field of the major event in 
2019 was reconstructed using the pixel offset tracking of 
both Sentinel-1 A/B SAR data and Sentinel-2 optical 
satellite images. When α is the slope angle and β is the 
slope aspect, 3D (eastward, northward, and upward) 
pixelwise displacement [E N Z]T can be obtained by 
inversion the following equation: 
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, where S1AZ, S1R, S2N, and S2E are offset measurements 
from Sentinel-1 in azimuth and range direction and 
Sentinel-2 in north and east direction, respectively. The 
displacement map (Fig. 2) retrieved from remote sensing 
datasets displays that the 2019 landslide event mainly 
moved along the downslope direction with an aspect of 
229˚ (clockwise from north), although the head and toe 
sections have slightly larger west facing components with 
aspects of approximately 240˚ and 250˚, respectively. The 
middle section moved larger than head and toe section, and 

its maximum horizontal displacement of ~40 m and a 
vertical movement of ~10 m observed from offset tracking 
are in a good agreement with LiDAR DEMs acquired 
before and after the landslide. 
Historical landslide motions were revealed from the 
integrated use of ALOS, Sen-tinel-1A/B, and LiDAR 
DEMs [17]. Those remote sensing datasets were obtained 
during variant periods; ALOS PALSAR data are acquired 
between 2007 and 2011, Sentinel-1A/B 2016 and 2019, 
and LiDAR DEMs occasionally from 2008 to 2016 with 
varying coverage. Because there is a gap between 2011 
(last acquisition of ALOS PALSAR) and 2016 (first 
acquisition of Sentinel-1 A/B), LiDAR DEMs were used 
for bridging the gap. Retrieved time-lapse (Fig. 3) exhibits 
seasonal variations during the long-term slow movements. 
The slope tends to move faster during winter wet seasons 
and slower in the dry summer seasons. The comparison 
with root-zone SMAP soil moisture (averaged up to top 1 
m depth) affirms the timing of accelerated landslide motion, 
given the increased downward water infiltration, elevated 
basal pore pressure, and triggered slide motion by reducing 
effective normal stress and consequent frictional shear 
resistance. 
 

 
Fig. 3 Long-term motion dynamics of the Hooskanaden 
slide from 2007 to 2019. Cumulative along-slope 
displacements of multiple points (cyan dots in Fig. 2) of 
the Hooskanaden landslide [17]. 
 
The decadal-scale landslide motion presents overall trend 
of apparent acceleration, with an average downslope 
displacement rate of ~10 cm/year from 2007-2011, ~20 
cm/year from 2011 to 2016, and ~50 cm/year from 2016 to 
2019 (Fig. 3). The long-term acceleration is possibly 
caused by coastal erosion of landslide toe. Differencing 
LiDAR DEMs clearly demonstrate significant loss of 
landslide toe for years [17]. The buttressing effect of the 
toe to prevent abrupt collapse of the landslide body was 
weakened by coastal erosion, and the loss of resistance 
against motion of landslide body can lead to the major 
landslide event in 2019. Moreover, daily precipitation 
records of the abnormally heavy rainfall in December 2016 
and February 2019 suggest that short-term but high-
intensity rainfall spikes triggered major events in 2019 [17]. 
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1. INTRODUCTION

Sinkhole is a depression or a hole caused by the collapse of 
land surface. Such a geological phenomenon can often be 
found in geologically karst areas where evaporite, 
carbonate and gypsum rocks in karst terrain dissolve as a 
consequence of chemical process and collapse. A karst 
system often witnesses cavernous and ground instability 
problems due to genetic and/or human-induced reasons. 
The sinkhole formation may be related to dissolution of the 
water-soluble rocks, the development and expansion of 
underground cavities, consecutive roof failures, and crop-
out on the surface. According to Gutiérrez and Parise [1], 
natural sinkholes can be classified into two types: 
“Solution sinkhole” and “Subsidence sinkhole”. Solution 
sinkhole is attributed to the surface dissolution, which 
creates shafts or conduits and can lead to a ground stability 
problem. In this case, karst rock is exposed with almost no 
mantle soil. On the other hand, subsidence sinkhole is 
created by ground surface subsidence, which may be 
attributed, for example, to chemical dissolution of caprock 
and bedrock underground, internal erosion of rock, 
subsurface dissolution and downward gravitational 
movement of the overlying material. It commonly shows 
one of the phenomena: collapse, sagging and/or suffusion.  
The sinkhole development can be induced by the natural 
process and/or anthropogenic activities in karst 
environment. According to Waltham et al. [2], the vast 
majority of newly formed sinkholes are human-made. The 
anthropogenic factors primarily reflect the following three 
aspects: (i) incremental water input into ground (cover and 
bedrock), (ii) aquifer exploitation and mining dewatering 
resulting in water level decline, and (iii) static and dynamic 
loadings such as water impoundment, vegetation removal 
or ground freeze and thawing. Due to the increase of 
resource demand, we can expect the growing negative 
effects on the sinkhole hazards in the future. Potential 
impacts due to the sinkhole activities can cause the 
economic losses, directly and/or indirectly. For example, 
sinkhole subsidence can severely destroy the integrity of 
the infrastructure such railways, roads, canals, pipeline 
systems, buildings, and even nuclear power stations. Thus, 
an inventory investigation and risk assessment is very 
important for sinkhole hazard analysis.  
Sinkhole is a kind of geological hazard, which can be found 
in some karst areas worldwide [3]. The well-known areas 
with sinkhole are located along the dead sea coastline [4], 
in the northeastern Spain [5], in the Netherlands [6] and in 
the North America [7]. 

The sinkhole collapses and deformation have been 
observed by using the following methods: microgravity [7], 
LiDAR (Light Detecting And Ranging) [8], spaceborne 
InSAR (interferometric synthetic aperture radar) [6], [9], 
field surveys, UAVSAR (Uninhabited Aerial Vehicle 
SAR) [10] and/or all kinds of the corresponding geological 
maps. The detailed information on subsurface can also be 
directly obtained in speleological exploration and 
geophysical field survey through trenching, probing, and 
drilling. By incorporating all types of data and field 
geological investigation, we expect to obtain much higher 
resolution of sinkhole deformation map and detailed 
information to characterize the sinkhole-related 
deformation. 
Although many researches were increasingly devoted to 
the investigation of sinkhole activities for last decades, 
there is still large space of improvement to further 
understand mechanism of sinkholes, in particular, through 
continuous monitoring of developing sinkholes. In the 
Permian basins of the west Texas, two large sinkholes at 
the Wink County were reported in 1980 and 2002, 
respectively. They are believed to continue to develop, 
likely attributed to a deep supply-water well, since fresh or 
under-saturated saline water flowing through the drillings 
or some fractures may contribute to salt dissolution. 
Paine and Buckley [7] processed microgravimetry, GPS, 
and InSAR data and concluded that the vertical subsidence 
can reach up to 30 cm per year.  Vaccari et al. [11] detected 
the subsidence from COSMO-SkyMed InSAR data 
collected from 29 Aug. 2011 to 25 Oct. 2012. Kim et al. [9] 
observed the recent development of Wink sinkholes using 
Sentinel-1A and found that the areas nearby the current 
sinkholes are unstable and experience a large deformation. 
However, there have been no extensive studies regarding 
temporal developments of two sinkholes from 2007 to 
2011. Thus the major motivation of this paper is to monitor 
the time-varying sinkhole development, which can be 
important to understand the mechanism of these two 
sinkholes, mitigate reduce potential sinkhole geohazard. 
More specifically, we have processed the time series of 
sixteen HH-polarized L-band ALOS-PALSAR images 
taken between 01 Jan. 2007 and 27 Feb. 2011 and 
confirmed that the two sinkholes are still subsiding and the 
neighborhood of Wink Sink #2 was experiencing the 
subsidence rate of 20 cm per year. 

2. DATA AND METHODS
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SAR system is able to obtain high resolution complex 
images by emitting radar wave to targets from airborne, 
ground-based, or orbital platform. InSAR technique 
represents the combination of the two SAR images from 
the same zone/area [12]. The complex conjugated result is 
called interferogram, which is proportional to a subtle 
terrain deformation, contaminated with atmosphere 
changes between the two acquisitions, topography, 
position uncertainty and other noises. Its phase per pixel is 
the difference of the corresponding pixels between two 
SAR scenes and is calculated by the following equation 
[13]: 
 

𝜙𝜙𝑖𝑖𝑖𝑖𝑖𝑖 = −
4𝜋𝜋
𝜆𝜆
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜃𝜃 − 𝛼𝛼)
𝑟𝑟1𝐵𝐵𝑠𝑠𝑠𝑠𝜃𝜃1

ℎ + 𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑 + 𝜙𝜙𝑎𝑎𝑖𝑖𝑎𝑎 + 𝜙𝜙𝑖𝑖𝑛𝑛𝑖𝑖𝑛𝑛𝑑𝑑  

 
where is the length of the baseline, α is the baseline 

orientation angle, λ is the radar wavelength, θ is the look 
angle, θ1 is the look angle on the reference surface, r1 is the 
slant-range from the target to the reference satellite, h is the 
topography height between the ground point and the 
reference surface and φdef, φatm and φnoise are respectively 
the components of the deformation, atmospheric and other 
noise in the interferometer phase. We can easily extract the 
topography components by using an external digital 
elevation model (DEM), three-pass method and/or four-
pass method. This is the so-called differential 
interferometric synthetic aperture radar (DInSAR), which 
has been widely applied to various geohazards, for example, 
landslides, seismology, (ground subsidence) deformation 
measurement, volcanology, and glaciology. Decorrelation 
in space and time between the two consecutive SAR 
acquisitions can, however, affect the robustness of the 
results. Artifacts due to atmospheric and orbital errors 
could significantly degrade the accuracy of measurement.  
More advanced DInSAR technique, namely, MTInSAR 
(Multi-Temporal InSAR) technique, which has been 
proposed to overcome these problems, including SBAS 
(Small Baseline Subset) InSAR, PSInSAR (Persistent 
Scatterers InSAR), and SqueeSAR, has been successfully 
applied to monitoring of all the characteristic surface 
deformation [14]. We will use this DInSAR technique to 
construct an associated time series of LOS (Line-Of-Sight) 
displacements from all the stacked interferogram images. 
The SAR data were provided by the ALOS (Advanced 
Land Observation Satellite) that was launched by the 
JAXA (Japan Aerospace Exploration Agency) in January 
2006. We utilized the HH-polarized Fine-beam mode 
PALSAR (Phased Array type L-band Synthetic Aperture 
Radar) collectively spanning from Jan. 01, 2007 to Feb. 27, 
2011. 
As the first step, we selected the reference image for 
coregistration with other images to process the identical 
region over the same grid and facilitate further MTInSAR 
processing. This is a key step that maintains the qualities of 
generated interferograms and strongly affects the final 
results. We set up the following criteria: (i) the 
perpendicular baselines should not be too long to avoid 
spatial decorrelation; (ii) the temporal baselines with other 
datasets should be small enough; (iii) less atmosphere-
affected image is preferred to minimize the noisy signals in 
the interferograms. According to these rules, we finally 
chose the 8th image acquired on Feb. 24, 2010 as our 
reference image. 

 
Fig. 1 Study area in Winkler County of West Texas that 
is covered by ALOS-PALSAR data. Wink Sink 1, 
developed in 1980, is located ~1.5 km north of Wink 
Sink #2, outcropped in 2002 (background image is from 
Google EarthTM). 
 
The second step is co-registration that is fundamental for 
the generation of the interferogram. It ensures that each 
identical pixel in all the master and slave images is in the 
same reference frame. The coregistration is performed 
based upon the correlation of the SAR intensities with 
reference and other images. As a result, the 88 
interferograms were generated by using the 1-arc-second 
(~30 m) SRTM (Shuttle Radar Topography Mission) DEM 
data. Then the residual topography components, orbital 
errors, and other artifacts (atmospheric effects) are 
modeled and corrected with considering the relationship of 
residual phases with perpendicular baselines (residual 
topography phases), 2D phase variation as polynomial 
form (orbital errors), and temporally low correlation 
(atmospheric effects). Finally, we can obtain all the 
diagnostic function coherence maps for deformation 
analysis. Since the coherence value reflects the change of 
the target scattering properties in time, the interferograms 
and region with critically low coherence need to be 
excluded from our analysis. Therefore, it is requirement 
that the baseline between the two acquisitions is equal to or 
less than the critical baseline. The critical baseline is 
defined as follows: 
 

𝐵𝐵𝑐𝑐 ≤
𝑅𝑅𝜆𝜆

2𝐿𝐿𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝜃𝜃
 

 
where 𝐿𝐿𝑐𝑐is the resolution in the line-of-sight direction, 

and R is the distance between the sensors and a resolution 
element. To get a best possible result from time series 
analysis, time continuity is also an important factor in our 
data selection. Based on these criteria, we have finally 
chosen 18 differential interferograms with the InSAR 
configuration of temporal and spatial baselines and 
unwrapped the images by applying the MCF (minimum 
cost flow) method. 
The unwrapped differential interferograms are stacked to 
remove major parts of atmospheric inhomogeneous errors. 
If we assume that the LOS or vertical displacements of the 
sinkholes at Wink County change linearly with time, we 
can then predict and monitor the subsidence with a high 
accuracy by using the time series analysis of differential 
phases.  
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3. DEFORMATION RESULTS AND ANALYSIS 
 
With the stationary atmospheric statistics from the 18 
interferograms, and by assuming that the weight of the 
individual interferogram phase is in proportion to the time 
interval, the mean deformation phase rate along the LOS or 
vertical directions can be estimated as follows: 

𝜙𝜙𝑝𝑝ℎ_𝑟𝑟𝑎𝑎𝑖𝑖𝑑𝑑 =
∑ Δ𝑡𝑡𝑗𝑗𝜙𝜙𝑗𝑗𝑁𝑁
𝑗𝑗=1

∑ Δ𝑡𝑡𝑗𝑗2𝑁𝑁
𝑗𝑗=1

 

where N is the sum of the differential interferograms, 
φph_rate is the phase rate, ∆tj is the jth time interval, and φj is 
the jth differential phase assuming that all interferograms 
are sorted in a temporal order. In the case of Wink 
sinkholes area, the maximum mean deformation rate is 
estimated as 30 cm/yr along the LOS direction (Fig. 2). 

 

 
Fig. 2 Mean LOS deformation rates (cm/yr) around 
Wink sinkholes. Maximum LOS deformation rate is 

about 30 cm/yr. 
 

To spatially characterize deformation along profiles, we 
choose two profiles in the area with the largest deformation, 
as marked in Line P1-P2 (908 m) and Line P3-P4 (1,196 m) 
(Fig. 2). The deformations along these two profiles are 
shown in Fig. 3, where the maximum deformations can be 
seen to be equal to 17.7 cm and 13.3 cm per year, 
respectively.  
 

 
Fig. 3 Mean vertical displacement rate (cm/yr) along 

(a) P1-P2 and (b) P3-P4 in Fig. 2. 
 

The least squares method is applied to invert for the time 
series of the range changes from the time-dependent 
differential interferogram phases as follows: 

𝐺𝐺𝐺𝐺 = 𝑑𝑑,     𝐺𝐺 =

⎣
⎢
⎢
⎢
⎡

1 1 1 1 0
0 1 1 0 0 ⋯
0 1 1 1 0
0 0 1 1 1

⋮ ⋱⎦
⎥
⎥
⎥
⎤

,    𝐶𝐶 =

⎣
⎢
⎢
⎢
⎡

𝐺𝐺1
𝐺𝐺1 +𝐺𝐺2

𝐺𝐺1 + 𝐺𝐺2 + 𝐺𝐺3
𝐺𝐺1 + 𝐺𝐺2 +𝐺𝐺3 + 𝐺𝐺4

⋮ ⎦
⎥
⎥
⎥
⎤
     

where 1 2[ ], , ... , ..., T

i nm m m m=m , im  is the ith element of 
the incremental chronological range change vector m , n  

is the number of SAR images. 1 2[ ], , ... , ..., T

i nd d d d=d , d
is the InSAR phase data. C is the cumulative LOS direction 
deformation (Fig. 4). The time-series LOS deformation 
estimated from SBAS InSAR method (Figure 6) exhibits 
interesting features around Wink sinkholes (Wink #1, #2). 
From January 2007 to February 2011 (~4 year span), the 
maximum LOS deformation is approximated as 125 cm. 
We expect that the LOS deformation is mostly influenced 
by vertical deformation (subsidence), even though we 
cannot ignore horizontal deformation and erosion. The 
subsidence has been occurred in the existing sinkholes. 
Over Wink #1, the deformation shape is oval with major 
axis from northwest to southeast. The north and south part 
of Wink #2 has been most subsiding, and the region 500 m 
north of the sinkhole roughly shows 15 cm LOS changes 
(~19 cm subsidence). However, the most troubling places 
in Wink sinkholes are the region 1 km east of Wink #2, 
experiencing 125 cm LOS changes. The large subsidence 
gives a clue on the possibility that one or more cavities 
were developed under the sinkholes. The deformation 
shape is irregular rather than an oval shape differently to 
other sinkhole deformations. 
 

 
Fig. 4 Time series of the LOS deformation phase 

around Wink sinkholes estimated from 16 ALOS-
PALSAR scenes. Every image represents the 

cumulative vertical deformation since the time of the 
first image. Subfigures Ti (i = 0, 1, 2, …, 15) are 

corresponding to the cumulative deformation image 
along the LOS direction between the 1st (2007.01.01) 
and ith acquisition date. We marked the number and 
the corresponding date is following ( 0: 2007.01.01; 1: 

2007.07.04; 2: 2008.05.21; 3: 2008.07.06; 4: 2008.11.21; 
5: 2009.01.06; 6: 2010.01.09; 7: 2010.02.24; 8: 
2010.04.11; 9: 2010.05.27; 10: 2010.07.12; 11: 
2010.08.27; 12: 2010.1012; 13: 2010.11.27; 14: 
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2011.01.12; 15: 2011.02.27). Color is circular with an 
interval of 11.8 cm LOS deformation. 

 
5. CONCLUSIONS 

 
Interferometric radar techniques can indeed provide 
important information on sinkhole deformation. We have 
processed four years of InSAR data from 01/01/2007 to 
02/27/2012 to detect the deformation of sinkholes at Wink, 
Winkler county, Texas, USA. The time series of the 
DInSAR deformation has clearly shown that the sinkhole 
deformations in the study area are very significant, with a 
maximum subsidence of 49.7 cm within the period of four 
years, or equivalently, a maximum rate of subsidence 
deformation of about 30 cm per year. Our results are 
consistent with those reported by Paine [7] whose result 
was 10-15 cm subsidence from Jan. 2007 to July 2007. Our 
analysis may also have indicated that drought could further 
contribute to the subsidence of ground surface and 
sinkholes. Since the trend of deformation is basically linear 
with time over the study period, this should indicate that 
the sinkholes at Wink county are still under development 
and we should be prepared for any potential disaster due to 
sinkholes in the future.    
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1. INTRODUCTION

The title of the proposal we submitted in 2015 is 
“Locking Differences between Different Sections along 
Xiaojiang Fault Zone Revealed by InSAR Time series 
Analysis”.  The project goal is aiming to systematically 
study the tectonic deformation and variations of slip rates 
and locking depth along Xiaojiang Fault Zone (XFZ) 
main fault, China by time series InSAR technology with 
PALSAR and PALSAR-2 data, then to assess the seismic 
hazard along XFZ based on the tectonic deformation data. 
The objective region is the Xiaojiang Fault zone in 
Yunnan province, China. Unfortunately, there are not 
enough PALSAR or PALSAR-2 images covered the 
research area. 
For better applying PALSAR-2 we used some PALSAR-2 
images to study three strong earthquakes. First, we 
process PALSAR-2 data to obtain the coseismic 
deformation of these earthquakes by DInSAR technique. 
Then we invert the slip distribution of these earthquake 
sources and analyze the source characteristics which can 
contribute to the analysis of seismic implication. 

2. METHODOLOGY OF PALSAR-2 DATA
PROCESSING AND SOURCE INVERSION

2.1 PALSAR-2 data processing 
The PALSAR-2 data we collected from JAXA are the 
Single Look Complex (SLC) format products. We used 
the SARscape 5.4 and an automated processing system, 
gInSAR[1] which was originally developed under the 
GAMMA software at CCRS of NRcan [2] to generate 
coseismic interferograms. The 90 m resolution Shuttle 
Radar Topography Mission (SRTM) v4.1 digital elevation 
model (DEM) data [3] were used to resample slave SAR 
to master images, remove the topographic phase in the 
interferograms and geocode the unwrapped 
interferograms into WGS-84 geographic coordinates. To 
better improve the quality of the interferograms before 
unwrapping, an adaptive Goldstein filter method [4] was 
used in the processing. The minimum cost flow algorithm 
[5, 6] was applied to unwrap the interferograms. Orbital 
(or ionospheric) effects in the final interferograms are 
weakened using a linear polynomial method [7].  
In order to improve the efficiency of calculation and make 
the deformation observational points credible, we use the 
quadtree or uniform method to reduce the number of 
observational points. 

2.2 Source inversion 
Based on the downsampled InSAR deformation data, we 
invert the slip distribution of source by two steps: one is 
the nonlinear inversion or determination of source fault 
planar geometric parameters. In our studies of these three 
earthquake cases, we determine all the geometric 
parameters with the geological data, seismic aftershock 
data and along-track deformation field observation data 
etc. The other is linear inversion. A depth-based fault 
dividing method [8, 9] was applied to split the individual 
fault segment into distributed sub-faults, in which the size 
of individual fault patch varies with depth. We re-
calculated the Green’s matrix of the unit slip with all the 
fault patches based on the Okada’s analytical solution 
model [10]. Then, the slip on each fault patch can be 
retrieved by reaching the minimum of an objective 
function [11, 12] with the bounded constrained least 
squares method: 
F(s) = ǁ G s – d ǁ2 + κ2 ǁ L s ǁ2, (1) 
where G is the source dislocation Green’s matrix, s is the 
distributed slip, d is the LOS surface displacement 
observations, L is the finite difference approximation of 
the Laplacian operator. κ is the smoothing factor, which 
can be determined from the trade-off curve function 
between the misfit and the solution roughness. 

3. RESULTS

3.1 The 28 September 2018 Mw 7.4 Palu, Indonesia 
earthquake 
A great earthquake occurred near the northwest of 
Sulawesi, Indonesia on September 28, 2018. This 
earthquake is considered as the result of the Palu fault 
activity, which is a strike-slip fault, and the slip happened 
at shallow depths. Severe damages and tsunami were 
caused by it. To understand the surface deformation and 
determine the co-seismic slip model, we processed images 
of PALSAR-2 SAR data using InSAR technique. In the 
interferogram, the biggest deformation along the LOS is 
1.828m.  
The preferred coseismic distributed slip determined from 
the InSAR displacements is shown in Figure 3. From the 
slip distribution, we can find that the Palu earthquake is 
dominated by sinistral motions with normal and thrust 
components in several individual segments. The 
maximum slip of ~4 m reaches the surface and the major 
slip (>1m) is concentrated in the fault zone shallower than 
16 km depth. With a shear modulus of 30 Gpa, the 
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estimated geodetic moment is 1.4�1020 Nm, equivalent 
to an earthquake of Mw7.4.  
We also calculated the permanent Coulomb Failure Stress 
changes on causative fault based on our preferred slip 
model. The CFS changes on the southern segment of the 
fault induced by two previous earthquakes. The results 
show that the ruptures of the two previous earthquakes 
resulted in CFS decreases, and the decreases of the CFS 
are intriguingly consistent with the 2018 Palu earthquake 
faults hosting limited slip. 

 

Fig. 1 Coseismic Interferogram of the 2018 
Palu Earthquake 

 
Fig. 2 Coseismic Deformation of the 2018 

Palu Earthquake 

 
Fig. 3 Coseismic slip distribution of the 

2018 Palu Earthquake 

3.2 The 2016 Mw7.0 Kumamoto earthquake 
A destructive earthquake of Mw7.0 occurred in the 
Kumamoto region, Japan, on April 16, 2016. Two images 
of SAR data from Advanced PALSAR-2 SAR were 
processed with InSAR techniques to cover the co -seismic 
deformation which associated with the main Mw7.0 
earthquake and the two foreshocks of Mw6.0 and Mw6.2. 
The InSAR results reveal that the most deformation area 
is concentrated on the junction region of the Futagawa 
fault and the Hinagu fault. And the maximum coseismic 
deformation is 0.653m along the Line-of-sight direction. 
The coseismic deformation shows that on the south of the 
fault trace the surface lifted during the earthquake along 
the Line-of-sight direction. While on the north of the fault 
trace the surface subsidence, and the maximum 
deformation is 0.600m. 
Until now, we are still working on the co-seismic slip 
model of this case. 

 

Fig. 4 Coseismic Interferogram of the 2016 
Kumamoto Earthquake 

429



 

Fig. 5 Coseismic Deformation of the 2016 
Kumamoto Earthquake 

3.3 The 2018 Mw6.4 Hualien earthquake 
A moderate size 2018 Mw 6.4 earthquake struck the 
Hualien area, Taiwan on Feb 6, 2018. It resulted in 
serious damages in the city of Hualien. Four tracks of 
SAR data from Sentinel-1 and Advanced PALSAR-2 
SAR were processed with InSAR techniques to image the 
co -seismic deformation associated with earthquake. The 
InSAR results revealed that the maximum coseismic 
deformation is -0.497m in the Line-of-sight direction. We 
inverted the geodetic observations for the coseismic slip 
model of the mainshock. The best-fitting slip model 
shows that the Lingding fault extends to the north and 
dips to the west as the main causative fault, and the Milun 
fault (MF) dipping to the east with a low high dip angle, 
and the two faults are of predominantly left-lateral and 
minor thrust type. The maximum slip is 1.615m and the 
estimated geodetic moment is 8.8×1018N•m, equivalent to 
an earthquake of Mw 6.5. 

 

Fig. 6 Coseismic Interferogram of the 2018 
Hualien Earthquake from PALSAR-2 Track27 

 

Fig. 7 Coseismic Interferogram of the 2018 
Hualien Earthquake from PALSAR-2 Track136 

4. DISCUSSION 
 
As we know that the traditional InSAR technique can 
detect the seismic deformation only caused by strong 
earthquake, and the time interval between the two SAR 
images used to construct the interferogram is at least 
several days. But the time interval mentioned above limit 
the applications in earthquake monitor sometimes. In the 
2016 Kumamoto earthquake case, there were two 
foreshocks bigger than Mw 6.0 before the Mw 7.0 
earthquake. Since the time interval between the main 
shock and the two foreshocks is only 28 hours. It is 
difficult to distinguish the surface deformation caused by 
them. Fortunately, an image of PALSAR covered the 
earthquake area was collected between the mainshock and 
the two foreshocks by JAXA, it is very useful to 
distinguish the surface deformation. But for other 
earthquake cases, we are fearful that there will not be 
suitable SAR data to help us do this. One method may be 
that we can combine multi-platform data to improve the 
time resolution of InSAR results. 
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1. INTRODUCTION

Full polarimetric SAR data are capable of identifying 
radar scattering mechanisms on the ground, and they have 
been used to estimate land cover class by connecting the 
radar backscattering mechanism to the land cover condition 
both by day and by night in all weather conditions. Such 
characteristics make these data applicable to the detection 
of a disaster area, especially for emergency observations 
made soon after a disaster happens. Watanabe et al. [1] 
used Japanese L-band satellite SAR (PALSAR; Phased 
Array type L-band Synthetic Aperture Radar) full 
polarimetric data to detect landslide areas induced by the 
Iwate-Miyagi Nairuku earthquake of 2008, using the 
surface scattering component of a three-component 
decomposition model. Furthermore, σ0

HV has also been 
used to distinguish landslide areas with rough surfaces 
from other surface scattering areas such as pastures and 
vacant pieces of land with smooth surfaces.  

 Polarimetric decomposition analysis was conducted on 
the data before and after a landslide event with ALOS 
PALSAR data [2]. For the detection of landslides areas, 30-
m resolution full polarimetric data using unsupervised 
classification based on the Entropy-α plane are more useful 
than 10-m resolution single-polarization data. Czuchlewski 
et al.[3] use L-band airborne SAR polarimetry data, and 
identify the extent of the landslide, using scattering entropy, 
anisotropy, and pedestal height. They also pointed out that 
one post-event single polarized SAR image is insufficient 
for distinguishing and mapping landslides. Rodriguez et al. 
[4] use L-band airborne SAR polarimetry data, and show
the landslide scar areas are dominated by single-bounce
scattering and the surrounding forested regions are
dominated by volume scattering. Radar vegetation index,
pedestal height, and entropy are used to identify forest, to
separate the landslide area. Shimada et al. [5] used
Japanese L-band airborne SAR (Pi-SAR-L2; Polarimetric
and Interferometric Airborne Synthetic Aperture Radar L2) 
data to show that the change of land cover from forest
before a disaster to bare soil after a disaster was detected
well by the polarimetric coherence between HH and VV
(γ(HH)-(VV)). Shibayama et al. [6] confirm the usefulness of
γ(HH)-(VV) for detecting a landslide. They also pointed out
that in landslide areas, the polarimetric indices of
normalized surface scattering power (ps), normalized
volume scattering power (pv), and γ(HH)-(VV) change
drastically with the local incidence angle, whereas in
forested areas, these indices are stable, regardless of the

change in the local incidence angle. Several full 
polarimetric parameters have been suggested to detect a 
landslide area since now. In this study, air/satellite-borne 
full polarimetric L-band SAR data, obtained both before 
and after a landslide event, were used to determine the most 
appropriate full polarimetric parameters and observation 
direction for identifying an area affected by a landslide 
induced by heavy rain and earthquake. The data used in our 
analysis are unique for two reasons: 

1) They comprise full polarimetric data observed just
after the disaster (landslide). 

2) Air-born data were observed from four different
observational directions at the same time after the disaster. 
One of the directions was also observed before the disaster. 

2. Pi-SAR-L2 data

On October 16, 2013, Typhoon Wipha struck Izu 
Oshima Island, which is located 100 km south of Tokyo 
(Fig. 1), generating a rainfall rate that was recorded at 
122.5 mm/h. This heavy rain induced a large-scale 
landslide that affected an area of 1.14 million m2 and led 
to 39 people being dead or missing. The Geospatial 
Information Authority of Japan (GSI) used aerial 
photographs taken after the disaster to produce a landslide 
map [7], and the main landslide areas are identified in Fig. 
2. The locations of many landslides can be observed in the
mountain area, and some material displaced by the
landslides intruded into residential areas. These data were
used as the validation data.

The study area was observed before and after the 
disaster using Japanese airborne SAR (Pi-SAR-L and Pi-
SAR-L2). The Pi-SAR-L2 observations were acquired in 
four different observational directions (L203201–L203204, 
Fig. 1) six days after the disaster. The time required for the 
four flights was about one hour. Before the disaster, one Pi-
SAR-L observation (L03801) had been made on August 30, 
2000, in the same observational direction as L203201. 
Three of the four data (L203201, L203202, and L203203) 
were used to determine the parameters and directions most 
appropriate for detecting landslide areas. L203204 was not 
used, because its configuration (incident and azimuth 
angles to the landslide area) is almost same as L203202 
data. These parameters for detecting landslide areas 
included backscattering coefficient (σ0), polarimetric 
coherence (γ), eigenvalue decomposition [8], and four-
component decomposition parameters [9]. 
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Fig. 1 After the landslide: configuration of Pi-SAR-L2 

observations performed using four different observational 
directions (L203201-L203204) on October 22, 2013. 
Before the landslide: Pi-SAR-L observation (L03801) 
performed using same flight course as L203201 on August 
30, 2000. 

 

 
Fig. 2 Optical image of the disaster area. Red polygon 
represents the landslide map, produced by GSI [8]. (a) 
Before the disaster (June 1, 2010) (b) After the disaster 
(Octover 17, 2013). The green line indicates the border 
between forest and other areas obtained from GSI, and the 
light blue polygon represents the field experiment sites. 

 
The γ is calculated from the correlation between two 
polarimetric states (HH-HV-VV base, (HH+VV)-(HH-
VV)-(HV) base). The eigenvalue decomposition 
parameters consist of entropy/α/anisotropy, and they were 
obtained using PolSARPro [10]. Entropy represents the 
randomness of a scatterer, α represents the scattering 
mechanism (0° for surface scattering, 45° for dipole 
scattering or single scattering by a cloud of anisotropic 
particles, and 90° for double-bounce scattering), and 
anisotropy represents the relative importance of the second 
and the third eigenvalues. The four-component 
decomposition parameters (double-
bounce/volume/surface/helix scattering) are related to 
surface, volume, double-bounce, and helix scattering 
components on the earth’s surface, and they were obtained 
using a program of our own making. The processing 
window size for calculating the parameters was 7 × 7 
pixels.  

 
Fig. 3 a) Google earth image. b) Four component 
decomposition image obtained with PALSAR-2 on April 
21, 2016 (R: Double bounce scattering G: Volume 
scattering B: Surface scattering). 
 

3. PALSAR-2 DATA 
 

On April 14 and 16, 2016, two consecutive earthquakes 
occurred in Kumamoto area, and many landslides were 
induced. Several emergency observations were carried out 
with PALSAR-2, and one of them were done by the full 
polarimetry mode (FP6-5, Ascending) on April 21, 2016. 
The other full polarimetric observation with same 
observation mode was done on Dec. 3, 2015 before the 
disaster. Fig. 3 a) shows the Google earth image and Fig. 3 
b) shows four component decomposition image obtained 
with PALSAR-2 on April 21, 2016. Green represents 
volume scattering, red represents double bounce scattering, 
and blue represents surface scattering. α and γ(HH)-(VV) 
were also calculated from the full polarimetry data. 
Validation data were obtained from the GSI web site [11], 
and the size more than 1ha was used for the validation data.  
To emphasize the parameter difference before and after 

the disaster, normalized difference were introduced for α 
and γ(HH)-(VV) as following. 

afterbefore

afterbefore
normalized αα

αα
α

+
−

=∆                     

(1) 

after VV,HHbefore VV,HH

after VV,HHbefore VV,HH
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−−

−−
− +

−
=∆

γγ
γγ

γ                     
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4. RESULTS 
   

4-1 Radar reflection from the landslide areas 
 The four-component decomposition image obtained 

by Pi-SAR-L2 (ID: L203201) in Izu-island is presented in 
Fig. 4. Four component decomposition image, and α 
observed before and after the disaster near Aso Ohashi are 
presented in Fig. 5. The area, where larger α difference are 
observed between before and after the disaster are also 
shown in the figure. The landslide area shows the surface 
scattering is dominant scattering component, as pointed out 
by Watanabe et al. [12, 13], and Shibayama et al. [6].   
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Fig. 4. Four-component decomposition image obtained by 
Pi-SAR-L2 (ID: L203201, R: Double bounce scattering G: 
Volume scattering B: Surface scattering). The main 
landslide area is surrounded by the red rectangle. The field 
experiment sites are represented by red circles. 
 
Histogram of  α angle, αnormalized, γ(HH)-(VV), and γ(HH)-(VV), 
normalized for a landslide area in Kumamoto obtained before 
and after the disaster are presented in Fig. 6. The α angle 
before the disaster was more than 40°. On the other hand, 
The α angle before the disaster was less than 40°. The 
γ(HH)-(VV) was increased to be more than 0.5 after the 
disaster. Detection rate are estimated to be 63% in 
Kumamoto area. Main reason for the failure of the 
detection is a radar shadow, and the landslide area, where 
the area is vacant piece of land or low vegetation before the 
disaster. 
 
4-2. Landslide area detection in three different 
observational directions 
The entropy, α, and anisotropy obtained from the three 

different observational directions (L203201, L203202, and 
L203203) obtained by the Pi-SAR-L2 are presented in Fig. 
7. The main landslide area is delineated by the red rectangle. 
The forest area is indicated as the yellow area and the 
blue area represents the bare soil area, which also indicates 
the landslide area. A visual inspection reveals that the 
landslide area is detected well in L203201, wherein 
observations are made from the bottom to the top of the 
landslide, whereas the clarity is lower in L203203, with 
observations made from the top to the bottom of the 
landslide. Small directional dependency can be observed 
for Site 1, because the slope is 5°. Small directional 
dependency is also observed for the forest area near Site 2, 
because random scattering in the forest canopy induces less 
directional dependency. However, relatively larger 
directional dependency can be observed for Site 2, because 
the slope is 20°.  

The landslide area was clearly identifiable using data 
observed from the bottom of the landslide to the top. The 
clarity was degraded when using data observed from the 
top of the landslide to the bottom, indicating that smaller 
local incident angle is better to distinguish landslide and 
forested area. 

 
Fig. 5 Four component decomposition image observed a) 
before the disaster: Dec. 3, 2015 and b) after the disaster: 
Apr. 21, 2016. Eigenvalue decomposition image (R: 
Entropy G: α B: Anisotropy) observed c) before the 
disaster, and d) after the disaster. e) Google Earth image. f) 
The area, where larger α difference are observed between 
before and after the disaster with filter. Red: ∆α normalized  ≥ 
0.2 Orange: 0.2 > ∆α normalized ≥ 0.1 
 

 
Fig. 6 Histogram of (a) α angle, (b) αnormalized, (c) γHH−VV, 
and (d) γHH−VV, normalized for a landslide area obtained before 
and after the disaster in Kumamoto. 
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Fig. 7. Entropy, α, and anisotropy obtained from three 
different observational directions. Landslide area used for 
validation [7] is shown by red lines in a). The field 
experiment sites are represented by light blue circles. 
 

5. summary 
PALSAR-2 (Phased Array type L-band Synthetic 

Aperture Radar 2), L-band SAR on-board Advanced Land 
Observing Satellite-2 (ALOS-2), data were used to detect 
landslide caused by the 2016 Kumamoto earthquake. 
Difference of α angle and γ(HH)-(VV) obtained before and 
after the disaster were used. Some landslides occurred in a 
forest area before the disasters were detected by these 
parameters. But miss-identification were prominently 
observed. Forest mask was applied to the image taken 
before the disaster, so that it was confirmed that the forest 
mask worked well to reduce the miss-identification of 
landslide area. Detection rate are estimated to be 63%. 
Main reason for the failure of the detection is a radar 
shadow, and the landslide area, where the area is vacant 
piece of land or low vegetation before the disaster. 
Pi-SAR-L2 full polarimetric data observed in four 

different observational directions over a landslide area 
were analyzed to clarify the most appropriate L-band full 
polarimetric parameters and observational direction to 
detect a landslide area. The landslide area was clearly 
identifiable using data observed from the bottom of the 
landslide to the top. The clarity was degraded when using 
data observed from the top of the landslide to the 
bottom,indicating that smaller local incident angle is better 
to distinguish landslide and forested area. 
 

6. ACKNOWLEDGEMENT 
This work was supported by JSPS KAKENHI Grant 
Number 15H02997.  
 

7. REFERENCES 
[1] Watanabe, M.; Yonezawa, C.; Iisaka, J.; Sato, M. 
ALOS/PALSAR full polarimetric observations of the 
Iwate-Miyagi Nairiku earthquake of 2008, Int. J. Remote 
Sens. 2012, 33,1234–1245 
[2] Yonezawa, C.; Watanabe, M.; Saito, G. Polarimetric 
decomposition analysis of ALOS-PALSAR observation 
data before and after a landslide event. Remote Sens. 2012, 
4, 2314–2328 

[3] Czuchlewski, K.R.; Weissel, J.K.; Kim, Y. Polarimetric 
synthetic aperture radar study of the Tsaoling landslide 
generated by the 1999 Chi-Chi earthquake, Taiwan. J. 
Geophys. Research 2003, 108, 1–10, DOI: 
10.1029/2003JF000037.  
[4] Rodriguez, K.M.; Weissel, J.K.; Kim, Y. Classification 
of Landslide Surfaces Using Fully Polarimetric SAR: 
Examples from Taiwan. In Proceedings of the IEEE 
IGARSS, Toronto, Canada, 24–28 July 2002; pp. 2918–
2920.  
[5] Shimada, M.; Watanabe, M.; Kawano, N.; Ohki, M.; 
Motooka, T.; Wada, W. Detecting Mountainous Landslides 
by SAR polarimetry: A Comparative Study Using Pi-SAR-
L2 and X band SARs, Transactions of the Japan Society for 
Aeronautical and Space Sciences, Aerospace Technology 
Japan, 2014, 12, No.ists29, 9–15 
[6] Shibayama, T.; Yamaguchi, Y.; Yamada, H. 
Polarimetric Scattering Properties of Landslides in 
Forested Areas and the Dependence on the Local Incidence 
Angle. Remote Sens. 2015, 7, 15424–15442 
[7] Geospatial Information Authority of Japan (accessed 
2021-04-14). [Online]. Available: 
http://www.gsi.go.jp/BOUSAI/h25-taihu26-index.html 
[8] Cloude, S. R.; Pottier, E., A Review of Target 
Decomposition Theorems in Radar Polarimetry, IEEE 
Trans. Geoscie. Remote Sens., 1996, 34, 498–518 
[9] Yamaguchi, Y.; Yajima, Y.; Yamada, H. Four-
component Scattering Model for Polarimetric SAR Image 
Decomposition, IEEE Trans. Geosci. Remote Sensing, 
2005, 43, 1699–1706 
[10] Pottier E.; Ferro-Famil L.; Allain S.; Cloude S., 
Hajnsek I.; Papathanassiou K.; Moreira A.; Williams M.; 
Minchella, A.; Lavalle, M.; Desnos, Y. Overview of the 
PolSARpro V4.0 software. The open-source toolbox for 
polarimetric and interferometric polarimetric SAR data 
processing, Proceedings of IEEE International Geoscience 
and Remote Sensing Symposium, 2009, 4,  936–939 
[11] Geospatial Information Authority of Japan (accessed 
2015-03-18). [Online]. Available: 
https://www.gsi.go.jp/BOUSAI/H27-kumamoto-
earthquake-index.html, (2021. 4. 14) 
[12] M. Watanabe, R. B. Thapa, M. Shimada : Pi-SAR-L2 
observation of the landslide caused by Typhoon Wipha on 
Izu Oshima Island, Remote Sensing, vol. 8, no. 4, 282, 
2016 
[13] M. Watanabe, C. Yonezawa, J. Sonoda, and M. 
Shimada, Trial of detection for landslide areas from wide 
range of image obtained by L-band SAR (PALSAR-2), 
Journal of the Remote Sensing Society of Japan, 37(1), 21-
26k, 2017 
 

APPENDIX 
 [1] M. Watanabe, R. B. Thapa, M. Shimada : Pi-SAR-L2 
observation of the landslide caused by Typhoon Wipha on 
Izu Oshima Island, Remote Sensing, vol. 8, no. 4, 282, 
2016 

435



EAST CHINA LAND SUBSIDENCE MONITORING USING PALSAR-2 
SCANSAR IMAGES 

PI No 3142 
Chao Wang 1,2*, Yixian Tang 1, Hong Zhang1,  

1 Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy 
of Sciences, Beijing 100094, China 

2 College of Resources and Environment, University of Chinese Academy of Sciences, Beijing 100049, 
China 

*Email: wangchao@radi.ac.cn

1. INTRODUCTION

There is a great demand for deformation monitoring of very 
large areas by exploiting several SAR data frames [1, 2], 
which makes the wide swath mode of SAR an attractive 
imaging mode for large scale geophysical studies. It can 
provide a wide coverage with more than 300km range 
swath and short repeat cycle, which is significant for 
seismic displacement and large scale land subsidence study. 
A land deformation map over 300×300km area can be 
obtained by using only one wide swath data pair instead of 
processing several tracks of SAR data from stripmap mode 
based on DInSAR technique. The research of Wenchuan 
earthquake is a good example to see the advantages of 
ScanSAR interferometry [3, 4]. With the recent successful 
operation of Sentienel-1 and ALOS-2 mission, there is 
increasing interest in exploiting the wide-swath mode of 
SAR for measuring surface topography and deformation 
over large area. By using TOPS data from Sentienl-1, the 
land subsidence of Mexico city over 39000km2 area is 
obtained [5]. And the line-of-sight displacement of Nepal 
earthquake is studied by using ALOS-2 PALSAR 
ScanSAR mode data [6, 7].  

Due to groundwater over-exploitation, Beijing-Tianjin 
areas have been suffered from land subsidence during last 
two to three decades, which is the most serious land 
subsidence disaster area in China, and there are many 
previous works in this area using TerraSAR-X, Envisat 
ASAR, Cosmos-SkyMed, Radarsat-2 and Sentinel-1, 
which has shown large subsidence in Beijing and nearby 
region. ALOS-2 ScanSAR mode data has very wide 
coverage and high coherence, thus it can be used to acquire 
subsidence information for large region rapidly, which is 
less influenced by decorrelation and atmospheric effect.  In 
this work, we explore the ALOS-2 ScanSAR data and 
Sentinel-1 data from 2015 to 2016 to study the ground 
subsidence over Beijing-Tianjin area based on 3-pass 
DInSAR technique. The result shows that the ground 
deformation over large area can be benefit from ScanSAR 
interferometry greatly. And the two results has also been 
compared in the Beijing city, which has shown that the 
ALOS-2 ScanSAR results can obtain more accurate 

deformation than Sentinel-1 due to longer wavelength and 
less atmospheric effect.  

2. THE ALOS PALASR-2 SCANSAR DATA USED
IN THIS STUDY 

In order to investigate the ground subsidence over Beijing-
Tianjin area, the descending ScanSAR data of PALSAR-2 
are acquired on Sep.10 2015, Oct.22 2015 and Oct. 20 2016 
respectively using “full-aperture mode” compression 
method with dual-polarization HH and HV. Each product 
is divided into 5 sub-swath SLCs for 350km total swath, 
which covers Beijing-Tianjin and its surroundings. Fig.1 
shows the location and the range of this data and its 
amplitude. Because all of the data are acquired after Feb.8 
2015, there is no problem with burst overlap for ScanSAR 
interferometry. The table 1 shows the acquisition records 
used in this study and only HH polarization is considered 
for ScanSAR interferometry. 

Figure 1. (a) Location and range of ScanSAR data; (b) the 
amplitude map of the data 

Table 1. ScanSAR observation records for Frame 2800 Path 
32 used in this study 

Number Scene ID Date 
1 ALOS2070092800-

150910 
Sep. 10 
2015 

Master 

2 ALOS2076302800-
151022 

Oct. 22 
2015 

Slave for 
topography 

3 ALOS2130122800-
161020 

Oct. 20 
2016 

Slave for 
Deformation 

3. MEHODOLOGY

3-pass DInSAR technique is applied for ground subsidence,
which assuming that there is little deformation between the
first two images and the deformations happens between
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those two images with long temporal baseline. The two 
iamges without deformation are regarded as topo-pair for 
high precision DEM, and those two images for deformation 
estimation are combined as deformation-pair. The 
displacement phase can be obtained by [8],  

1212

13

13d φϕϕ ⋅−=
⊥

⊥

B

B                               (1) 

Where 13ϕ is the flatten phase of deformation-pair, 𝜙𝜙12 is 
the unwrapping phase of the topo-pair, 

⊥B is the 
perpendicular baseline. 
The main workflow is shown in Figure 2. Firstly, the 
earliest image is selected as the super-master image and the 
other two images are slave images. Both slave images are 
co-registrated on the super-master. After the two slave 
SLCs are resampled and applied spectral filter. Both topo-
pair and deformation-pair interferograms are generated. 
two images are interferometry and use MCF phase 
unwrapping method to unwrap the interferogram. Then the 
unwrapped interferogram is transformed into DEM by 
geocoding. The two SAR images with long temporal 
baseline are then coregistrated, and generating the 
differential interferogram by removing the phase estimated 
by previous DEM. Then use the MCF algorithm to unwrap 
the differential interferogram and generate the final 
deformation result. 
 

Master

Slave1 Slave2

Orbit Registering parameters 
estimation

Local frequency 
estimation

Registrating &
Resampling

Common Band 
Filter

Defo-pair 
Interferogram

Topo-pair 
Interferogram

Ramp fringe remove

Topography DInSAR
Interferogram

Deformation

Unwrapping

Fig. 2 Workflow of the proposed method 
 

4. EXPERIMENT 
Fig.3 shows the interferogram generated by topo-pair and 
defo-pair respectively. The orbital fringes are evident in 
Fig.3 (a) and (c). By using 3 degree polynomial 
approximation and a low-frequency filter, those non-
crustal fringes are removed and shown in Fig.3 (b) and (d). 
 
 

 
(a)                                         (b) 

 
(c)                                          (d) 

Figure 3. Original interferogram and the non-crustal fringe 
removed interferogram for topo-pair (a,b) and defo-pair (c,d) 
 
 

  
(a)                                           (b) 

Figure 4. The fringe of DInSAR interferogram (a) 
Original DInSAR interferogram; (b) non-crustal 

fringe removed 
 

After the topo-pair interferogram is unwrapped by snaphu 
method, the DInSAR interferogram is obtained by (1) 
presented in Fig.4(a). There seems some orbital fringes 
visible in Fig.4 (a) which are removed by a 3 degree 
polynomial approximation. 
 
By using ScanSAR interferometry, the whole region 
deformation of Beijing-Tianjin and its surroundings can be 
mapped. It is clear that there are about 7 main “sink holes” 
in 2016 over the whole plain region as shown in the 
deformation map of Fig.5. 
 
1) Beijing area 
The main ground subsidence zones occurred in the east and 
north of the Beijing plain which are corresponding to 
Liyuan, Zhangjiawan and Songzhuang town in Tongzhou 
district (the 2nd circle in Fig.5) and Shangzhuang town and 
Shahe town at the junction of Haidian and Changping 
district (the 1st circle in Fig.5), where the deformation 
exceeds 120mm and 70mm in 2016. 
 

Range 

A
zim

uth 

Range 

A
zim

uth 

437



 
Figure 5. The line-of-sight deformation map of 

2015.10-2016.10 
 
2) Tianjin area 
The main subsidence zones occurred in the northern coastal 
of Binhai New district (the 5th circle in Fig.5) and the 
junction of southern Wuqing distric and west of Xiqing 
district (the 6th circle in Fig.5) where the deformation 
exceed 70mm and 100mm during the observations. 
 
3) Surroundings area 
There are three main subsidence zones occurred, which are 
Langfang city (the 3rd circle in Fig.5), shengfang town in 
Bazhou city (the 7th circle in Fig.5) and Baigou town in 
Boding city (the 4th circle in Fig.5) respectively. 

 

The deformation results for ALOS-2 ScanSAR in Beijing. 
Using the small temporal baseline interferometric pair to 
generate the high precision DEM in Figure 6(a), and using 
DInSAR to generate subsidence in Beijing in Figure 6(b). 
 

 
                    (a)                                          (b) 

Fig.6 ALOS-2 deformation results: (a) DEM; (b) 
Subsidence 

To compare ALOS-2 and Sentinel-1, we use the multi-
temporal InSAR results in Beijing by Sentinel-1 [9]. And 
both deformation results of ALOS-2 and Sentinel-1 are 
shown in Figure 3. 

 
                     (a)                                          (b) 

Fig. 7. Deformation in Beijing estimated by (a) ALOS-
2; (b) Sentinel-1 

Compared to the C-band deformation result, the ALOS-2 
has shown more accurate deformation results due to less 
atmospheric effect influence and high coherence with the 
long temporal baseline. From Figure7, we can see that 
subsidence in Beijing mainly occurs in Tongzhou, 
Chaoyang and Changping district, and it is closely related 
to economy and residential development in Beijing. 
Besides, the maximum subsidence rate reaches 154mm/y, 
which is located in Tongzhou district. And we can 
conclude that the main reason of land subsidence in Beijing 
is the groundwater over-exploitation due to the expansion 
of city and population. 
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1. INTRODUCTION

When a volcano erupts, a 3-phase system abruptly 
crosses the threshold from quasi-static equilibrium to 
turbulent instability. Understanding the dynamics of such a 
system requires measuring and modeling processes that 
operate on characteristic scales ranging over many orders 
of magnitude. NSF’s 2009 GEO Vision Report identified 
“ten primary research challenges in the area of prediction 
of hazardous events”, including, “understanding the 
fundamental processes of plate boundary interactions, 
earthquake generation, and volcanic eruptions”. To meet 
this challenge requires: (a) mapping the three-dimensional 
structure of a large magmatic system; (b) tracking its 
evolution on time scales of weeks to years, and (c) linking 
these observations to processes acting on longer, 
geological time scales.  

We propose to study several historically active 
volcanoes in the Central America Volcanic Arc (CAVA) in 
Guatemala. Specifically, the sites include: Santiaguito, 
Almolonga, Atitlán, Acatenango, Fuego, and Pacaya 
(Figure 1).  

Figure 1: Location of the major volcanoes of 
Guatemala. The location of the Santiaguito volcano on 
this map is the same as that of Santa Maria volcano. 

2. RECENT VOLCANIC ACTIVITY

Almolonga, Atitlán and Acatenango volcanoes are not 
currently active; their last registered eruptions occurred in 
1818, 1853, 1972, respectively. There is a geothermal field 
at Almolonga.  

Santiaguito’s most recent activity has consisted of weak 
to moderate explosions with ash plumes, short pyroclastic 
flows, block and ash avalanches, lava flows and lahars [1]. 
The Santiaguito lava dome complex has been growing 
persistently since 1922 in the explosion crater formed by 
the 1902 eruption of the Santa Maria Volcano. Activity 
since 1922 has consisted of intermittent explosions and ash 
plumes and the extrusion of dacitic lava flows, forming a 
dome complex of ~1.1 km3 [2]. Since 1977, activity has 
been centered on El Caliente vent. An average extrusion 
rate between 1922 and 1984 of 0.46 m3/s was estimated 
from detailed field mapping and thermal satellite imagery 
showed a cyclical pattern in extrusion between 1987 and 
2000 with a short (3-6 yr) burst of high rate extrusion, 
followed by a longer period (3-11 yr) at a lower rate, with 
an overall decay in extrusion rate between 1922 and 2000 
[2]. Activity at Santiaguito has changed from endogenous, 
where the dome grows by the subsurface accumulation of 
magma (1922-1929), through a period of transition (1929-
1958) to exogenous behavior (1958 onwards), where lava 
is extruded onto the ground surface [2]. Later observations 
show an increased extrusion rate in 2002 [3] and more 
recently in 2011-early 2012. A study using ALOS data 
between 2000-2010 detected no magmatic deformation [4]. 
They also observed changes in flow morphology over this 
time and measured of lava subsidence up to 6 cm/yr [4]. 
Broadband seismometers have been used to measure cycles 
of recoverable, near-vent deformation at Santiaguito 
(eruptive cycle of ~1h) [5] and Fuego (tilt begins ~ 25 min 
before explosion) [6]. Explosions at both volcanos are 
associated with conduit pressurization processes [5], [6].  

Pacaya volcano’s late activity is characterized by 
multiple semi continuous lava flows and intermittent 
strombolian activity, with ash and fumerolic plumes. Mass 
flux estimated from SO2 degassing flux and melt inclusion 
sulphur content exceed effusion rate by 2 or 3 orders of 
magnitude [1]. Estimations of volume flux suggest that 
there is no localized magma accumulation above depths of 
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~ 40 km [1]. A 2-day eruption in 2010 produced a ~3 m 
displacement of the flank of the edifice, as well as 
topographic changes, confirming the threat of slope 
instability at Pacaya [7], [8].  

Fuego’s late activity is intermittent moderate 
strombolian with pyroclastic flows, lava flows and ash 
plumes [1]. In June 2018, the volcano erupted violently and 
with little warning, sending ash nearly four miles into the 
air, and burying villages under an avalanche like 
pyroclastic flow of super-heated ash and volcanic gasses. 
More than 150 fatalities were reported. 

In the time span of ALOS, the downsampled 
interferograms have shown that the Pacaya volcano is the 
most promising target to study with images from this 
satellite, for a signal has been detected even with a 
treatment suited for different processes [8]. 
 

3. RECALL OF THE OBJECTIVES OF THE 
PROJECT AND BROADENING OF ITS SCOPE 

 
Previous studies [4], [7], [9] have used InSAR data to 

search for magmatic deformation in the historically active 
volcanoes of the Central America Volcanic Arc (CAVA) 
and detected none. This could be related to magma storage 
that doesn’t favor surface deformation rather than to 
InSAR monitoring limitations [1]. However, shallow 
subsidence associated with flow deposits and edifice 
loading was measured at three volcanoes, one of which 
(Santiaguito) is located in Guatemala [1].  

The original objective of our proposed research was, 
thus, to improve our understanding of the complex 
processes that drive the volcanic activity in in Guatemala. 
To this end, our proposal was to integrate geological, 
geodetic and geophysical observations to constrain the 
modeling of the processes driving volcanic activity in 
Guatemala. We aimed to establish with the recent InSAR 
data whether there is detectable magmatic deformation on 
the proposed sites and to measure other changes in 
topography, such as shallow lava subsidence, that provide 
useful information that, together with other available 
geological, geodetic and geophysical data, help understand 
the underlying processes of named volcanic activity. For 
this, we planned on using both pair-wise analysis of InSAR 
data and time-series analysis of multiple InSAR pairs. 

During the course of the PhD of the PI on this project, 
an opportunity of a collaboration between UW-Madison 
and ISTerre, Grenoble was presented, which was of 
particular interested since the grad student is originally 
from Guatemala, and the proposed region of study was the 
same. This collaboration regarded a project of combining 
GPS, InSAR and optical image correlation to study string 
partitioning at the different fault systems of the zone. The 
project also aimed to be the start of a long term 
collaboration between the three countries involved to use 
geodesy in the study of different geological processes in 
the region, tectonics and volcanoes included. As part of the 
project, a GPS survey in 2018 was performed and we used 
the opportunity to stablish contact with INSIVUMEH 
(Institute of Seismology, Volcanology, Meterology and 
Hidrology). We learned that, although the seismic network 
in the country is not particularly dense, there’s some 

regular seismic monitoring of the Pacaya, Santiaguito, and 
Fuego volcanoes. However, we also learned that the GPS 
active network of the country (encompassing most of the 
continuous GPS stations), which belonged to the IGN 
(National Geographic Institute) was offline and not storing 
data anymore, and was finally dismantled by 2019.  

 
4. DATA ANALYSIS 

 
Our main interest in using the ALOS1 and ALOS2 

images was that, due to the dense vegetation in large parts 
of the Guatemalan territory, L-band images were best 
suited to study volcanic or tectonic processes in the area. 

As part of the above mentioned collaboration we began 
analyzing ALOS1 data from three adjacent tracks: 170 (20 
images, 64 interferograms), 171 (15 images, 58 
interferograms) and 172 (21 images, 78 interferograms) 
(Figures 2 and 3), which cover the volcanoes of interest as 
well) for the study of strain partitioning using the NSBAS 
(New Small Baseline) processing chain [10], correcting for 
tropospheric delays [11], and also applying DEM 
corrections [12] (Figures 4 and 5). We aimed to use this 
work to establish the optimal processing steps and 
corrections for interferograms that would be later used for 
time series analysis to isolate slow deformation 
(tectonic/interseismic and volcanic).   Participation on this 
collaboration delayed our activities focused on volcanoes, 
but served as a learning path on InSAR data processing for 
the grad student, as well as a first order exploratory tool of 
data quality in the region. We also ordered ALOS-2 data 
(paths 147, 148, and 149) up to February 2018, covering 
the area of interest (Figure 6), but we haven’t processed 
those yet. 

 

 
 
Figure 2: Coverage of ALOS1 data [13]. Regional 

tectonic setting [14]. Seismicity from Dec. 31 2006 to 
Apr. 1 2011 from the Global CMT catalog). Blue boxes 

show the location of the ALOS1 tracks used for our 
preliminary analysis. 
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Figure 3: ALOS1 interferogram networks for 

tracks 170 (top), 171 (center), and 172 (bottom). 

 
Figure 4: Examples of interferograms after 

tropospheric corrections and flattening in range 
and azimuth [13]. Top: comparison of different 
temporal baselines (Bt) for small perpendicular 
baselines (Bperp < 70m). Bottom: comparison of 

different Bperp for small Bt (1-2 months). 

 
Figure 5: Interferogram in Pacaya volcano area 

before (left) and after (right) DEM correction [13]. 
 

 
Figure 6: Coverage of the ALOS2 data. 

 
From our work with ALOS1 data, we learned our data 

presents strong atmospheric phase delays and coherence 
loss partly due to large topographic variations (~3000 m). 
The velocity fields obtained from time series inversion of 
the interferograms corrected for tropospheric delays show 
long wavelength signals with strong gradients not 
corresponding to any tectonic features (Figure 7). These are 
likely due to ionospheric phase delays, which are pervasive 
in our data set in the latitudes of interest. Thus, careful 
modeling and correction of ionospheric phase delays [15] 
are required in order to enhance the signal-to-noise ratio of 
tectonic deformation in our study area (Figure 8).  

Unwrapping of the interferograms has proven difficult 
due to low coherence, particularly at the tropical forests to 
the north and near the southern coastal areas, where the 
volcanic chain is located and small deformation associated 
to subduction processes is expected [16]. To date, we 
haven’t succeeded to achieve this satisfactorily. Thus, our 
InSAR derived velocity fields from time series analysis of 
our interferograms are still very noisy and do not isolate 
well the tectonic signal. Our progress in this large scale 
InSAR project was presented in posters in MDIS-
Form@Ter Colloquium 2017 [13], 19th General Assembly 
of WEGENER 2018 [17], and AGU Fall Meeting 2018 
[18]. 

 
5. FUTURE WORK 

 
We continue to work on improving the quality of our 

interferograms processed with NSBAS and also exploring 
other means of processing, such as the use of ISCE (InSAR 
Scientific Computing Environement) software [19] to 
perform and establishing collaborations to attempt DS 
(Distributed Scatterers) Interferometry techniques [20]. 
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Figure 7: LOS-velocity map from time series 

inversion of ALOS1 interferograms [17],[18]. 
Convention is negative approaching the satellite. 

Continuous black lines show the location of stacked 
profiles AA’ (middle) and BB’ (bottom) over the 
common area of the ALOS1 adjacent tracks, for 

quality control [17],[18]. Thin black lines show the 
halfwidth of the stacked profiles. The profiles are also 
compared to Sentinel-1 data and the predictions from 

a block model for the area (tdefnode [16]). 

 

  
 

Figure 8: Correction of ionospheric phase delays 
for two interferograms from our data set performed 

with ISCE [18]. Left panels are interferograms before 
correction, center panels show the ionospheric phase 

delay, and right panels show the corrected 
interferograms. 

 
The PI of this project obtained her PhD on December 

2020 by finishing her main project at the University of 
Wisconsin-Madison. She is currently based in Guatemala 
as a Professor/Researcher at the local public University, 
where she will continue to work on this InSAR project with 
the support of her collaborators in the United States and 
France, and she is now in a position to also engage local 
students in the project.  

Thus, besides the ongoing work with ALOS1 data, we 
plan to retrieve and analyze existing SAR data covering 
study area from archives of JERS-1. We will also use the 
acquired ALOS2 images to search for deformation related 
to volcanic processes for all the above mentioned 
volcanoes,  as well as tectonic deformation for our large 
scale deformation project.  

After the June 2018 eruption, Fuego volcano has 
become of particular interest and we expect to acquire 
available ALOS2 images from February 2018 to date, in 
order to span pre- and post-eruption times. Data processing 
will consist of pair-wise analysis, performing the pertinent 
atmospheric corrections, and time-series analysis and 
inverse modeling of multiple InSAR pairs.  

The results will be presented at a conference such as the 
Fall Meeting of the American Geophysical Union (AGU) 
and submitted for publication in the international, peer-
reviewed literature.  
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1. SUMMARY

We have processed ALOS-2 and other satellite InSAR 
images into high-quality deformation images by correcting 
various artifacts. We have harnessed the complementary 
strengths of high-spatial-resolution ALOS-2 PALSAR-2 
InSAR deformation maps and high-temporal-resolution 
GPS solutions, and integrated them to produce time-variant 
models of deformation sources through Kalman filtering, 
enabling greater understanding of volcanic processes 
before, during and after eruptions of Aleutian volcanoes. 
Our investigation has improved our understanding of 
volcanic plumbing systems over selected volcanoes along 
the Aleutian arc.  

2. L-BAND INSAR COHERENCE MODELING

InSAR provides capability to detect surface deformation. 
Numerous processing approaches have been developed to 
improve InSAR results and overcome its limitations. 
Regardless of the processing methodology, however, 
temporal decorrelation is a major obstacle for all InSAR 
applications especially over vegetated areas and dynamic 
environments such as Alaska. Temporal coherence is 
usually modeled as a univariate exponential function of 
temporal baseline. It has been, however, documented that 
temporal variations in surface backscattering due to the 
change in surface parameters, i.e. dielectric constant, 
roughness, and the geometry of scatterers, can result in 
gradual, seasonal, or sudden decorrelations and loss of 
InSAR coherence. The coherence models introduced so far 
have largely neglected the effect of the temporal change in 
backscattering on InSAR coherence. We have introduced a 
new L-band temporal decorrelation model that considers 
changes in surface backscattering by utilizing the relative 
change in SAR intensity between two images as a proxy 
for the change in surface scattering parameters. Our model 
also takes into account the decorrelation due to the change 
in snow depth between two images (Fig. 1). Using the L-
band ALOS-2 PALSAR-2 data over Alaska, a new L-band 
temporal coherence model has been assessed. The model 
decreases the root-mean-square error of temporal 
coherence estimation from 0.18 to 0.09 in average [1]. The 
improvements made by our model has been statistically 
proved to be significant with 99% confidence level. We 
have also found that 14-day L-band coherence over snow 

can be much higher than expected. This indicates that 
InSAR monitoring of Aleutian can be done with L-band 
images acquired within a couple of weeks during winters.  

Fig. 1 Temporal coherence functions from the 
conventional coherence model A and our developed 
model B as well as coherence observations over forest 
(top) and shrub (bottom).  In conventional model A, the 
temporal coherence is modeled as a univariate 
exponential function of temporal baseline. Our newly 
developed temporal coherence model B considers 
changes in surface backscattering by utilizing the 
relative change in SAR intensity between two images as 
a proxy for the change in surface scattering parameters. 
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3. EPISODIC INFLATION AND COMPLEX 
SURFACE DEFORMATION OF AKUTAN 

VOLCANO, REVEALED FROM GPS SERIES 
 
Akutan is one of the most active volcanoes in the Aleutian 
arc. Studies involving seismic, GPS, and InSAR data have 
observed activity and deformation on the island since 1996 
[2-5]. Here we inverted measurements of volcanic 
deformation, observed using three components of motions 
at 12 continuous GPS sites to define magma source 
parameters using Mogi point source and Okada dislocation 
models. In order to analyze the evolution of this magma 
source we split the GPS data into five consecutive time 
periods, and one period that incorporates all available data. 
These time periods are designed around two inflation 
events in 2008 and 2014, when a sudden and significant 
increase in vertical velocity is observed (Fig. 2). Inversion 
of these time periods independently has allowed us to 
create a magma volume time-series that is related to the 
physical migration of magma through the estimated source 
parameters (Fig. 3). The best fit model parameters resulting 
from these inversions describes a planar surface of magma 
storage centered on the northern rim of the caldera of 
Akutan volcano, extending from a depth of 6 km to10 km, 
with a length of ~4 km, a strike of ~N50°W, and shallow 
dips of ~30° from the horizontal extending to the northeast 
(Fig. 3). The inflation event in 2008 contributed a large 
injection of magma (0.005 km3) followed in 2014 by an 
additional increase in volume of 0.00417 km3. No periods 
of deflation are observed in the GPS data after these events, 
and we believe the total volume of magma accumulated in 
this region 0.0107 km3 remains as a hot, partial melt. Our 
model results are compared with seismic studies and found 
to support previous interpretations of episodic inflation 
beneath Akutan volcano with complicated magma storage 
at intermediate depths [6].  
 

 

Fig. 2 Time-series of daily position solutions relative to 
stable North America at a GPS over Akutan volcano 
are plotted for the east (top), north (middle) and 
vertical (bottom) components. The horizontal 
components, east and north, have been detrended, but 
deflation events are still barely visible. Red lines 
separate the five time periods, pre-2008 (1), 2008 event 
(2), 2009–2013 (3), 2014 event (4), and post-2014 (5). 
Additionally, all of the available data were used as a 
time period extending from the beginning of pre-2008 
to the end ofpost-2014. Velocity estimates are indicated 
for each time period, illustrating the sharp increase in 
velocity associated with the 2008 and 2014 inflation 
events. 

 
 
Fig. 3 Source locations for each of the best fit models 
in each time period (Fig. 2) of Akutan volcano. All is in 
black, pre-2008 is purple, 2008 is yellow, 2009–2013 is 
blue, 2014 is red, and post-2014 is green. 

 
4. RECENT ERUPTIVE ACTIVITY AT SHRUB 

MUD VOLCANO  
 
Shrub mud volcano is one of three large mud volcanoes 
that comprise the Klawasi Group in the Copper River Basin 
of southcentral Alaska. Except for minor discharges in the 
mid-1950s when the group was first described, Shrub was 
dormant prior to its reactivation in summer 1996. From 
1997 to 1999, Shrub vigorously erupted more than 5 x 105 
m3 of saline mud and CO2-rich gas at temperatures as high 
as 54˚C. Thereafter, activity waned but continued at least 
through 2015. We have analyzed 192 interferograms 
derived from 106 SAR images acquired by the JERS-1 (L-
band), ERS-1/2 (C-band), RADARSAT-1 (C-band), and 
ALOS PALSAR (L-band) satellites to characterize ground 
deformation at Shrub before, during, and after its 
reactivation. Collectively, the interferograms span 1992–
2000 and 2006–2011. We fit the observations with two 
deformation sources: a deflating, steeply-dipping, pipe-like 
body under the summit area and an inflating, shallow-
dipping, sill-like body under the southwest flank. Both 
sources are shallow, with centroids less than 1 km beneath 
the summit. Prior to reactivation, the flank source inflated 
~0.35 x 105 m3/yr from July 1992 to May 1996. During 
eruptive activity, the summit source deflated at higher rates 
that peaked at -8.71 x 105 m3/yr during May–November 
1997 and continued at -0.95 x 105 m3/yr during the 2006–
2011 observation window [7]. Cumulative source-volume 
loss is comparable to the volume of mud erupted. We 
interpret the summit source as the volcano’s feeder conduit 
that pressurized prior to the first SAR observation in 1992. 
Also before 1992, the conduit ruptured to feed a lateral 
intrusion of mud under the southwest flank, perhaps along 
a bedding plane in underlying glaciolacustrine deposits. 
The growing sill caused the southwest flank to inflate while 
it accommodated the mud supply from depth, which 
explains why we observed pre-eruptive inflation of the 
flank but not the summit. The summit began deflating 
when the conduit ruptured to the surface at the onset of 
eruptive activity. The flank source did not deflate 
concurrently because the weight of the thin overburden was 
insufficient to collapse the sill. There is a suggestion in the 
modern topography that lateral intrusions under Shrub’s 
southwest flank are a common feature of activity there.  
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Fig. 4 Examples of interferograms showing 
deformation of Shrub volcano between 2006 and 2011 
during the post-activity period: (a) - (e) are ascending 
ALOS PALSAR path 252 pairs between 2006/10-
2008/07(~0.8 years), 2007/07-2008/07 (~1 years), 
2007/07-2010/06 (~2.9 years), 2008/07-2009/09 (~1.2 
years) and 2010/12-2011/03 (~3 month), respectively; (f) 
- (i) are descending ALOS PALSAR path 596 pairs 
between 2006/06-2009/07 (~3.1years), 2007/07-2008/07 
(~1 years), 2007/07-2010/06 (~2.9 years) and 2008/07-
2009/07 (~1 years), respectively. 
 

 
Fig. 5 Time series of estimated volume changes in the 
combined flank + summit sources at Shrub volcano, 
with linear fits showing average rates. (a) July 1992–
May 2000; (b) May 2006–March 2011; (c) July 1992–
March 2011. Satellites and orbital paths for individual 
interferograms are shown in lower left of each panel. 

 
 

5. INFLATION OF OKMOK VOLCANO DURING 
2008 TO 2020 FROM PS ANALYSES AND SOURCE 
INVERSION WITH FINITE ELEMENT MODELS 

 
Okmok volcano, located on northeastern Umnak Island 
along the eastern end of the Aleutian island arc, is one of 
the most active volcanoes in Alaska, producing multiple 
eruptions in the past century [2, 8-17]. The most recent 
eruption, which occurred during July-August of 2008, was 
the most explosive since the early nineteenth century. In 
the years following the 2008 eruption, Global Navigation 
Satellite System (GNSS) and InSAR observations indicate 
that Okmok has inflated at a variable rate of 40-195 mm/yr. 
In this study, we have investigated the post-eruptive 
deformation of Okmok (2008-2020) using InSAR and 
GNSS. L-band ALOS-2, C-band Sentinel-1/ Envisat and 
X-band TerraSAR-X data have been analyzed with 

Persistent Scatterer (PS) InSAR method (Fig. 6). The 
deformation time series calculated from InSAR and GNSS 
are assimilated into finite element models (FEMs) using 
the Ensemble Kalman Filter (EnKF) to track the evolution 
of the magma system through time. The deformation time-
series, estimated magma accumulation, and stress changes 
are compared with those during the last inter-eruption 
period (1997-2008), providing critical information on the 
probability of next eruption. 
 

 
 
Fig. 6 Cumulative deformation maps of Okmok volcano 
from ALOS-2 P92 track. 
 

 

 
 
Fig. 7 Comparison of deformation time series at Okmok 
volcano from InSAR with the CGPS observations in the 
LOS direction: (a) (b) (c): deformation from Envisat 
P222 track and GPS at station OKCE, OKNC and 
OKSO, respectively; (d) (e): deformation from ALOS-
2 P92 and GPS site OKCE and OKSO, respectively;  (f) 
(g) (h): deformation from ALOS-2 P93 and GPS site 
OKCE, OKNC and OKSO, respectively; (i): 
deformation from TerraSAR-X P116 and GPS site 
OKCE. All the GPS observations are referenced to 
OKFG and are shifted to the same reference data of the 
InSAR observations, respectively. 
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ABSTRACT 

Several techniques have proposed to observe long-term land 
deformation using phase information of synthetic aperture 
radar (SAR), for example, InSAR, DInSAR, PS-InSAR, 
SBAS using spaceborne SAR images. But every mission of 
spaceborne SAR has an orbit duty period less than ten years 
and other problems of discontinuity or blank period of 
observation using the similar specification of sensors. Hence 
land deformation with an observed time of more than ten 
years is not available to be monitored continuously using a 
single mission. This research proposed a method called 
Bridging Consecutive DInSAR (BC-DInSAR) to connect 
Consecutive DInSAR. These methods were employed to 
investigate land deformation and the impact caused by hot 
mudflow accident at Regency of Sidoarjo, Indonesia, where 
this disaster happened on 29 May 2006 and is flowing until 
now. The differential GPS data since 2006 was employed to 
validate the analysis result of BC-DInSAR, which obtained 
0.46 m RMS error. 

Index Terms— Synthetic Aperture Radar, Consecutive, 
DInSAR, Law of conservation of material, Multi Sensor 

1. INTRODUCTION

Synthetic Aperture Radar (SAR) is well-known as a 
multi-purpose sensor that can operate in all-weather and 
day-night time. The SAR system generates images that 
contain information on intensity, phase, and polarization. 
Several methods have proposed to observe disaster and 
environmental change using phase information, especially 
interferometric SAR (InSAR) and differential InSAR 
(DInSAR) for single event change by a pair of images, 
Permanent Scatterer InSAR (PSI) to derive velocity of land 
deformation.  

The author has proposed the Consecutive DInSAR (C-
DInSAR) technique to observe long-term land deformation 
using images of JERS-1 SAR and ALOS-1 PALSAR-1 
sensors [1]. Satellite mission has limited operating period, 
i.e., JERS-1 and ALOS-1 were operated by JAXA from 15
April 1992 to 11 October 1998, 15 May 2006 to 13 April

Fig.1.  Concept of Bridging Consecutive DInSAR 

Fig.2. Subsidence and mudflow model 

2011; ERS-1, ERS-2, and Envisat were operated by ESA 
from 17 July 1991 to 10 March 2000, 21 April 1995 to 4 
July 2011, and 1 March 2002 to 8 April 2012, respectively. 
Therefore, the previous C-DInSAR technique remains the 
issue to derive land deformation between two periods of 
different satellite missions. Therefore, this research 
proposed a Bridging C-DInSAR (BC-DInSAR) method to 
connect two or more C-DInSAR to realize long term 
continuous observation using spaceborne multi-sensor in 
multi-mission. 
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2. PROPOSED METHOD 
 

The author proposed the C-DInSAR method in 2012 
using SAR images of two missions of JERS-1 SAR and 
ALOS-1 PALSAR-1 to observe land deformation [1]. This 
method remained an issue on land deformation estimation 
derived by C-DInSAR between two missions, e.g., JERS-1 
and ALOS-1 or blank satellite mission from 1998 to 2004. 
A. Bridging Consecutive DInSAR 

Fig.1 shows the concept of Bridging Consecutive 
DInSAR (BC-DInSAR), where this method solves the blank 
satellite mission by employing a digital elevation model 
(DEM) at the end of the earlier satellite mission and 
beginning of later satellite mission. For example, we have 
three satellite missions (Satellite-1, Satellite-2, and Satellite-
3) shown in Fig.1. Each image of C-DInSAR of analyzed 
mission as C-DInSAR-1, C-DInSAR-2, and C-DInSAR-3. 
DEM of Satellite-1 (DEMS1-1) is derived using a pair of 
images observed in closed time at the end period of the 
satellite-1 mission.  The image pair recorded in close time to 
get high accuracy of DEM. The same manner is done to 
derive DEM using a pair image at the beginning period of 
the satellite-2 mission to get accurate DEMS2-1. Then 
DEMS2-1 was eliminated using DEMS1-1 to get 
information on land deformation of the study area in blank 
mission period. The same manner for further analysis of land 
deformation using later satellite missions, i.e., Satellite-3 
and so on. 

B. The Law of Material Conservation  

We propose the model of continuity equation of the law of 
conservation of material to estimate the volume of released 
material in the study area as Fig.2. S is analyzed subsidence 
area with a volume of material (mud) inside and material 
density are V (m3) and m (kg/m3), respectively. The pressure 
of material outflow is caused by subsidence, gravity’s 
pressure G, heating’s pressure H by magma, and inner 
Earth’s pressure E with velocity v on surface S’s change. We 
consider a small area S with perpendicular or norm vector 
n, and flow strength or current of spouted material 
(mudflow) P (kg/m2s) to derive the relationship of the 
current of spouted material on drilling well’s hole and 
velocity of release material as shown on Fig.2. The current 
means an outflow of material on surface S, where the 
outflow causes the material volume decreases in this closed 
surface. In other words, if the total material in this closed 
surface S is V, and the material density at the point indicated 
by the coordinate vector r is m, hence this phenomenon 
could be derived as 

 

                (1) 

 
 

 

 
Fig.3. Map of the study area: Hot mudflow at Regency of Sidoarjo, 
Indonesia 

 
The mud sample collected in ground surveys and the 

density m is measured as 1,400±200 kg/m3. In this model, 
we focus to investigate the contribution of subsidence that 
caused the current and volume of released material, 
therefore we simplify Eq.(1) as 

         (2) 
Then the left side can be derived from Gauss's theorem and 
since V can be of any size, if we consider V as a very small 
volume ∆𝑉 around the point r, then we obtain 

                (3) 
Eq.(3) shows a continuity equation and expresses the law of 
material conservation of material (hot mud). In the case of 
steady material, the material density does not change over 
time. In the case of subsidence in this study, we don’t 
consider other potential or pressures. In other words, we 
only consider the current that generated by the subsidence or 
volume change on Fig.2 that could be derived by the 
proposed BC-DInSAR. 

As the assessment and demonstration of the BC-DInSAR, 
we applied it to analyze long-term land deformation of hot 
mudflow at the regency of Sidoarjo, East Java province, 
Indonesia, then spouted volume estimation using equations 
above, as discussed in the further sections.   

 
3. STUDY AREA 

 
The study area locates in the Regency of Sidoarjo, the 

southern capital city of East Java province, Surabaya as 
shown in Fig.3. This area is the location of the various 
industry includes oil and gas industries for domestic and 
export. This area is a strategic area to connect the capital 
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city, Surabaya, and the southern East Java province. This 
figure shows landuse map of the study area and the position 
of differential Global Positioning System (DGPS) stations 
for validation. 

   Indonesian private gas and oil industry, Lapindo Brantas 
Inc started to drill the site in February 2006 for the first test 
drilling with depth well in Banjar Panji 1 (BJP-1) station 
targeted with 4,000 m depth at Reno Kenongo village of the 
district of Porong for gas exploration. Hot mud bubble and 
gas release started to flow at 150 m away from BJP-1 
drilling well on 29 May 2006, where this accident is 
considered by miss procedure in drilling activity. The hot 
mud flew to settlement and the industrial area surrounding 
the accident well and destroyed 600 ha and 16 villages in 
Porong, Jabon, and Tanggulangin districts. About 8,200 
people in Reno Kenongo, Siring, Jatirejo, and Kedung 
Bendo villages evacuated in August 2006.  

The hot mud and gas spout in the study area since May 
2006 generated subsidence and serious damage around the 
center of the accident area. In this research, the impact of 
subsidence in the study area was investigated numerically by 
the proposed BC-DInSAR method using images of Fine 
Beam Single Polarimetric (FBS) and Fine Beam Dual 
Polarimetric (FBD) modes of ALOS-1 PALSAR-1 and SM3 
mode of ALOS-2 PALSAR-2 between 19 May 2006 and 14 
July 2020. 
 

4. SATELLITE IMAGES, ANALYSIS USING BC-
DINSAR, AND VALIDATION USING DGPS 

 
A. Analysis using BC-DInSAR 

Firstly, the C-DInSAR images of ALOS-1 PALSAR-1 
generated by using images of FBS mode (ascending) for the 
period of 19 May 2006 to 24 November 2008. ALOS-1 
satellite did not cover the same area with FBS mode after 24 
November 2008. Therefore, we continue the C-DInSAR 
using FBD mode images (ascending) in period 4 October 
2008 to 25 August 2010. Then we employed image pair of 
25 August 2010 and 10 October 2010 (FBD mode) to 
generate a digital elevation model (DEM) as DEMS1-1 in 
Fig.1 to bridging to consecutive images generated by ALOS-
2 PALSAR-2 images.  We processed the ALOS-1 PALSAR-
1 images (FBS and FBD modes, original data: Level 1.0 or 
raw data, resolution 20 m) using JAXA SIGMA-SAR 
software [2] to obtain interferogram for C-DInSAR and 
DEMS1-1 for bridging to DEMS2-1 generated by ALOS-2 
PALSAR-2 images in the next process.  

Secondly, DEM of ALOS-2 PALSAR-2 was derived 
using Stripmap (SM3) mode of 7 July 2015 and 15 
September 2015 images with 20 m of output resolution to 
adjust to the resolution of DEMS1-1. This process did by 
SARPROZ software [3]. We substituted the DEMS2-1 by  

 
Fig.4.  Analysis result of BC-DInSAR with observation period of 19 May 
2006 to 14 July 2020 using ALOS-1 and ALOS-2 satellites 

 
Fig.5. Regression value of BC-DInSAR and DGPS measurement in the 
period of 2006 to 2016 (Three GCP stations) 

 
DEMS1-1 to bridging ALOS-1 and ALOS-2 mission to 
obtain pixel value of land deformation of the study area in 
period 10 October 2010 and 7 July 2015 (five years). In the 
same manner, the C-DInSAR of ALOS-2 PALSAR-2 images 
processed by using SM3 mode (ascending) for the period of 
15 July 2015 to 14 July 2020. 

Fig. 4 shows the analysis result of BC-DInSAR with an 
observation period of 19 May 2006 to 14 July 2020 using 
ALOS-1 and ALOS-2 satellites with the coverage in Fig.3. 
Pair of FBS-1 observed in the preliminary period from 29 
May 2006 to 19 February 2007.  It shows a large subsidence 
area centered on the hot mudflow area and impacted the 
northern area about 10 km. Pairs of FBS-2, FBS-3, FBD-4, 
and FBD-5 show active subsidence in the accident area. 
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Fig.7. Total subsidence in the study area  
 

The BRIDGE was derived using DEMS1-1 and DEMS2-
1 of ALOS-1 and ALOS-2. The result shows subsidence 
within five years of observation in period 10 October 2010 
to 7 July 2015. The noise appeared in this figure caused by 
the long-term analysis and different sensor's characteristics 
used in the method, that needs further investigation.   

SM3-1 to SM3-4 shows the decreasing of subsidence in 
the center of the accident well, but a new subsidence area 
appeared in the eastern accident area since SM3-2 period. 
We found three new subsided sites around new mining 
facilities in the visual analysis of optical satellite images and 
ground surveys. The western accident center shows 
subsidence since 2006, as an effect of volume loss in the 
accident area. 

As shown in Fig.3, we measured differential GPS (DGPS) 
for validation of BC-DInSAR result with nine ground 
control point (GCP) stations that recorded from 2006 to 
2010 (five years), and three GCP stations that observed from 
2006 to 2016 (11 years). The DGPS used dual-frequency 
geodetic receivers with observation session lengths of 5 to 
10 hours starting on 22 September 2006 to 2016. Some 
numbers of observed GPS stations measured in different 
periods shown in Fig.5, due to the change in the mudflow 
coverage area. Base on Fig.5, BC-DInSAR method has an 
accuracy of 0.46 m (RMS). 

5. RESULT AND DISCUSSION 

Fig.6 depicts total subsidence in the study area in the 
period of 19 May 2006 to 14 July 2020 (15 years). Fig.7 
shows total subsidence in the study area derived from Fig.6 
observed between 19 May 2006 and 15 July 2020. This 
result shows mean of subsidence with a value more than 0.3 
m occurred at villages of Pejarakan (B01) 0.38 m at the 
district of Jabon; villages of Reno Kenongo (C02) 0.43 m, 
Siring (C03) 0.68 m, Jatirejo (C04) 0.61 m, Mindi (C05) 0.4 
m, Gedang (C07) 0.32 m, Kedung Boto (C13) 0.36 m, 
Pesawahan (C14) 0.30 m at the district of Porong; the 
village of Waung (D01) at the district of Krembung; villages 
of Ketapang (F02) 0.43 m, Kedung Bendo (F04) 0.45 m, 
and Kedung Banteng (F08) at the district of Tanggulangin.  

The ground survey was held five times on 17 November 
2006, 28 March 2013, 13 June 2014, 5 September 2017, and 
17 October 2019 to investigate infrastructure conditions in 
the study area. Base on the ground survey, the subsidence 
generated a significant impact on the study area, as well as 
wall cracked in settlement and infrastructures, bent railway 
track, tilted electricity transmission towers, and poles, 
broked gas pipe, and explosion on 22 November 2006. This 
hot mudflow also made sedimentation and change habitat at 
the Porong river. 

 
5. SUMMARY 

This research proposed a Bridging Consecutive DInSAR 
(BC-DInSAR) method to connect Consecutive DInSAR 
using images of multi spaceborne SAR missions. This 
method was assessed to investigate long term of land 
deformation and the impact caused by hot mudflow accident 
at regency of Sidoarjo, East Java province, Indonesia, where 
this disaster happened on 29 May 2006.  

In this research, the DGPS data observed in the period of 
2006 to 2016 was employed to validate the analysis result of 
BC-DInSAR, which acquired 0.46 m error (RMS). It could 
be improved by increasing the resolution of SAR images in 
the future mission to improve the quality of DEM used in 
BC-DInSAR.   
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1. INTRODUCTION

Coastal zone is one of the most complex and fragile natural 
ecological environments in the world. Synthetic Aperture 
Radar Interferometry (InSAR) techniques can be able to 
provide vital information on surface topography and 
deformation in the ocean-land transition zones under the 
background of global human activities, climate warming 
and violent tectonic movements over subduction zones [1-
6].  

In this study, we firstly evaluated the impact of ocean 
tidal load (OTL) on wide-swath (WS) mode InSAR (e.g. 
ALOS-2 PALSAR-2 and Sentinel-1A) deformation 
monitoring with various ocean tidal models in three typical 
coastal regions including China, Chile and Gulf of Alaska. 
Then we detailedly demonstrated the method of 3D 
component estimation of OTL and differential OTL phase 
for WS InSAR and further discussed the differences of 
ocean tidal models in the estimation of OTL displacements. 
Furthermore, we investigated the land subsidence over the 
Yellow River Delta (YRD), China, with InSAR time series 
analysis technique.  

2. IMPACTS OF OCEAN TIDAL LOAD

Previous space geodetic studies (e.g. GNSS/VLBI) have 
shown that ocean tides cause a temporal variation of the 
ocean mass distribution and the associated load on the crust 
and produce time-varying deformations of the Earth that 
can reach 100 mm with a wavelength scale of 102~103 km 
and deformation gradients of mm level to cm level [7-9]. 
This kind of non-tectonic signals will have a significant 
impact on InSAR precision deformation analysis (e.g. 
large-scale slow and non-steady tectonic deformation with 
small magnitude). There are relatively few cases and 
discussions on the practical application of how to estimate 
and correct the 3D component of InSAR tidal load 
conveniently, quickly and effectively. Most InSAR users 
in coastal zones do not consider this effect. Therefore, we 
firstly evaluated the impact of OTL on coastal InSAR 
deformation monitoring. 

=ref topo orb defo atmo OTL noiseϕ φ φ δφ δφ φ φ φ φ∆= − + + + + +

We did not give detailed fundamental theory on 
computing OTL that has been introduced in previous 
literatures [10-13]. The procedures of OTL estimation and 
correction are as follows:  
(1) 3D (E/N/U) components of OTL is estimated with a
specific ocean tide model;
(2) OTL displacements are transformed into LOS direction
with identical spatial and temporal information as
interferograms.
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Fig. 1 Study regions with the coverages of ALOS-2 
PALSAR-2 and Sentinel-1A WS images (red and blue 
rectangles, respectively). (a) Fujian, Southern China; (b) 
Gulf of Alaska and Canada; (c) Northern Chile. Please 
note that (i) Solid dots represent recent earthquakes with 
Mw>4 from USGS earthquake catalogue.  

Using ALOS-2 PALSAR-2 and Sentinel-1A wide-swath 
(WS) mode as examples, the 3D component estimation and 
differential phase extraction of OTL for WS InSAR 
deformation monitoring are carried out, and the differences 
of ocean tide models are investigated. The ALOS-2 
PALSAR-2 SCANSAR data, with a standard swath of 
350km, can cover a much larger land area than the 
Sentinel-1 TOPSAR data, with a standard swath of 250km. 
In addition, the available Sentinel-1A/1B interference pairs 
with a revisit period of 6 or 12 days are still rare, and that 
of the ALOS-2 PALSAR are close to the minimum time 
baselines of most available Sentinel-1A wide SAR data (28 
and 24 days, respectively). 

As shown in Fig. 1, three study areas were distributed on 
both sides of the Pacific Ocean, including 24 ° N-28 ° N in 
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Fujian, China, 22 ° S-26 ° S in Chile, and 58 ° N-62 ° N in 
the Gulf of Alaska, North America. The selection of the 
study area is based on the comprehensive consideration of 
human activities, glacial changes and geological structures 
related to the surface deformation of the coastal zone, and 
the three regions are representative to some extent. 

In this study, two global tidal models (GOT4.7 and 
Hamtide11a) and a regional tidal model in China 
(OSU.ChinaSea.2010) were selected to analyze the 
difference of the selection of tidal models on the estimation 
of OTL of a single InSAR interferogram (Fig. 2). We can 
find that: 
(1) In Fujian, the displacement difference of OTL is 
basically the same. 
(2) In the Gulf of Alaska, there is a great difference 
between the displacement difference of OTL, which may 
be related to the special topographic structure and tidal 
characteristics of the coastal zone in this region. 
(3) In Chile, the differential displacement of OTL has a 
good consistency. 
(4) The influence of OTL is not only related to the size of 
the research area, but also related to the location of the 
research area. 
(5) SAR images acquired during astronomical spring tides 
are greatly affected by OTL displacements. 

 
Fig. 2 Differential maps of OTL displacements 
estimated from different ocean tidal models (GOT4.7, 
HAMTIDE11a and OSU.CHINASEA.2010). (a) Fujian, 
Southern China; (b) Gulf of Alaska and Canada; (c) 
Northern Chile. 
 

3. COASTAL DEFORMATION OVER YRD 
 

As a typical fan-shaped delta and one of the youngest 
landmasses in the world, the YRD is formed by the 
reclamation of the Yellow River from the sea and has a dual 
phase structure of marine layer covered by river alluvial 
material. Due to the short time of land formation, the 
geological environment system in this area presents 
variability, instability and fragility under the interaction of 
ocean, land, river and wetland. Weight of consolidation 
process has not yet completed newly sedimentary 
formation has its special engineering geologic features, 
delta facies clayey soil show that the low bearing capacity, 
easy sedimentation characteristics, combined with oil, 
natural gas, the influence of the extraction of groundwater 
engineering and economic activities, makes the ground 
subsidence in the region one of the most important 
environmental geological problems.  

As shown in Fig. 3, we collected time series of multi-
band SAR data to investigate the spatial-temporal land 
surface deformation pattern.  

Differential maps of OTL displacements were estimated 
with GOT4.7 model over different time spans. Fig. 4 
indicates that the OTL effects in the YRD have the same 
regular characteristics as the orbital plane. 

We used ALOS-2 PLASAR data to generate a 10-month 
long interferogram to inspect the land subsidence due to 
fewer observational plan in this area. As shown in Fig. 5 
and Fig. 6, over the last ten years, large scale oil 
exploitation and the medium and shallow brine 
exploitation have led to the significant increase of 
subsidence rate and range in this area.  

We also generated 5-years land deformation velocity 
maps with existing Sentinel-1 IWS images as illustrated in 
Fig. 7 and Fig. 8. The tropospheric delay has been corrected 
with the Generic Atmospheric Correction Online Service 
for InSAR (GACOS) products. Both show consistent 
deformation characteristics with high correlation in the 
same areas.  

 
Fig. 3 Schematic diagram of SAR data distribution in 
the study area. Data source: blue box represents ESA 
Sentinel-1; ESA Envisat ASAR in red; Cyan and bright 
green represent JAXA ALOS-2 and ALOS PALSAR, 
respectively; Pink stands for DLR TerraSAR-X. Base 
map data from NOAA NCEI ETOPO-1 with a spatial 
resolution of about 1.8km. 
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Fig. 4 Differential maps of OTL displacements 
estimated from GOT4.7 model with different time 
spans.  

 
Fig. 5 An geocoded filtered interferogram (141206-
150926) generated from ALOS-2 PALSAR over the 
YRD. 

 
Fig. 6 An geocoded unwrapped interferogram (141206-
150926) generated from ALOS-2 PALSAR over the 
YRD. 

 
Fig. 7 Land subsidence veloctiy in the LOS direction 
generated from ascending Sentinel-1 track (A069) over 
the YRD in 2016-2020. 

 
Fig. 8 Land subsidence veloctiy in the LOS direction 
generated from descending Sentinel-1 track (D076) 
over the YRD in 2016-2020. 
 

4. DISCUSSION AND CONCLUSION 
 
We find that (1) the magnitude of the OTL effects relates 
with the spatial range of the study regions, and (2) there are 
strong correlations between the OTL deformation gradient 
changes and costal topography. Therefore, traditional flat 
or curved surface fitting methods are difficult to effectively 
separate the tidal load displacement for the long 
wavelength deformation monitoring. It is thus highly 
recommended in this paper that they should be estimated 
and corrected carefully in interferometric processing, 
particularly when long-wavelength crustal deformation is 
targeted.  

For long time series of deformation monitoring over a 
wide range of coastal zone region (> 100 km), if image 
acquisition time was not away from the astronomical tide 
and tidal changes in the peak time especially for those 
Sentinel SAR images with shorter temporal baselines (e.g. 
12 days), one should consider how to effectively estimate 
and correct the OTL effects. Besides, InSAR OTL 
estimation should keep up to date with the latest global 
ocean models at high spatial resolution or region tidal 
models integrated with long-term tide gauge observation. 

455



Compared with the traditional ground survey and 
geological survey methods (levelling, GNSS, drilling, etc.), 
the satellite-borne advanced InSAR time series analysis 
method has the advantages of large scale, all-weather, high 
spatial and temporal resolution in land subsidence 
monitoring. Therefore, subsidence phenomena in the river 
deltas can be investigated with respect to cause (such as 
land compaction through urbanization or underground 
resource extraction) and relative to sea level rise modelling. 
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1. INTRODUCTION

Large rock slope instabilities are widespread in the 
mountain areas. They can creep slowly for thousands of 
years as a result of long-term damage accumulation 
processes, and suddenly undergo a progressive evolution 
towards catastrophic collapses[1]. These phenomena hold 
enough potential to damage or weaken engineering 
infrastructures like roads, buildings and dams; however, 
catastrophic failure events may involve volumes up to 
hundreds million cubic meters, threaten human lives, urban 
settlements, industrial and power facilities, as well as 
transportation infrastructures including trans-national 
highway and railway corridors. Due to their complexity, 
often including both creep behavior and hydro-mechanical 
coupling[2], the evolution towards failure events is 
difficult to anticipate. Furthermore, large landslides are 
usually characterized by complex styles of activity 
associated to slope sectors with different kinematics and 
strain partitioning into morpho/structural features. 

Surface deformation is a key indicator to capture spatial 
and temporal changes of landslide phenomena. For this 
reason, high resolution monitoring data of surface 
deformation is essential to investigate and interpret 
changes of landslide kinematics[3]. An important 
technique to monitor slope displacement is spaceborne 
Differential Synthetic Aperture Radar Interferometry 
(DInSAR). This method can be used to measure ground 
deformation by relying on the phase difference between 
multi-temporal SAR acquisitions with sub-centimetric 
accuracies[4]. Since 2014, the availability of the ESA 
Copernicus Sentinel-1 mission enhanced our capability to 
detect and monitor surface displacements also in landslide 
scenarios. Despite, some intrinsic limitations of the 
Sentinel-1 system might hinder the nominal performance 
of standard and advanced space-borne DInSAR methods in 
alpine settings, especially in cases where continuous 
monitoring is necessary to protect important economic and 
societal assets. For example, the use of C-Band SAR leads 
to a number of disadvantages in scenarios where the 
surface is affected by rapid changes (due to surface erosion, 
presence of vegetation, rainfall/snowfall), and/or the 
displacements are relatively large (usually when exceeding 
the λ/4 threshold, where λ is the SAR wavelength) between 
subsequent SAR measurements. In these cases, the quality 
of the SAR signal (measured by the phase correlation, 
known also as coherence) can be severely compromised[5]. 
An important advantage of lower frequency, longer 

wavelength systems, such as L-Band, is a reduced temporal 
decorrelation. This can be regarded as complementary 
property to the high-frequency systems. In addition, L-
Band may provide under certain conditions also 
information in areas covered by vegetation, as 
demonstrated in several examples in literature. Thus, even 
if the sensitivity to line-of-sight displacements is generally 
lower, they permit maintaining a good phase quality in 
scenarios when relatively rapid changes occur.  

In this report, we summarize the research activities 
performed in the framework of the 6th Research 
Announcement (RA-6) for the Advanced Land Observing 
Satellite-2 (ALOS-2). The work was aimed at scientific 
investigations related to large rock slope instabilities, and 
to perform cross comparisons and validations with ground 
data and other space-borne systems. The initial goal of the 
project was to focus in the high mountain areas of Bhutan 
only; however, we also studied other areas, and here we 
show additional important results related to Tajikistan and 
in Switzerland.  

2. ROCK SLOPE DEFORMATION IN THE HIGH
HIMALAYAS OF BHUTAN 

The small kingdom of Bhutan, nested between Tibet 
and India, roughly between 26N and 28N and 88E and 92E, 
is characterized by a unique variability of landscapes and 
climatic zones. The elevation ranges from just over 1’000 
m a.s.l. in the far southeast of the region to over 7’000 m 
a.s.l., over a north south extent of only 90 km
approximately, bringing about extreme topographic
gradients. The study area covers around 7’550 km2 (Fig.1),
stretching from the northern border to Thimphu in the
south, and from the western border to Phobjikha in the east.
The north of the study area is characterized by the high
peaks of the Higher Himalaya, with average elevations of
4’400 m a.s.l., whilst in the south the ranges have average
elevations of 2’800 m a.s.l. and are separated by mainly
north-south oriented valleys. The choice of the study area
is to 1) include a variety of landscapes, geological and
geographical settings (from high mountain regions to more
populated areas), 2) avoid the completely forested southern
regions that are not suitable for investigations with
DInSAR and 3) take advantage of the relatively higher
availability of SAR data.
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Figure 1. Black dashed line, area of study. Dark blue 
polygon, ALOS track 503 frame 530, dark purple 
polygons, ALOS track 502 frame 530, lighter purple 
polygons ALOS tracks 502 and 503, frame 540. Grey 
box, Envisat track 176. Hillshade is from SRTM 30m 
over the whole country, but from ALOS World3D 5m 
resolution digital surface model within black dashed 
line. In insert the geographical setting of Bhutan.  
 

In the paper [6] we presented a DInSAR based 
methodology for the creation of regional scale slope 
instabilities inventories in alpine settings and we apply it to 
the Himalaya of northwestern Bhutan. The dearth of 
available data on active slopes in northwestern Bhutan 
hinders the understanding of processes responsible for 
ground displacements in the region and prevents future 
regional landslide hazard assessments. The extent as well 
as the largely inaccessible nature of the study area have 
hindered the development of background knowledge on 
geology, structural geology, landslides and natural hazard 
and make both photointerpretation DInSAR among the 
better suited techniques to fill the existing gap. 

The slope instability inventory generated for the 
Himalaya of northwestern Bhutan proposed here provides 
a basis to investigate orogen-scale processes controlling 
mass wasting activity and landslide hazards in the 
Himalayas and other high alpine regions. The primary 
goals of this paper were to present a method assessing the 
likelihood of activity based on the analysis of DInSAR data 
and to show a new regional data base of active slopes in the 
Himalaya of northwestern Bhutan which relies almost 
entirely on EO data (Fig.2). The inventory was obtained by 
maximizing the extraction of information in a way that 
would result as objective as possible, through the addition 
of a methodology that focuses on how to use the DInSAR 
results in an engineering geological context. Active slope 
movements were mapped using DInSAR. A large-scale 
analysis of 521 interferograms obtained with data acquired 
by ALOS-1 and Envisat was performed and 693 potentially 
unstable slopes were mapped on the basis of displacement 
patterns observed in individual interferograms. Moreover, 
a comparison between the optical data inventory and the 
DInSAR based inventory was performed. The detailed 
analyses of the factors controlling slope instabilities 
distributions and hazards in the Himalaya of Bhutan has 
been the focus of two subsequent papers[7], [8]. Moreover, 
a detailed investigation of a specific site is presented in the 
following section. 

 
 
 

 
 
Figure 2. Likelihood of activity obtained for unstable 
slopes mapped on single interferograms. The weight 
applied allows for the generation of a relative likelihood 
level for each potential instability. Details are found in 
the Reference [6].  
 
 

2. THE PUNATSANGCHHU-I DAM 
LANDSLIDE, BHUTAN 

 
Narrow valleys of deeply incised mountainous ranges 
represent an ideal set-up for the construction of dams, 
because they allow the creation of large reservoirs with the 
minimum structure width. Occasionally, valley 
constrictions caused by landslides provide a deep, narrow 
gorge bounded by steep sides, and offer, at least at first 
sight, the picture of an appealing site for dam construction. 
However, gravitational movements at the abutment of a 
dam can also have critical consequences.  

The 1’200 MW Punatsangchhu-I hydropower project, 
located 20 km south of Punakha and 50 km east of the 
capital Thimphu, is part of the 10’000 MW initiative and it 
comprises a 134 m high gravity concrete dam, two 
diversion tunnels and a 10 km long headrace tunnel. The 
project began in November 2008 and it was initially 
scheduled to be completed by 2015 (Fig. 3). Lacking 
geological and geotechnical investigations have, however, 
caused large delays and a large increase in the overall costs, 
with the project not yet being completed at time of writing. 
A large failure occurred in July 2013 on the east-facing 
slope, causing the construction works to come to a halt in 
favor of a huge effort aimed at stabilizing the lower portion 
of the slope. More recently, in January 2019, another 
failure injured a worker and caused additional damage. An 
incomplete understanding of the nature and extent of the 
real problem, during planning, design, excavation and 
construction phases has led to costly delays and the 
potential future amplification of an existing natural hazard. 
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Figure 3. (A) Google Earth CNES/Airbus image of the 
area of study. Red lines with ticks represent the head 
scarp, presumed (red dashed) and known (red 
continuous) boundaries. Hatched area represents 
damaged rock (diagonal) and undisturbed residual soil 
(vertical). White square is the area in B. Inset shows the 
regional setting. (B) Google Earth CNES/Airbus image 
of white square in A. Black line represents the dam axis, 
thick dotted line indicates the 2013 failure area, thin 
dotted lines indicate scarps likely related to the 2013 
failure. (C) Photo of the 2013 failure area. Given the 
angle from which the photo is taken, only the southern 
boundary is well visible, marked by scarps and the 
appearance of vegetation on stable ground. On the left 
of the photo, the construction of the left dam abutment 
is visible. (D,E) intensely damaged rock, location shown 
in A. 
 
 

In the study [9], we measured the spatial and temporal 
evolution of the surface displacements over an area of 15 
km2 at the Punatsangchhu-I dam site before and during the 
construction works, with 11 years of satellite SAR data 
acquired from 2007 to 2018. A multi-temporal DInSAR 
analysis highlights that the valley flank was already 
affected by displacements before the start of the 
construction of the dam and shows an increase of the 
surface displacement rates subsequent to the beginning of 
the works. The spatial coverage of the measurements also 
highlights that the instability is not only affecting the area 
immediately around a large failure which occurred in 2013, 
but it covers a much larger area of about 8 km2 in total.  

 
 
 

This have critical implications for the volumes of rock 
involved, which could be of the order of hundreds of 
millions of m3 in the worst-case scenario. Our 
measurements and analyses underline that remote sensing 
techniques, and in particular DInSAR, an established 
method for detecting ground displacements with 
millimetric accuracy, could have allowed stakeholders to 
identify a potential problem at this dam site and to 
understand its extent before the instalment of such critical 
infrastructure (Fig. 4). The increased availability of remote 
sensing data has now the potential to play an important role 
in filling a gap in the site-specific knowledge caused by 
insufficient or inadequate investigations and can 
significantly increase the transparency and public 
awareness around such large projects. 
 

 
Fig. 4 The top three panels show LOS cumulative 
displacements in the three sensors. Color scales are 
different and non-symmetrical to highlight areas of 
highest displacements, with high variability in different 
sectors and in the three sensors. Letters indicate the 
sectors described in section 2. Left and center panels at 
the bottom show the time series of ALOS-1 and ALOS-
2 of three points in sectors B, C, and D. Sentinel-1 panel 
at the bottom right shows the time series for the same 
points as in the other two sensors, with the addition of 
one point in sector B (cross). Points shown in the 
corresponding panels above. Dam axis in red. ALOS-1 
and ALOS-2 SAR imagery obtained from JAXA 
(Dataset ©JAXA/METI ALOS PALSAR L1.0 2007, 
2008, 2009, 2010, 2011, 2014, 2015, 2016 and 2017). 
Copernicus Sentinel data (2014, 2015, 2016, 2017, 2018) 
accessed through the ESA Copernicus open access hub. 
InSAR processing done with the software SARScape 
from Sarmap. 

 
 

3. THE ROGUN HYDROPOWER PROJECT, 
TAJIKISTAN 

 
The region of Tajikistan where the Rogun Hydropower 
Project is currently under construction has experienced 
large and catastrophic slope failures in the past, often 
triggered by earthquakes (Fig.5). Co-seismic slope failures 
are thus common and pose a high hazard potential; 
however, to date no specific analysis of slope activity in 
this area has been undertaken. We performed an inventory 
of active landslides identified through satellite imagery 
analysis, and in particular by exploiting space borne 
differential radar interferometry.  
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Figure 5: Study area indicated in black on ArcGIS 10.8 
World Imagery. It is located in Tajikistan in Central 
Asia to the NW of the Himalayan Orogeny and is 
marked by the Vakhsh – Surkhob River and 
Obikhingou River basins that form the catchment area 
of the Rogun Dam reservoir (blue area). 
 
 
Surface displacements provide the basis for the detection 
of active slope instabilities, which are then further 
classified by using geomorphological indicators visible in 
optical satellite imagery. Additionally, the proximity of 
active landslides to tectonic lineaments, as well as regional 
seismicity, is analyzed to investigate potential relationships 
and to provide an integrated river damming hazard 
potential. Following the results of the DInSAR analysis, we 
performed several classifications on the detected active 
slope features, including a geomorphological classification 
of the movement type, an activity likelihood analysis [6] to 
assign a level of confidence to each movement and spatial 
analyses to estimate average velocities and sizes. 39.6 % of 
the slope movements identified in the DInSAR analysis are 
rock slope deformations and rockslides, 40.52 % are soil 
creep and slides, 2.7 % are debris flows, 11.9 % are rock 
glaciers and ice debris and 5.28 % features are of unknown 
type (e.g. unidentifiable due to cloud/snow coverage). This 
classification is based on optical images such as those 
provided in Google Earth Pro and ArcGIS and the SRTM 
1" DEM. Identification is largely based on the detection of 
vegetation patterns, exposed rock or soil, distinct scree 
cover, talus cones and debris fans, slope color, angle and 
curvature and the presence of fractures and scarps.  
A total of 227 rock slope deformations, rockslides, soil 
creep and slides, debris flows, rock glaciers and ice debris 
with a largely moderate to high likelihood of activity are 
detected in the study area using the DInSAR technique, 
indicating considerable surface slope activity of various 
movement types (see example in Fig. 6). An integration of 
the obtained data allows development of a probability-
intensity damming hazard analysis to evaluate the hazard 
potential of each detected slope instability considering a 
seismic influence. The results indicate that 31.06 % of the 
analyzed detected slope instabilities present a high 
damming hazard to the Rogun HPP, 53.41 % a medium 
hazard and 15.53 % a low hazard.  
This work has been performed in the framework of a 
Master Thesis project at ETH Zurich. A manuscript related 
to this work is currently under review in the journal 
Landslides.  
 

 
 
Figure 6: Detection of a rock slope deformation 
complex based on DInSAR phase signal in 12d 
descending (78) and 24d ascending (173) Sentinel-1 (S1) 
orbits and 56d ascending (164) ALOS PALSAR-2 (P2) 
orbit. Differential interferograms are named according 
to a yyyymmdd format. No data areas (due to layover 
and shadowing) are displayed as transparent. 
 
 
 

4. THE BRIENZ/BRIENZAULS LANDSLIDE 
COMPLEX, SWITZERLAND 

 
We focused on a large landslide complex affecting the 
southern flank of Piz Linard and involving the village of 
Brienz/Brinzauls (hereafter referred to as Brienz, see Fig. 
7), located in canton Graubünden (Switzerland). The 
landslide recently experienced a rapid acceleration of 
surface displacements, causing major concerns to the 
authorities on its potential evolution towards a catastrophic 
failure event. One of the main complexities in the 
investigation of the Brienz landslide is due to remarkable 
morphological heterogeneities, which lead to a formal 
distinction into two principal domains. The upper slope 
portions (Rutschung Berg, i.e. German expression to 
indicate “Landslide affecting the mountain”, hereafter 
referred to as RB) range between approximately 1’770 m 
and 1’150 m a.s.l. with an average slope of 36 degrees, and 
currently experience surface velocities between 2 m/year 
and 7 m/year [1]. The lower slope portions (Rutschung 
Dorf, i.e. German expression to indicate the “Landslide 
affecting the village”, hereafter referred to as RD), extend 
from about 1’150 m a.s.l. to the Albula river bed located at 
approx. 870 m a.s.l. with an average slope of 8 degrees, and 
are currently affected by surface velocities up to 1 m/year 
[1]. The origin and mutual relationship between RB and 
RD are currently under investigation and to date not well 
understood. 
 
We performed an analysis of multiple C-Band SAR 
datasets (5.6 cm wavelength) acquired from satellites in the 
period 1992-2020, in order to reconstruct the spatial and 
temporal evolution of the surface displacements at the 
Brienz landslide complex.  
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Figure 7. Overview of the Brienz landslide complex 
with outlines approximately indicating the principal 
domains (Red: Rutschung Berg, RB, Yellow: 
Rutschung Dorf, RD). On the eastern portions of the 
RB the location of the Igl landslide is also indicated. 
Background optical image is from Google Earth © 
 
 
Moreover, we jointly consider multi-temporal Digital 
Terrain Models (DTM) and DInSAR results to compute the 
3-D surface deformation field. We validate our results 
against ground-based GNSS measurements and also 
considering independent information derived from 
additional satellite radar imagery. DInSAR on L-band SAR 
images acquired by the Japanese Aerospace Exploration 
Agency (JAXA), i.e. the ALOS-2 PALSAR-2 satellite 
mission (2018-2020). Due to the capability of L-band radar 
waves to maintain coherence also in areas with vegetation 
and/or with large and/or rapid displacements, this analysis 
served mainly for comparison and validation of the 
Sentinel-1 results (Fig. 8).  
 
We have performed a comparison between the 3-D 
deformation considering different SAR data sources. In 
particular, we have used DInSAR results obtained with L-
band SAR imagery acquired from the Japanese satellite 
ALOS PALSAR-2 and applied DIC on a new satellite 
acquiring SAR imagery at very high resolution, i.e. the 
ICEYE constellation. This satellite mission, with its first 
launch in 2018, includes small X-band SAR satellites (3.1 
cm wavelength) weighing less than 100 kg each, thus 
enabling energy-efficient and cost-effective radar imaging 
of the Earth [10]. The SAR data used for our purpose is in 
Spotlight High format, having a ground resolution of 18 cm 
in range and 48 cm in azimuth directions, respectively. Due 
to reduced data availability over Brienz, the comparison 
can be performed only for the 2019-2020 time period. 
Figure 9 shows the obtained results. The general pattern 
and the amplitude of the retrieved deformation in all 
directions is very similar. Differences can be noted 
especially in the East-West component in the upper reaches 
of RB and in the Up-Down component in the area of the Igl 
earthflow. In both cases, the L-band DInSAR results are 
capable of measuring more deformation than the C-band, 
because it is less impacted by phase decorrelation caused 
by large movement and potentially local failure (see dashed 
circle), and/or can follow displacements occurring in areas 
with vegetation (see dashed rectangle). 
This work is part of a research contract with regional 
authorities and will be submitted soon to a scientific 
journal. 

 
 
Figure 8. Selected ALOS Palsar-2 L-band 
interferograms, descending orbit. (top) Comparison 
between 14 days interferogram in L-band and 6 days 
interferogram in C-band. (bottom) Comparison 
between 14 days and 3 months interferograms with L-
band, detail over RB and Igl. 
 
 

5. SUMMARY 
 
The main conclusions of our experience with the use of 
ALOS PALSAR-2 data in different contexts are: 
 

 
1) Combination of multiple satellite data acquired 

from optical and SAR sensors is convenient 
strategy for the identification, analysis, and 
understanding of complex landslide processes.   
 

2) The L-Band SAR datasets provide good 
complementary information in areas where the 
deformation is very large and/or large portions of 
the targets under investigation are covered by 
vegetation. 
 

3) Shorter revisit time would have been beneficial in 
the context of projects where not only 
identification and survey were important tasks, 
but also monitoring of the landslide evolution. We 
think that revisit times in the order of 12-days or 
less (as planned for the L-Band NISAR mission) 
will greatly increase our capacity to better 
interpret surface deformation phenomena in 
landslide prone areas. 
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Figure 9. 3-D surface velocities over the Brienz 
landslide complex during the 2019-2020 time period. 
(top) Results obtained by considering the differential 
interferometry on L-Band ALOS PALSAR-2 imagery 
and DIC on the X-band ICEYE high resolution SAR 
imagery. (bottom) Results obtained by using Sentinel-1 
and the DIC on the LiDAR s DTMs.     
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1. INTRODUCTION

Piton de la Fournaise, located on the French island of La 
Réunion, is one of the world's most active volcanoes with 
more than two eruptions per year since 1998. Since the 
beginning of systematic ASAR acquisitions in 2003, more 
than 2600 radar images have been acquired on Piton de la 
Fournaise by various space agencies, mainly on the request 
of the Indian Ocean InSAR Observatory Service (OI2), a 
component of the National Service for Volcanological 
Observation of the French National Research Council 
Institute for Earth Sciences and Astronomy (CNRS/INSU). 
OI2's main tasks include regular acquisitions of radar 
images on Piton de la Fournaise, production of 
interferograms from these images, and providing 
interferograms to the scientific community through a 
dedicated web site (https://wwwobs.univ-
bpclermont.fr/casoar, [1]). In more than 18 years of InSAR 
monitoring of Piton de la Fournaise carried out by OI2, 
2015 – 2020 was particularly enlightening on the benefits 
of using high resolution L-band InSAR data to investigate 
thoroughly volcanic processes.  

2. MAIN RESULTS

During the 2015 – 2020 period, the displacements 
produced by 20 eruptions and two intrusions were imaged 
with Sentinel-1 (C band) and ALOS-2 (L-band) data (more 
often with both right-looking and left-looking data). Some 
of the eruptions were also imaged by Cosmo-Skymed (X-
band) data, TerraSAR-X/TanDEM-X (X-band) data, PAZ 
data (X-band) or by RADARSAT-2 (C-band) data. From 
these data, we were able to calculate, for each eruption, 
between 4 and 12 independent interferograms. The number 
of interferograms covering a particular eruption is not only 
determined by the availability of SAR images acquired by 
the space agencies on the volcano during the eruption 
(more precisely, in the days or weeks preceding and 
following the eruption), but also by the lapse of time 
between two successive eruptions. For instance, two 
eruptions occurred in April 2018 that were only separated 
by 23 days. During this short period of time, only a few 

radar images were acquired that could be used as slave 
images for interferograms covering the first eruption 
and/or as master image for interferograms covering the 
second eruption. Nevertheless, the amount and diversity of 
radar data available for each eruption allow to retrieve the 
3-D displacement components with an unprecedented
accuracy. In this respect, the ~400 ALOS-2 L-band images
provided by JAXA in the framework of our RA4 ALOS-2
project and our RA6 ALOS-2 project were especially
useful (Figs. 1 & 2). In particular, the availability of both
right looking and left looking interferograms, produced
from images acquired in both ascending and descending
pass, allows reducing significantly the geometric dilution
of precision of the displacement measurements and then
characterizing more accurately the displacements [2].

Fig. 1. Co-eruptive displacement of the Piton de la 
Fournaise July 2017 eruption imaged by an ALOS-2 
Spotlight interferogram (160/6796, Asc Left) spanning 
the 11/06/2017 – 18/02/2018 period. Poorly coherent 
area to the south of the displacement pattern 
corresponds to the lava flow emitted during the 
eruption 
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Fig. 2. Co-eruptive displacement of the Piton de la 
Fournaise 3-4 April 2018 eruption imaged by an 
ALOS2 Spotlight interferogram (159/6801, Asc Left) 
spanning the 19/12/2017 – 10/04/2018 period. Note also 
the small wavelength subsidence pattern at the location 
of the previous July 2017 lava flow (see Fig. 1). 
 
In addition, thanks to both good spatial resolution and 
lowest sensibility to displacement of the L-band ALOS-2 
data, we were able to record, for the first time, near field 
displacement on each side of an eruptive fissures (Fig. 3). 
In the first few hundred meters on each side of the eruptive 
fissures, the displacement gradient is generally too strong 
to be measurable from X-band or C-band InSAR data (the 
interferometric coherence is lost due to phase aliasing). 
Thus, the L-band data provide valuable information to 
understand the poorly known processes occurring in the 
shallowest part of dike propagation to the surface. 
 

 
 
Fig. 3. Comparison of the near-field displacement 
between ALOS-2 SPT and TSX for Piton de la 
Fournaise February 2015 eruption (4-16/02/2015). Left) 
ALOS-2 SPT Asc Interferogram 3618_3825 23/01/2015 
– 06/02/2015. Right) TSX SM Asc Interferogram 
42152_24486 20/01/2015 – 11/02/2015. Estimated 
location of the eruptive fissure is indicated by the cyan 
line. Incoherent pixels to the west and to the south of 
the eruptive fissure on the ALOS2 interferogram 
correspond to the lava flow emitted during the eruption. 
On the TSX interferogram the near field is poorly 
coherent due to phase aliasing while the near field 
displacement is well imaged by the ALOS2 
interferogram.  
 

The September – October 2020 intrusive crisis of Piton de 
la Fournaise provides another good example of the benefits 
of the lowest sensibility of L-band data for displacements 
characterisation. During this event, a sill intruded within 
the eastern flank of Piton de la Fournaise but failed to reach 
the surface. As a consequence of the intrusion, the eastern 
flank experienced a significant displacement (up to 90 cm 
of eastward displacement and to 70 cm of upward 
displacement) that saturated, in some places, the C-band 
(Sentinel-1) interferograms while the ALOS-2 
interferograms provide an accurate and complete record of 
the displacement (Fig. 4). 
 

 
Fig. 4. Displacement induced by the September – 
October 2020 intrusion at Piton de la Fournaise imaged 
by an ALOS-2 Spotlight interferogram (58/4056, Dsc 
Right) spanning the 24/08/2020 – 05/10/2020 period. 
 
The displacements deduced from interferometric data can 
be used to determine the sources of deformation through 
inverse modeling [3]. An interesting example is provided 
by the displacements modeling related to the August 2019 
eruption at Piton de la Fournaise. After 10 days of edifice 
inflation and increase in seismic activity, an eruption 
started at around 12h20 UTC on August 11 on the southern 
- southeastern flank of the volcano. It lasted for four days 
until August 15. This eruption was characterized by the 
opening of a complex of two eruptive fissures at 1700 m 
and of another fissure at 1500 m of elevation. On August 
11, an ALOS-2 Spotlight (SPT 55/4082) image was 
acquired at 07h16 UTC. The interferogram produced by 
combing this image with an image acquired earlier, on 
February 24th 2019, shows a large wavelength 
displacement pattern affecting the southeastern flank of the 
Piton de la Fournaise summit cone.  This displacement 
indicates that the magma migration to the surface initiated 
before 07h16 UTC (Fig. 5a). The interferogram produced 
by combining the August 11 image with another image 
acquired on September 8th 2019 shows a large 
displacement pattern, to the east of the previous one, 
corresponding to the final step of magma migration to the 
surface (Fig. 5b). It shows also near field displacement 
around the eruptive fissures and poorly coherent areas at 
the location of the lava flows. We modeled the 
displacements deduced from these interferograms, using a 
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3D mixed boundary element method for elastic media, in 
order to find the geometry of the intrusion (Fig. 5). 
 

 
 
Fig. 5. Modelling of the ground surface displacements 
related to August 2019 eruption at Piton de la Fournaise. 
The top row shows the InSAR observations : a) ALOS-
2 Spotlight interferogram (55/4082, Dsc Right) 
spanning the 24/02/2019 – 11/08/2019 period; b) ALOS-
2 Spotlight interferogram (55/4082, Dsc Right) 
spanning the 11/08/2019 – 08/09/2019 period; c) ALOS-
2 Spotlight interferogram (55/4082, Dsc Right) 
spanning the 24/02/2019 – 08/09/2019 period. The 
middle row shows the best models obtained from the 
inversion of the InSAR displacement data. Bottom row 
shows the residuals between models and observations. 
The magenta quadrangle is the projection on the 
surface of the source geometries and green thick lines 
show location of the eruptive fissures.   
 
The interferograms produced from the ALOS-2 data are 
also very useful to monitor lava flow emplacement during 
eruptive crisis at Piton de la Fournaise. Due to frequent bad 
weather conditions or to difficulties to access the eruption 
site, radar data are often the only source of information to 
know where is located the lava flow, in which direction it 
is flowing, to estimate its surface area and, with some 
assumptions, to estimate the emplaced lava volume. Lava 
flow monitoring from InSAR data is mainly based on 
coherence images since the backscattering properties of the 
pixels covered by the lava flow change critically between 
the SAR acquisition before and the SAR acquisition after 
the lava flow emplacement, resulting in a complete loss of 
interferometric coherence. We have used this approach for 
recent lava flows (2015 – 2020 eruptions) monitoring and, 
thanks to the (relative) high frequency of SAR acquisitions 
on the Piton de la Fournaise by the different space agencies 
(e.g. about one SAR acquisition every two days since the 
beginning of 2018), we were able to provide to our 
colleagues of the Piton de la Fournaise Volcano 
Observatory regular mapping of the lava flows during the 
last eruptive crisis. This contribution to the operational 
monitoring of the volcano is described in a paper published 
in a special issue of the Annals of Geophysics [4]. Again, 

the ALOS-2 data are particularly valuable for this type of 
application since they allow mapping lava flow contour 
with a remarkable accuracy, even in the vegetated lower 
eastern flank area where the other data are less useful (Fig. 
6). 
 

 
 
Fig. 6. Comparison of Sentinel-1 and ALOS-2 
interferograms and coherence images on the August 
2019 eruption at Piton de la Fournaise. a) Sentinel-1 
Stripmap interferogram (Dsc Right) spanning the 
09/08/2019 – 21/08/2019 period. b) Coherence image of 
the Sentinel-1 interferogram displayed in a). c) ALOS-
2 Spotlight interferogram (59/4048, Dsc Right) 
spanning the 03/08/2019 – 31/08/2019 period. d) 
Coherence image of the ALOS-2 interferogram 
displayed in c). The near-field displacements related to 
the two August 2019 eruptive fissures are clearly visible 
on c) as well as the two lava flows fed by these eruptive 
fissures visible both on the L-band interferogram (c) 
and on its coherence image (d) while they are very 
difficult to discriminate from poorly coherent 
background on the C-band data (a) and (b). 
 

3. CONCLUSIONS 
 
One of the main results of our RA6 ALOS-2 project is the 
major improvement on the characterisation of ground 
surface displacements related to volcanic processes due to 
the use of high-resolution L-band InSAR data (ALOS-2 
Spotlight), taken in various acquisition geometries. The 
ALOS-2 spotlight data are also well suited for the mapping 
of volcanic products. Hence, L-band data are of great help 
in monitoring volcanic activity in tropical context, where 
volcano flanks can be densely vegetated. On the other hand, 
the main limitation we experienced, using the L-band 
ALOS-2 data in our task of routinely monitoring the Piton 
de la Fournaise activity, is the irregular temporal sampling 
rate of the data with a mean time interval of 117 ± 179 days 
on the 2014 – 2020 period for a given acquisition geometry. 
A shorter and more regular sampling rate could make 
possible very interesting applications, such as monitoring 
of large wavelength displacements, which are potential 
precursors of eruption and that affect the whole edifice 
included the external (vegetated) flanks, or such as 
monitoring subtle long term sliding of the partially 
vegetated eastern flank. With this regard, the next 
generation of L-band radar missions (ALOS-4, TanDEM-
L, NISAR) offer very promising perspectives. 
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1. INTRODUCTION 3. INTERSEISMIC DEFORMATION OF THE

SUMATRAN FAULT 

The Sumatran fault in the Indonesian island of Sumatra is 

a major right-lateral strike-slip fault that accommodates a 

significant amount of the trench-parallel component of the 

oblique convergence between the Indo-Australian and 

Sunda plates. The fault extends the entire length of the 

island and is located close to several populated cities such 

as Banda Aceh and Padang. Over the last 200 years, the 

fault has generated large earthquakes with magnitude 

sizes ranging from 6 to 7. In order to evaluate the seismic 

potential and improve the seismic hazard assessment of 

the fault, knowledge of key important parameters such as 

slip rate and locking depth is required. However, these 

parameters had been either unknown or even debated for a 

long time. Our study in 2017 based on new long-term 

rates derived from the Sumatran GPS Array (SuGAr) and 

refined geologic slip rates suggests an average slip rate of 

~15-16 mm/year along the fault [1]. 

The Sumatran fault, segmented into 19 segments [4], may 

limit the rupture area of earthquakes on the fault, and thus 

limiting the size of events. However, due to their 

proximity to dense population centers, earthquakes 

generated by the shortest segments of the fault still pose 

significant hazard to local residents and infrastructure. To 

better understand the seismic potential of the fault 

segments, previous studies have investigated the slip rates 

of the fault segments using GPS observations [1, 5, 6, 7, 

8] and ALOS-1 data [9]. The latest modelling result of

GPS observations suggests a constant slip rate of 15

mm/year along most of the fault segments [1]. This result

is different from previous studies that proposed a

northward increases of slip rates, from ~4 mm/year in

southern Sumatra to ~30 mm/year in northern Sumatra [5,

6, 7]. In addition, modelling results of GPS observations

[8] and ALOS-1 data [9] suggest that Aceh segment,

which is located in the northern region of Sumatra, creep

at a rate of ~20 mm/year.

Here we report our results on (1) investigating active 

deformation of the fault using ALOS-2 data and (2) 

studying factors controlling the extent of earthquake 

ruptures on the Sumatran Fault Zone (SFZ) using ALOS-

1 and ALOS-2 data. Our results on investigating active 

deformation of the fault are preliminary and we are 

continuing our work on this topic using ALOS data. 

However, our study on factors that controlling the extent 

of earthquake ruptures on the SFZ has been published in 

2020 in Journal Geophysical Research: Solid Earth.  

To better understand the slip rates of the Sumatran fault 

segments, we processed ALOS-2 SAR data from six paths 

(hereafter referred to as ‘P’) and seven frames (hereafter 

referred to as ‘F’): P034/F3700, P035/F3650, P036/F3600, 

P036/F3650, P037/F3600, P038/F3550, P040/F3500. All 

data based on descending track acquisition from February 

2015 to September 2020, and each path/frame contains 

65-70 SAR scenes. After the processing, we calculated

the mean line-of-sight (LOS) velocity using a Small

BAseline Subset (SBAS) approach [10] and applied the

atmospheric delay correction [11] implemented in Miami

InSAR time-series software (MintPy) [12]. Because our

focus is to investigate the slip rates of the Sumatran fault

segments, we masked out pixels beyond ~40 kilometers in

both sides of the fault segments.

2. METHODS

We used the latest version of the InSAR Scientific 

Computing Environment (ISCE) software [2] to process 

all ALOS-2 data for investigating active deformation of 

the Sumatran fault, and we used Generic Mapping Tools 

Synthetic Aperture Radar (GMTSAR) [3] to process all 

ALOS-1 and ALOS2 data for studying earthquakes on the 

SFZ. The details of the data and methods used for each 

topic will be described individually in each of the 

following sections.  
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Fig. 1 Left figure, mean LOS velocity covering the 

whole regions of the Sumatran fault segments (shown 

as red lines). Positive and negative values represent 

motions toward and away from the satellite, 

respectively. The white rectangle is the northern 

region of the Sumatran fault which shows a velocity 

discontinuity along Aceh segment. The green rectangle 

is the southern region of the Sumatran fault which 

shows a velocity contrast between the eastern and 

western sides of the fault segments.  

 

30 km

 

Fig. 2 Mean LOS velocity for the northern region of 

the Sumatran fault shows a velocity discontinuity 

along the Aceh segment (highlighted by black arrows). 

The velocity discontinuity is likely related to creeping-

fault.  
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looking numbers to suppress noisy signals, apply different 

global atmospheric models such as ERA5 and ECMWF to 

correct tropospheric delays. In addition, in order to 

mitigate inaccurate global atmospheric models, we will 

also apply a phase-to-elevation technique to correct 

tropospheric delays.  

 

 

4. RUPTURE EXTENT OF RECENT SUMATRAN 

FAULT ZONE EARTHQUAKES 

 

We studied four geodetically observed Mw ~6 strike-slip 

earthquakes that occurred in mainland Sumatra between 

2007 and 2016. Three events ruptured the SFZ segments, 

and one event ruptured a previously unmapped active 

fault along the northern coastline of Aceh.  

 

 
Fig. 3 Mean LOS velocity for the southern region of 

the Sumatran fault shows a velocity contrast between 

the eastern and western sides of the fault segments 

(red lines). In the eastern side, the mean LOS velocity 

values are mostly close to zero. In the western side, 

mean LOS velocity values are approximately negative 

1–1.5 cm/year. This velocity contrast is potentially 

related to interseismic deformation of the fault 

segments. 

 

Fig. 4 The LOS displacements for the 2007 Lake 

Singkarak earthquake doublet. The red star 

represents the first Mw 6.4 event, while the purple star 

represents the second Mw 6.3 event. 

 

 

The first and second events were the 2007 Lake Singkarak 

earthquake doublet. The first event, Mw 6.4, ruptured the 

northern part of the Sumani segment on 6 March 2007; 

two hours later and ~15 km to the northwest, the second 

event, Mw 6.3, ruptured the neighboring southern part of 

the Sianok segment (Fig. 4). The northern end of the 

Sumani segment and the southern end of the Sianok 

segment run parallel to each other for ~20 km, separated 

by Lake Singkarak and at least a 3-km-wide step over. We 

used ALOS-1 SAR data (descending track: P117/F3630) 

to obtain the coseismic displacements. The reference 

scene was acquired on 19 October 2006, while the 

repeated scene was acquired on 06 June 2007. Our LOS 

displacements based on ALOS-1 data, which span the first 

3 months after the event  (Fig. 4), indicate right‐lateral 

deformation along the Sianok and Sumani segments. 

North of the lake, the LOS displacements show clear 

 

Our preliminary mean LOS velocity results for the whole 

regions of Sumatra (Fig. 1) do not show clear deformation 

related to interseismic activity of the fault segments 

except in the northern and southern regions of Sumatra. In 

the northern region (Fig. 2), our result shows a 30-

kilometer-long velocity discontinuity along Aceh segment 

which potentially related to creeping-fault as suggested by 

previous studies [8, 9]. In the southern region (Fig. 3), our 

result shows a velocity contrast between the eastern and 

western sides of the fault segments. The velocity contrast 

extends for about 150-kilometer-long. Besides these two 

regions, the mean LOS velocity shows either negative or 

positive values in both sides of the fault. To produce more 

robust results, additional works are needed, such as 

reprocessing the data with higher filtering and multi-
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near‐fault displacements over a distance up to 10 km. 

Decorrelation of pixels along the Marapi volcano flank, 

east of the fault trace, obscures the northern limit of 

surface rupture. Further northwestward, the LOS 

displacements do not show right‐lateral deformation. 

South of the lake, we masked out the LOS displacements 

near the fault due to very large values associated with 

unwrapping errors. Our modelling results suggest that the 

extent of the first earthquake rupture was coincide with 

the step over that separate the Sumani segment with the 

Sianok segment.  

tracks (Fig. 5). Along the descending track, the LOS 

displacements show surface rupture over a distance of 

~10 km, with a maximum LOS offset of ~60 cm. Along 

the ascending track, the LOS displacements show 

deformation across the fault but do not show clear surface 

offsets, probably due to the remaining near‐fault 

unwrapping error in an area of low correlation. Our 

modelling results suggest that the extent of the earthquake 

rupture was coincide with the step over that separate the 

Dikit segment with the Siulak segment. 

 

 

 

   

 Fig. 6 The LOS displacements for the 2016 

earthquake. The red star represents the earthquake 

epicenter location. Top and bottom panels are the 

ascending and descending LOS displacements, 

respectively. 

Fig. 5 The LOS displacements for the 2009 Dikit 

earthquake. The black line is the northwestern part of 

the Dikit segment, while the blue line is the 

southeastern end of the Sikulak segment. The red star 

represents the epicenter location of the 2009 event.  
 

 

The fourth event was the 6 December 2016 Mw 6.6 

earthquake that ruptured a previously unmapped active 

fault in a region of historically low seismicity near the 

northern coastline of Aceh. We used ALOS-2 ascending 

(P153/F0090) and descending (P040/F3500) SAR data to 

obtain the coseismic displacements. For the ascending 

data, the reference scene was acquired on 04 December 

2016, while the repeated scene was acquired on 12 

February 2017. For the descending data, the reference 

scene was acquired on 29 November 2016, while the 

repeated scene was acquired on 10 January 2017. Our 

LOS displacements provide surface deformation 

observations from both ascending and descending tracks 

(Fig. 6). Along the ascending track, the surface 

deformation extends along a northeast‐southwest trending 

axis. In addition, along the descending track, the LOS 

 

The third event was the 1 October 2009 Mw 6.6 

earthquake that ruptured the northern part of the Dikit 

segment. The Dikit segment had been classified as a 

seismic gap along the SFZ. In addition, the Dikit segment 

is limited by an ~11-km-wide step over between its 

northwestern end and the Siulak segment (Fig. 5). We 

used ALOS-1 ascending (P445/F7130) and descending 

(P114/F3670) SAR data to obtain the coseismic 

displacements. For the ascending data, the reference scene 

was acquired on 21 September 2009, while the repeated 

scene was acquired on 06 November 2009. For the 

descending data, the reference scene was acquired on 19 

January 2009, while the repeated scene was acquired on 

22 October 2009. Our LOS displacements provide surface 

deformation from both the descending and ascending 
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displacement is asymmetric across the fault, suggesting 

that the earthquake ruptured a southeast dipping plane. 

Our modelling results suggest that the event was 

generated by a fault that is approximately perpendicular to 

the regional strike of the Sumatran fault (Fig. 6). The 

strike of the fault is almost parallel to the strike of the 

geological structure in the region. Our results also suggest 

that this event has strike-slip motion on a relatively low-

angle dipping fault, which likely results from reactivation 

of a thrust fault. 
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1. INTRODUCTION

Volcanoes in Indonesia and the Philippines are 
situated at the confluence of several major 
tectonic plates; they are among the most active 
in the world. This is also one of the most 
densely populated regions in the world, making 
the potential eruption hazard significant. The 
Earth Observatory of Singapore (EOS) is 
involved in real-time observation and 
monitoring of several volcanoes in both 
countries using seismic, geodetic, and chemical 
techniques (Fig. 1), in close collaboration with 
the Indonesian Center for Volcanology and 
Geological Hazard Mitigation (CVGHM) and 
the Philippine Institute of Volcanology and 
Seismology (PHIVOLCS). By extending our 

 
Fig. 1. Seismic and geodetic observation 
network at Gede and Salak volcanoes in West 
Java, Indonesia. 

analysis efforts to include InSAR observations 
from PALSAR-2, we are able to provide 
enhanced warnings to these agencies, and 
through ongoing study of the PALSAR-2 data, 
we will be able to better understand the 
underlying dynamics and magma system of 
these volcanoes and compare them to other less 
well-monitored volcanoes nearby. 

Thus far, we have focused our study on time-
series analysis of three active volcanoes in 
Sumatra and Java: Gede, Salak and Sinabung, as 
well as ongoing analysis of recent activity at 
Mayon in the Philippines. The in-situ 
observations we are collecting at Gede, Salak 
and Mayon have contributed to a multi-
disciplinary verification of the signals observed 
by PALSAR and PALSAR-2. We now plan to 
extend our InSAR observations to include other 
nearby volcanoes, some of which are not as well 
instrumented on the ground. In these cases, 
InSAR observations may be the only way to 
detect if these volcanoes are becoming active. 

2. RESULTS: GEDE/SALAK

The volcanoes Gede and Salak are close to the 
densely populated cities of Jakarta and Bogor, 
and thus have the potential to threaten tens of 
millions of people. To better interpret and detect 
renewed activity at these volcanoes, a new 

*Note: All time given are in UTC unless otherwise stated.  1

GEDE & SALAK

A. Summary on station data acquisition and transmission at Gede-Salak network

GEDE SALAK
SEISMIC CLM MKR PUN CTK MWG KDP PUT BDL SLK PSR PST

TILT MKRJ PUNT CTKT PSRT
GPS PSBL MKRJ MKRW PUTR

Data available1 Data partially available2 

Data available but unreliable/problematic/unprocessed3 Data unavailable4 

1: Complete or almost complete data ���0%) with occasional small gaps 2: <90% data available
3: Data files available but with weird data values 4: Data files not available at all

- Seismic stations: Data unavailable for PSR since 28th Aug 2015. No PSR data because of
no telemetry and no recent visit to download the data (data should be on the instrument).
Good data availability for the rest of the stations.

- Tilt stations: Good data availability for all of the stations. However, CTKT and PSRT seem
to have instrument problems.

- GPS stations (30/7 to 12/8): Good data availability for all of the stations.
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Fig. 2. Thirty years of cumulative seismicity 
at Gede volcano shows the occurrence of 
seismic swarms symptomatic of magma 
intrusion at depth. The most recent swarm, 
in 2010, was the subject of our processing of 
archived PALSAR-1 data. However, no 
visible deformation was detected. 
 
 
observation network has been deployed in 
collaboration with CVGHM (Fig. 1).  
 
Gede and Salak are representative of many arc 
volcanoes that exhibit only minor visible 
degassing and yet exhibit seismic swarms 
(Gede) and thermal features (Salak) that suggest 
recent magma and gas input from depth. In the 
spectrum of open to plugged conduits, Gede is 
intermediate and Salak appears to be plugged. 
Cumulative seismic energy release at Gede 
between 1985-2013 exhibits several seismic 
swarms that suggest successive small intrusions, 
although we have not yet been able to verify by 
other techniques (deformation or gas) whether 
some of the seismicity is in fact related to 
tectonic movements. If the swarms are 
magmatic they imply periodic resupplies of 
magma that will ultimately lead to a build-up of 
pressure for the next eruption. We are working 
toward a better interpretation of these crises, a 
task for which we hope InSAR will provide 
significant insight. In 2015 we installed four 
new continuous GPS stations; in combination 
with the high spatial density of observations 
provided by InSAR, this will help us to 
distinguish between magmatic and tectonic 
processes, as well as estimating the volume of 
magmatic intrusions, and reconstructing the 
magmatic storage system 

 
We processed available data from PALSAR-1 
(2007-2011) and PALSAR-2 (2015-2020) over 
Gede and Salak volcanoes. Then, we estimated 
a time-series of the deformation using the SBAS 
algorithm. The result for PALSAR-1 is shown 
in Fig. 3. During the period of 2007-2011, there 
is no convincing deformation over either 
volcano, although coherence is relatively low.  
During the period of 2015-2020, our 
preliminary result observes an uplift 
deformation at a rate of ~1.5 cm/year (Fig. 4).  
 

 
 
Fig. 3. PALSAR-1 averaged Line-of-Sight 
(LOS) velocity over Gede and Salak 
volcanoes shows no clear signal of 
deformation. This suggests that any 
deformation is deep and/or of relatively small 
magnitude. 
 

 
Fig. 4 Estimated uplift deformation based on 
ALOS-2 data from 2015 to 2020. 
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Background and Results  
 
Gede and Salak 
 
This year, the activity at Gede and Salak volcanoes has been low, allowing some upgrade of 
equipment and the installation of 4 new GPS. It is likely that in the near future a new seismic 
swarm will occur (figure 1) and the joint inversion of the existing seismic network with the newly 
installed GPS will help us to better understand this slow recharge process. An example of 
seismic data analysis linked to magma migration is illustrated using the 2012-2013 Tolbachik 
eruption (see appendix E). 
 

 
Figure 1. Thirty years of cumulative seismicity at Gede volcano shows the occurrence of seismic 
swarms symptomatic of magma intrusion at depth. 
 
Mayon 
 
We have successfully renewed MoU with PHIVOLCS to work on Mayon for three more years! 
In 2014, Mayon volcano entered a period of unrest with the extrusion of a lava dome. This 
extrusion was “quiet” and the alert level at Mayon volcano was risen to level 3 after visual 
observation of the dome (figure 2), and not based on monitoring data. The alert level was kept 
at 3 until December 2014. In previous Mayon eruptions it has been observed that a delay of 
several months was possible between first extrusion of lava and major event, but not this time, 
although it could still happen. This seems a rather unique event, and we will use the data that 
we have to better understand it. The available data are the flux of SO2, figure 3, tilt data, figure 
4, and seismic data, figure 5. The GPS data still needs to be process before it can be analyzed.  
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2. RESULTS: MT. SINABUNG 

 
The inflation of a shallow magma chamber 
within the edifice of a volcano is a significant 
warning signal that an eruption may be 
imminent. Mt. Sinabung, in Sumatra, had been 
inactive for more than 400 years, but PALSAR-
1 data shows that there was a shallow magma 
chamber inflating since at least 2007. We 
looked at the complete timeseries of PALSAR-1 
data from Mt. Sinabung, which began erupting 
in August 2010. The data (Fig. 5) show a clear 
pattern of shallow uplift from 2007 to 2010, and 
quick deflation afterward.  
 

 
 
Fig. 5. (a) One date from the PALSAR-1 
timeseries over Sinabung volcano, showing a 
very shallow pattern of inflation. The pattern 
of uplift (in red) is only a few pixels wide. (b) 
Timeseries shows uplift from 2007 to August 
2010, followed by quick deflation. 
 

We will continue analysis of this volcano using 
PALSAR-2 during its ongoing eruption.  
 
 

3. RESULTS: MT. MAYON 
 
Mayon volcano (Philippines) is an openly 
degassing basaltic andesite volcano, producing 
mostly small, but frequent eruptions. Prior to 
2018, the most recent eruptions in August - 
September 2006, December 2009 and August -
December 2014 were essentially effusive, but 
the threat of explosive activity required costly 
evacuations of ~50,000 people for weeks at a 
time. The EOS/PHIVOLCS project combines 
geophysical and geochemical observations with 
petrological studies to understand the timing and 
rates of magma resupply and degassing at 
Mayon to improve eruption forecasts. Careful 
analyses of the data after the phreatic explosion 
in 2013 and the dome extrusion in 2014 showed 
no evidence of precursory signal. 
 
On 13 January 2018, Mayon entered a phase of 
unrest that led to a dome extrusion and several 
explosive events, sending ash at least 2.5km 
high, and lava flows and pyroclastic flows were 
observed extending several kilometres from the 
summit. In response to the activity, we 
generated ALOS-2 interferograms for the period 
leading up to the eruption (Fig. 6), but found 
that no deformation signal was evident. This 
suggested that no significant pressure change 
had occurred inside the volcanic system. This 
reinforces the importance of monitoring and 
developing new types of analysis for open-vent 
type volcanoes. 
 
Despite the end of the magmatic phase of this 
eruption, we will continue our analysis using 
PALSAR-2 as well as the in-situ observation 
stations to better understand both the sources 
and patterns of the erupted material, as well as 
test new type of post-processing analysis, so that 
we can better understand what is ‘typical’ for 
open-vent systems and what is unusual.  
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Fig. 6. Three PALSAR-2 interferograms over 
Mayon Volcano in the Philippines during the 
period leading up to the eruptive crisis in 
January 2018. The lack of a clear 
deformation signal suggested that the 
eruption was not preceded by any unusually 
deep magmatic activity. 
 
 

4. OUTLOOK AND FUTURE WORK 
 
At the Earth Observatory of Singapore, we are 
committed to the project of ongoing analysis 
and study of the volcanoes where we currently 
operate in-situ networks, although none of these 
volcanoes have yet shown a significant pattern 
of deformation that is observable by InSAR. 
This means that our present analysis for Gede 
and Mayon has focused on searching for small 
signals, and assessing the noise levels of the 
InSAR data used for the observations. In the 
future, we intend to conduct a careful noise-
character analysis of these sites where zero 
deformation has been independently measured 
by GPS, to determine a reference noise level for 
detecting deformation of other similar volcanoes 
in vegetated areas by InSAR.  
 
Our result at Sinabung shows a convincing but 
spatially narrow pattern of deformation leading 
up to the 2010 eruption, giving us confidence 
that our analysis methods are sensitive to even 
small volcanic signals. Thanks to the ultra-wide 
spatial coverage of PALSAR-2 WD1 mode 
data, we hope to extend this type of analysis to a 
much larger number of volcanoes throughout 
Indonesia and the Philippines by doing 
significantly more processing and analysis of 
PALSAR-2 data. 
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1. INTRODUCTION

The Marmara region of Turkey includes one of the highly 

populated urbanized area in the World, i.e., the city of 

Istanbul which is the second largest metropolitan region of 

Europe. Population is approximately 13 million and each 

year is increasing with high rates, causing unplanned and 

illegal urban sprawl. This brings environmental problems 

associated to rapid industrialization and land degradation 

[1]. Besides, the region is susceptible to natural hazards, 

many humans passed away, and private and public 

properties have been damaged or destroyed  by the 

earthquakes occurred over North Anatolian Fault. Last 

large scale earthquake was occurred in 1999 in Golcuk and 

affected Istanbul and other cities with high rate of 

deformation. Meanwhile, the area is prone to other natural 

disasters such as landslides and flooding [2, 3]. Due to 

having a complex geological and geophysical structure, 

Marmara region has been selected as permanent geohazard 

supersite which is an area of highest priority for the 

scientific geohazard community 

(http://supersites.earthobservations.org/).  

In this area, advanced Differential Interferometric SAR 

(DInSAR) technique has been used to monitor deformation 

using C-band ERS and ENVISAT data [2, 4]. For the time 

span between 1992 and 2010, 1 cm/year of ground 

deformation has been found by [4]. In our previous study 

we used higher resolution X-band TerraSAR-X images to 

explore deformation patterns in urbanized areas of Istanbul 

megacity [5]. We applied the small baselines technique to 

TerraSAR-X data acquired in stripmap mode; our 

preliminary results indicated that several areas were 

affected by deformation which reaches up to ~5 cm/year 

for the 1.5 year period of analysis. Results show that the 

SBAS method may contribute to monitor high-risky areas 

and support strategies to be taken for sustainable urban 

planning. However, the presence of vegetation in some 

areas causes decorrelation effects within X- and C-band 

processing.  

In this frame, we want to benefit from the longer 

wavelength of ALOS/PALSAR-2 to investigate 

deformation patterns in the Istanbul area, including 

vegetated areas usually affected by decorrelation in X- and 

C-band analyses. For the analysis Persistent InSAR (PSI)

approach is applied.

2. STUDY AREA

The study area is located at the north-west of Turkey. The 

city has two districts and it is divided by the Bosporus strait 

which connects Black Sea to Marmara Sea.  This strait is 

also the natural border between Asia and Europe. The 

InSAR analysis are conducted over two sub-sections 

located at Europe side; Avcilar-Beylikduzu landslide (a) 

and Golden Horn (GH) coastlines (b) (Figure 1).  

Fig. 1 Overview of study area 

a 

b

5 km 
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2.1 Avcilar-Beylikduzu Landslide Region 

 

The study area is vulnerable to landslides due to its 

geological structure. Old and active landslides are located 

widely in conglomerate, sandstone and mudstone 

lithology. They also appear along the coastline of Marmara 

Sea and the lakes of Kucukcekmece and Buyukcekmece 

(Fig. 2). Today, landslides are caused by the re-emergence 

of old landslides. In addition to deep-seated landslides with 

very low velocities, there is also a relatively high velocity 

and very high damaging soil flow in the region. 

 

 

 
 

Fig. 2 lithology and landslides over the study area 

 

2.2 Golden Horn 

 

The Golden Horn is a natural estuary that border the 

peninsula where old city is located. As the region has been 

one of the most developed, populated and industrialized 

part of the city it has undergone many changes. It plays the 

role of natural port for many transportation over the sea. 

Meanwhile both coastline of the estuary has been 

renovated for parks and recreational areas. However, the 

geological structure is weak and composed of quaternary 

deposits that includes alluvial and human-made fillings has 

caused it to subside [5]. A preliminary study of us indicated 

that the region is subsiding about 5 cm/year using 

TerraSAR-X [5]. A flowing study was showed that the 

region is still subsiding about 8 mm/yr using Sentinel-1 

data from 2015 and 2017 [6]. 

 

 

3. DATASET AND METHODOLOGY 

 

For the analysis a combination of open source SNAP and 

StaMPS multi-temporal analysis approach is used for the 

study area (a) (Figure 2) [7, 8]. The other approach 

SARProz is applied for the region (b) [9]. 

 

The interferograms are created using the software SNAP, 

the output interferograms are converted to the software 

StaMPS for further analysis (Fig. 3). For the phase 

unwrapping step snaphu algorithm is applied. In the 

processing 30 m x 30 m SRTM data is used to remote the 

topographic phase contribution.  

 

 

 

Fig. 3 PSI analysis flowchart for landslide 

 

The Strip Map mode L-band ALOS-2 SAR data cover the 

period from 2015 to 2020 (Table 1). For the region A C-

band Sentinel-1 data is also acquired. The all data have 

SLC format.  

 

ALOS 

PALSAR-2 
Pass Pol Period 

Image 

No 

Region (A) ASC HH 
20160724-

20181014 
19 

Region (A) ASC VV 
20150101-

20181030 
174 

Region (B) ASC HH 
20141005-

20200301 
27 

Table 1 SLC dataset 

 

4. GPS MEASUREMENTS 

 

During the ALOS-2 data acquisitions The GH Global 

Positioning System (GHGPS) network was designed to 

determine the displacements along to GH. The Global 

Positioning System (GPS) measurements have been started 

in August 2017 and repeated until March 2020 using 14 

stations (Fig. 4). In August 2017, 14 stations were 

established according to deformation areas given by [5] 

(Figure 4). However, due to the construction activities in 

the GH region, the GH12 station was re-established and 

named as GX12. Moreover, new two stations named as 
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GH14 and GH17 were established after fifth campaign. 

The duration of measurements was about 6 hours with an 

interval of 10 seconds for all stations. The details of the 

campaigns are given in Table 2. 

 

 

 
 

Fig. 4 The GHGPS network. 14 established stations in 

August 2017 are colored red, and the others are 

colored blue. 

 
GPS observations were processed by Relative Point 

Positioning (RPP) technique. RPP solutions were carried 

out using Bernese v5.2 developed by the Astronomical 

Institute of the University of Bern (AIUB). In RPP 

technique, coordinates and covariance’s of GHGPS 

stations were obtained by fixing International GNSS 

Service (IGS) stations shown in Figure 5. Antenna offset 

parameters and phase variations were implemented. 

Double differences linear combination was used to 

eliminate the first order ionospheric effect. Global 

ionosphere maps produced by the Center for Orbit 

Determination in Europe (CODE) and precise orbit 

products released by IGS were used. GMF was chosen to 

model dry and wet parts of troposphere. Moreover, ocean 

tides were considered by the FES2004 ocean tide model. 

Detailed information about Bernese can be found [10]. 
 

 

Table 2. The details of the campaigns 

 

 

 
 

Fig. 5 Reference IGS stations 

 

5. RESULTS AND DISCUSSION 

 

For the first region 19 images are used and 10 June 2018 

dated image is selected as master image to create 

interferograms for the PSI analysis (Fig. 6). The 

geometrical baselines changes between 4 m and 235 m. In 

the first region the slowly developing landslide regions are 

extracted at line of sight direction (LOS). The displacement 

ranges between -10 mm/year and 10 mm/year in the results 

of ALOS-2 while it is slower in the results of Sentinel-1 

(Fig. 7 and 8).  The results of the L-band was compared 

with the C-band of Sentinel-1 data. The results indicated 

that they are compatible [8]. There are also some 

differences which might be due to the differences in the 

size of data and the wavelength. In some parts ALOS-2 
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shows more points than Sentinel-1. Especially at the 

coastline of the lake ALOS-2 indicated PS points and 

deformation where Sentinel-1 could not provide (Fig. 9). 

As we have only ascending orbit data of ALOS-2 we have 

the displacement only at LOS direction. The 

decomposition of Sentinel-1 is also showed that the 

deformation is dominated by horizontal movement [8].  

 

 

Fig. 6 Baselines of ALOS-2 for the region 1 

 

 

Fig. 7 Displacement of ALOS-2 at LOS direction over 

region 1 

 

 

Fig. 8 Displacement of Sentinel-1 at LOS direction 

over region 1 

 

Fig. 9 Subset over LOS values  

 

For the second region 27 PALSAR-2 images are used and 

23 July 2017 dated image is selected as master image to 

create interferograms. The geometrical baseline reaches up 

to 220 m (Figure 10). In this region the deformation type is 

more vertical due to subsidence occurred over filled parts 

of coastline. Currently, only ascending acquisitions are 

applied due to lack of other orbit. The results of the L-band 

and C-band provided similar pattern of deformation [6]. In 

total 2773 persistent Scatterers are determined which show 

high level of coherence. Especially, high deformation rates 

are monitored along the coast where recreational facilities 

are located. ALOS-2 resulted high deformation rates and 

high density of PS points over the urbanized region (Figure 

11). The displacement over the region ranges between 20 

mm/year to -20 mm/year. It is also clear in Figure 11 that a 

new port created with filling the sea has a slow 

displacement. Other high level of displacements are 

located at the northern of the region along the river.  

 

Fig. 10 Baselines of ALOS-2 for the region 2 
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Fig. 11 Displacement of ALOS-2 at LOS direction over 

region 2 

 
In both approaches we had problems on geo-referencing 

step when using ALOS-2 data. The results could not 

overlap with other maps and on Google Earth very well 

compared to Sentinel-1 results.   

 

The results of the PSI analysis over Halic region is 

compared with the GPS measurements. Time series of two 

stations are presented in Figure 12 and 13.  

 

The relationship between LOS displacements and ground 

surface deformation estimated from GPS campaigns can be 

given as below [11]: 

 

LOS = UV cosθ − sinθ [UNcos (α −
3π

2
) + UEsin (α −

3π

2
)]            

 

where, θ and α are the incidence angle of radar wave and 

heading angle of satellite, respectively; UV, UN, and UE is 

the displacement obtained from GPS campaigns as vertical, 

north-south direction, and west-east direction, respectively. 

The reference epochs were chosen 2017.616 and 2014.759 

for GPS and InSAR, respectively. For the validation a 

circle was applied. The center of the circle was chosen as 

the geographical coordinates of the GPS stations and the 

radius was selected as 150 m. The number of GPS 

campaigns and number the InSAR points for each GPS 

points are given in Table 3. The LOS displacements were 

calculated as the mean of the InSAR points. The 

displacements obtained from GPS have been shifted in 

Figures 12 and 13 to show coherence of two techniques, 

clearly. 

 

  

 

Station Number of InSAR 

Points 

Number of GPS 

Campaigns 

GH01 15 7 

GH02 10 7 

GH04 4 6 

GH05 8 7 

GH06 2 7 

GH07 5 7 

GH11 35 4 

GH12 4 2 

GH13 25 7 

GH14 31 2 

GH15 39 7 

GH17 16 2 

GH18 12 5 

GH19 20 5 

GH22 29 7 

GX12 14 5 

IGNA 6 7 

 

Table 3. The number of GPS Campaigns and InSAR 

Points 

 

 

 

Fig. 12 The displacements for InSAR and RPP 

techniques at GH04 station (mm) 

 

 

 

Fig. 13 The displacements for InSAR and RPP 

techniques at GH05 stations (mm) 

 

2 km 
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For two techniques the velocities were calculated in the 

LOS direction depending on the equation as given below: 

 

𝐿𝑂𝑆𝑡 = 𝐿𝑂𝑆0 + 𝑣 (𝑡 − 𝑡0) 

 

Here, LOSt  and LOS0  are the displacements in the LOS 

direction at the epoch t and t0 , respectively, v is the 

velocity. For the InSAR and RPP techniques velocities 

were estimated. To answer the question of whether the 

difference between estimated velocities is significant or 

not, a significant test based on the T-test is applied: 

 

𝑇 =
|𝑣𝐼𝑛𝑆𝐴𝑅−𝑣𝑅𝑃𝑃|

𝑠
≈ 𝑡1−𝛼,𝑓  

 

where T is the test value,  𝑡1−𝛼,𝑓 is the critical value, s is 

the standard deviation of difference between velocities, 𝛼 

is the significance level, f is the degree of freedom, 𝑣𝐼𝑛𝑆𝐴𝑅 

and  𝑣𝑅𝑃𝑃 are the velocities for InSAR and GNSS analysis, 

respectively. If the test value T is bigger than the critical 

value the difference between two velocities is considered 

as significant, otherwise not. The results are given in Table 

4. Since GH11, GH12, GH14 and GH17 have fewer than 5 

GNSS campaigns statistical analysis is not carried out for 

these points. The differences for GH05, GH15, GH19 and 

IGNA are obtained as significant. The differences for other 

points are not significant. Although the differences for 

GH06, GH18 and GH22 are insignificant, the standard 

deviations of the differences are high and the standard 

deviation affects the statistical results.  

 

 

 

Table 4. The velocities, standard deviations and test 

statistics (α = 0.01) 

 

 

5. CONCLUSIONS 

 

In this project first results of multi-temporal PSI analysis 

of ALOS-2 is presented over Istanbul city. Landslide and 

subsidence over urbanized regions are determined. Even 

Sentinel-1 provides high density of data it may fail over 

some parts where ALOS-2 has advantages. For a better 

analysis of the dynamics of the phenomena frequent 

ALOS-2 is needed which is a lack due to its acquisition 

program.  

 

Some parts of the region is dominated with horizontal 

movement due to slowly developing landslides. However, 

it is not possible to determine the direction and deformation 

rate using the images acquired from only one orbit. Images 

should be acquired at least one ascending and one 

descending to determine 2D deformation map. The ALOS-

4 satellite is expected to receive more orbit views to 

provide 2D data for deformation monitoring purposes. 

Another suggestion is to acquire more frequent images for 

multi-temporal analysis.  
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1. INTRODUCTION

The Qinghai-Tibet Plateau (QTP) develops the largest 
area of middle-low latitude and high-altitude permafrost in 
the world [1]. The changes of permafrost not only affect 
regional and global water circulation, carbon deposit and 
climate warming, but also influence ground ecological, 
geophysical, and biogeochemical processes in cold region 
[2-7, 21]. The active layer over permafrost plays a 
significant role in local landscape stability, carbon cycling, 
and socioeconomic development as most exchanges of 
energy and mass fluxes between the surface and the 
atmosphere occur through it. The active layer thickness 
(ALT) is one of the important indexes reflecting the 
stability and degeneration of the permafrost and 
degeneration of permafrost [9, 21, 22]. Under the global 
climate warming, the obvious increasing of ALT 
intensifies the surface deformation and triggers geological 
disasters [2-9]. The long-term measurements of surface 
deformation over frozen soil area are of great significance 
to local and global climate change study, ecosystem and 
hydrological research, and cold region geo-hazard 
prevention and mitigation.  

Time series InSAR techniques such as persistent 
scatterer interferometry (PS-InSAR) [10] and small 
baseline subset interferometry (SBAS-InSAR) [11], have 
been proposed and gradually applied in surface 
deformation monitoring. At present, in typical time series 
InSAR analysis, linear deformation model is generally 
adopted to model the surface deformation, after that the 
nonlinear deformation is recovered from the un-modeled 
residual. Zhang, et al. [12] proved that using linear 
deformation model could result in large residual phase 
( π> ) in the resolving of the interferometric phase
equations, when the present deformation is deviated
significantly from linear. This will cause large error to the
estimated deformation. Choosing an appropriate
mathematical model to describe the surface deformation is
thus of great importance in time series InSAR analysis. A
couple of mathematical models, such as the trigonometric
function, hyperbolic model, step function, spline function
and polynomial model, have been proposed to approximate 
the surface deformation [6,8,12-14]. However, these
models are almost pure mathematical models, without

considering the physical characteristics of the 
environmental factors around the deforming body. This 
will on one hand bias the deformation estimation, due to 
the deviation of real ground deformation from the 
theoretical model, and on the other hand prevent the correct 
interpretation of the estimated deformation. 

As for measuring ALT, traditional methods rely on 
point-based field surveys, such as drilling, soil temperature 
monitoring and ground-penetrating radar measurement 
[15-17]. Although characterized by high quality and good 
time continuity, these methods are extremely labor-
intensive and time-consuming, and limited to only very 
sparse spots, due to the severe coldness and oxygen deficit 
environment in permafrost area like QTP. A few efforts 
have been made to estimate the ALTs in the whole QTP by 
extrapolating the in-situ measurements based on the Stefan 
and the Kudryavtsev’s formulas, which describe the 
empirical and/or statistical relationship between ALT and 
related factors such as vegetation type, elevation, air and 
ground temperature, etc [18]. Also a finite difference 
model for one-dimension heat conduction with phase 
change is used to investigate the ALTs in QTP based on the 
surface air temperature and snow depth [18]. However, 
these methods are region-based (implemented by 
interpolation/extrapolation) and with considerably low 
spatial resolution, generally a few to tens of kilometers. Liu 
et al. [8-9] introduced an improved vertical displacement 
model into Small Baseline Subset (SBAS) InSAR  to 
monitor the surface deformation over the permafrost in 
Alaska. They expressed the relationship between the 
subsidence in summer and the ALT by a function, based on 
which they inverted the ALT by assuming that the surface 
subsidence is caused solely by the pore ice melting in the 
active layer [9]. Wang et al. [3] improved the ALT 
estimation model proposed by Liu et al. [9] to estimate the 
ALT in Beiluhe basin.  

In this project, we intend to monitor and characterize 
the surface deformation over permafrost in QTP with 
SBAS-InSAR, with emphasis on climatic factors (mainly 
temperature and precipitation) modeling to enhance the 
monitoring accuracy and to improve our understanding on 
the causes of the surface deformation over permafrost area 
[22]. Meanwhile, we propose and test two new approaches 
to estimate high-resolution ALTs based on InSAR 
observations and one-dimensional heat transfer model of 
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soils or layered subsidence model of soils [21-22]. Also, 
for better understanding the characteristic and mechanism 
of permafrost, we propose a new strategy to monitoring the 
deformation over the degradated Island Permafrost [23]. 
Furthermore, we propose an InSAR-based method to 
retrieve high spatio-temporal resolution 3-D displacements 
by fusing multi-track InSAR observations and a prior 
model [24]. 

2. RESEARCH METHODS AND RESULTS 

2.1 Monitoring surface deformation over permafrost 
with improved SBAS-InSAR: with emphasis on 
climatic factors modeling [20] 

2.1.1 Construction of the deformation model 
considering climatic factors 

Permafrost is a very complex natural heterogeneous 
soil layer, composed of mineral particles, ice, water and gas, 
etc. In frozen soil areas, the variations of seasonal 
environmental factors such as air temperature, 
precipitation, solar radiation, underground water (ice), 
surface water, and ground temperature at different depths, 
etc. affect the hydrothermal properties of frozen soil and 
cause the ground surface undergoing seasonal deformation.  
Also, strong tectonic activities in the QTP have frequently 
triggered geological disasters, for example earthquakes 
[25], and made the hydrothermal properties of frozen soil 
abnormal. These along with the special soil composition of 
the permafrost make its surface deformation more complex. 
The influence of the external environmental factors (such 
as temperature and precipitation) and internal factors (such 
as tectonic activities and the soil properties of frozen soil) 
should be considered when constructing the deformation 
model of ground surface over frozen soil [20]. 

By comprehensively considering the external and the 
internal factors that affect the surface deformation in frozen 
soil areas, we construct the following deformation model: 

3

1 2
1

( ) ( )p
LP p

p
d t T t P tµ β β

=

= + +∑
 
             (1) 

where t  is the accumulated time relative to the first SAR 
acquisition, p  is the exponent ( 1 2 3p = , , ), 1µ , 2µ  and 3µ  
are the coefficients accounting for the mean velocity, mean 
acceleration and mean acceleration variation, respectively. 

( )T t  and ( )P t  are the air temperature and precipitation at 
time t , respectively. 1β  and 2β  are the coefficients 
accounting for air temperature and precipitation, 
respectively.  
2.1.2 Experiment and Discussion 

Using the new deformation model developed above, we 
estimated the time series deformation of the study area over 
2007-2010 (reference to February 20, 2007, the acquisition 
time of the first SAR image) based on improved SBAS-
InSAR and presented in Fig. 1. It can be seen that the 
overall accumulated deformations are characterized by a 
subsidence trend, and the maximal localized settlement, 
occurred on August 3, 2010, reached up to 60 mm. On the 
whole, the soil is frozen in cold seasons from October to 
March of the following year. With the temperature 
dropping from October, the heat released from the deep soil 
into the atmosphere is greater than that absorbed from the 
atmosphere, and then cold energy accumulates. These 

results in the occurrence of a two-way freezing process, i.e., 
from the top of the active layer downward and from the 
bottom upward. The water in the soil is frozen and the 
ground surface develops heave displacement. The freezing 
heave gradually reaches a relatively stable state from 
November to the end of December and the stable state 
keeps until February. 

 
Fig. 1 Time series deformation of the study area with 

reference to February 20, 2007 (the acquisition time of 
the first SAR image) 

 
Fig. 2 Correlation analysis between the deformation 
and the factors of temperature and precipitation. (a) 
Correlation coefficients between the deformation and 
the temperature. (b) Correlation coefficients between 
the deformation and the precipitation. (c) Histograms 

of the correlation coefficients showed in (a) and (b). (d) 
Detailed correlation analysis at a typical point between 

the time sequence deformation and that of the air 
temperature and the precipitation, respectively. 
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In order to statistically ascertain to what degree the 
temperature and precipitation will influence the ground 
surface deformation in the frozen soil areas, correlation 
analyses are carried out between the time sequences 
deformation and the two factors, i.e., the monthly mean air 
temperature and the monthly precipitation (Fig. 2). The 
results show that the time series deformations of the whole 
area are negatively related to both the air temperature and 
the precipitation. As shown in Fig. 2a, the pixel-based 
correlation coefficients between the time series 
deformation and the air temperature range from -0.80 to -
0.45, and the majority of the correlation coefficients 
concentrate on -0.65, as revealed by the solid red line in 
Fig. 2c. This means that the surface deformation over the 
frozen soil is moderately correlated to the temperature.  

In contrast to the case of the temperature, the surface 
deformation is strongly correlated to the precipitation, with 
most of the correlation coefficients amounting to -0.9 (Fig. 
2b). The dashed purple line in Fig. 2c shows that the 
correlation coefficients between the deformation and the 
precipitation range from -0.95 to -0.75, and most of them 
concentrate on -0.92. This is because the precipitation has 
a greater influence on the moisture contents in the soil, and 
at the same time leads to physically significant latent heat 
effects, which will cause the surface deforms intensively.  

2.2 InSAR analysis of surface deformation over 
permafrost to estimate active layer thickness based on 
one-dimensional heat transfer model of soils [21] 

2.2.1 InSAR result  

We use the small baseline subset interferometry 
technique (SBAS-InSAR) to investigate the surface 
deformation of the study area. As the ground surface 
underlain by frozen soils generally undergoes both long-
term linear deformation and seasonal undulation, we 
adopted a superimposed model incorporating both 
deformation styles to approximate the low-pass (LP) 
temporal component of ground surface deformation [6,7,14, 
21, 26]: 

( ) ( ) ( ) ( )1 2 3
2 2; , , , sin , cosd t x r a x r t a x r t a x r t
T T
π π   = ⋅ + ⋅ ⋅ + ⋅ ⋅   

   
 (2) 

where t  is the time interval with respect to the reference 
SAR image, T is the period of the seasonal undulations 
(assuming to be one year in this study), 1α , 2α and 3α  are 
the coefficients to be determined, and ( )x,r  represent the 
azimuth and range coordinates. 

 
Fig. 3 Time series deformation maps of the study area 

The time series deformation of the study area is 
presented in Fig. 3. Fig. 4 depicts the chronological 
sequence of the computed deformations (blue triangles) for 
the two typical points located along the QTR and QTH, 
respectively. Also shown in Fig. 4 are the mean monthly 
air temperatures of Lhasa weather station (red circles). The 
deformation and temperature sequences are then fitted by 
the sinusoidal function, shown as blue and red curves, 
respectively. However, from the best-fitted blue and red 
curves, we can find that there exists a time lag of about two 
months between them, and we will fully exploit this time 
lag to estimate the ALT. 

 
Fig. 4 Comparison of the InSAR derived time series 

deformation (blue triangles) and the air temperature 
records of Lhasa station (red circles). The blue and 

red curves are fitted from the time series deformation 
and temperature, respectively, by periodic function. 
Points B and C are located along the QTR and QTH, 

respectively 

2.2.2 One-dimensional heat transfer model and ALT 
estimation 

According to the heat conduction law, the temperature 
at soil depth z  and time t , denoted as ( )T z,t , generally 
satisfies the following differential equation [27] 

2

2

( ) ( )T z,t T z,tK
t z

∂ ∂
= ⋅

∂ ∂
                      (3) 

where K  is the thermal diffusivity. 
Commonly, the ground surface temperature in a year's 

cycle presents the simple approximated periodic changes 
and is assumed to behave in accordance with [27]:  

sin( + )mT T A tω β= + ⋅                     (4) 
where T  is the ground surface temperature, mT  is the 
average surface temperature, A  is the amplitude of the 
surface temperature fluctuation, and β  is the initial phase, 

= 2 Pω π . 

By using the method of separation of variables to solve 
the partial differential Eq. (3) and considering Eq. (4), the 
temperature at soil depth z  is obtained [27]: 

( )= exp( 2 ) sin( + 2 )mT z,t T A z K t z Kω ω β ω+ ⋅ − ⋅ ⋅ − ⋅  (5) 
Eq. (5) is the general solution of one-dimensional heat 

transfer function of soils, under the condition that the 
effects of geothermal heat flux are ignored. 

exp( 2 )zA A z Kω= ⋅ − ⋅  is the amplitude of the time-
dependent soil temperature fluctuation, which decreases 
exponentially with soil depth. sin( + 2 )t z Kω β ω− ⋅  is 
the periodic part of the temperature at soil depth z . 
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Comparing the periodic parts in Eqs. (4) and (5), we find a 
phase difference zϕ between the temperature fluctuations 
at ground surface and at soil depth z  . 

= 2z z Kϕ ω⋅                          (6) 
Generally, the temperature changes at ground surface 

and at soil depth z  are not in phase. It is clear that the 
maximum temperature at soil depth z  lags behind that at 
ground surface, namely, there exists a time delay t∆  
between them. The time delay can be understood as the 
time required for the temperature maximum to diffuse from 
the ground surface downward to the soil depth z , which 
can be estimated by empirical method (discussed later). 
The time delay t∆  corresponds to a phase difference (i.e., 
the phase advance that the temperature at ground surface is 
over that at soil depth z ) 

t tϕ ω∆ = ⋅∆                          (7) 
Both referring the phase differences between the 

temperature at ground surface and at soil depth z , zϕ  in 
Eq. (6) should be equal to tϕ∆  in Eq. (7), which yield  

= 2z t K ω∆ ⋅ ⋅                       (8) 
Eq. (8) can be exploited to derive the thawing depth of 

the frozen soil (i.e., ALT) if we know the time delay t∆  in 
one period of the temperature fluctuation (one year in the 
paper).  

 
Fig. 5 (a) Time lag map between the periodic curves of 

InSAR-observed thawing settlement and 
temperatures. (b) Estimated ALT map 

Fig. 5a showed that the time lags between the 
maximum air temperature and the maximum thawing 
settlement of most of the study area ranged from 39 to 98 
days. Then, along with the time lag  in Fig. 5a, we 
derived the pixel-based maximum thawing depths (ALTs) 
of the study area (shown in Fig. 5b). 

The averaged ALT of the entire study area (Fig. 5b) 
was 1.95 m over 2007-2010, and in the NTM and the PM 
area the ALT increased to about 3.14 m, while in the flatten 
basin with relatively low altitude it decreased to about 1.02 
m. Along the QTR and QTH, the ALT was relatively 
uniform and with an average of less than 2.0 m, which was 
smaller than that of mountainous area.  

2.3 Estimating the active layer thickness in Wudaoliang, 
Qinghai-Tibet Plateau based on SBAS-InSAR and the 
simplified layered subsidence model of frozen soils [22] 

2.3.1 Surface deformation estimation based on 
improved SBAS-InSAR 

Sixteen ALOS-1 PALSAR ascending images, spanning 
from January 17, 2007 to September 9, 2009, covering the 
Wudaoliang permafrost area were used in this study. 
employed the improved SBAS-InSAR with the 

deformation model considering climatic factors to estimate 
the surface subsidence over permafrost. The new 
deformation model improved SBAS-InSAR with emphasis 
on climatic factors modeling was adopted to retrieve the 
time series surface deformation [20], as shown in Fig. 6.  

 
Fig. 6 Time series deformation of the study area. 

The deformation is large and presents a significant 
seasonal pattern aligning with the variation of temperature 
and precipitation. The peak-to-peak seasonal oscillation of 
deformation within one year is up to 10.5 cm over 2007-
2009, and the seasonal maximal uplift in the cold season 
(from October to April of the following year) and 
subsidence in warm season are 2.5 cm and 8.0 cm, 
respectively, with respect to January 17, 2007. The surface 
subsidence along the QTH and QTR is large, with the 
maximal deformation of 5.2 cm, which can be caused by 
the permafrost variation attributed to the construction and 
operation of QTH and QTR. 

2.3.2 ALT estimation based on layered subsidence 
model of frozen soils 

    In permafrost regions, the surface over the active layer 
presents frost heave in winter and thaw settlement in 
summer. Influenced by climatic warming and human 
activities, the melting of the thick ice at the bottom of the 
active layer and the shallow high-ice content permafrost 
may intensify the surface subsidence. In general, the 
surface deformation in permafrost areas can be classified 
into two types. First, when the ice crystal and ice inclusions 
among the soil particles, and the ice layer containing soil 
or pure ice layer formed by long-term freezing in the active 
layer, melt in warm seasons, the surface deformation is 
caused by the volume contraction (corresponding to a 
density change from 0.9 g/cm3 of ice to 1 g/cm3 of water) 
under no external pressure, as well as the melting of the 
permafrost layer with temperature increasing. Second, 
there is surface subsidence caused by the soil compaction 
in the active layer and the permafrost layer, because the soil 
structure in the active layer has varied with the 
multigelation of soil water and the melting of the 
permafrost layer. This kind of deformation appears as 
compression settlement under external pressure. Therefore, 
the thawing settlement in permafrost areas can be 
calculated by the layered subsidence model of frozen soil 
[28]: 

t∆
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1 1 1 1 2 2 20S A h Ph P hα α= + +                           (9) 
where S   is the total settlement (cm), 0A   is the 
coefficient of the thawing settlement in the frozen soil, 
defined as the ratio of the thaw settlement to the thaw 
depth of soil under null external pressure, 1h   is the 
steady thaw depth from the top of the active layer, and 

2h  is the thaw depth of the high-temperature permafrost 
layer below the active layer, 1α   and 2α   are the thaw 
compressibility coefficients (MPa-1) corresponding to 

1h   and 2h  , respectively. 1P   and 2P   (MPa) are the 
pressure, consisting of the frozen soil self-gravity and 
additional pressure, loaded on the active layer 1h  and the 
permafrost layer 2h , respectively. The first term on the 
right side of Eq. (9) represents the thaw settlement 
caused by ice melting and the volume reduction of soil, 
the second and third items represent the compression 
settlement caused by self-gravity and external pressures, 
respectively. We simplified Eq. (9) and retrieved the ALT 
according the simplified layered subsidence model of 
frozen soils. The result was shown in Fig. 7. 

 
Fig. 7 The estimated ALT map of different time in 

Wudaoliang permafrost area. (a) 2007, (b) 2008, (c) 
2009. 

The estimated ALTs in Wudaoliang, Qinghai-Tibet 
Plateau are about 0 ~ 365 cm in 2007, 0 ~ 394 cm in 2008 
and 0 ~ 432 cm in 2009. The root mean square error 
(RMSE) is 0.46 m by comparing the estimated mean ALTs 
of 2007-2009 with 16 in-situ ALT measurements. Relative 
to the ALTs in 2007, the estimated ALTs in most areas 
increase by 0~16.5 cm in 2008 and 0~22.7 cm in 2009. In 
some regions, the ALTs increase obviously, and it reaches 
as large as 432 cm in the Chumaer River High Plain in 2009. 
The average ALTs in the study area are 225 cm, 229 cm 
and 234 cm in 2007, 2008 and 2009, respectively, 
increasing 4.5 cm per year.  

2.4 Monitoring the Degradation of Island Permafrost 
Using Time-Series InSAR Technique: A Case Study of 
Heihe, China [23] 

2.4.1 The elaborated data processing strategy for 
Monitoring the Degradation of Island Permafrost 

In the context of global warming, the air temperature of 
the Heihe basin in Northeast China has increased 
significantly, resulting in the degradation of the island 
permafrost. A total of 20 L-band ALOS/PALASAR 
stripmap images over the Heihe area were used to retrieve 
the ground deformation caused by permafrost degeneration.  
In order to obtain highly coherent interferometric results, 
an elaborated data processing strategy combining the 
SBAS-InSAR and PS-InSAR methods is used to process a 
long dataset for retrieving the deformation time-series and 

the corresponding mean deformation velocity, as shown in 
Fig. 8.  

 
Fig. 8 The elaborated data processing strategy. 

2.4.2 InSAR result  

The average annual deformation rate in the Heihe area 
(Heilongjiang Province, China) between June 2007 and 
December 2010 was shown in Fig. 9. The regions presented 
island permafrost surface deformation, and the 
deformation rate along the line of sight mainly varied from 
–70 to 70 mm/a. Based on the analysis of remote sensing 
and topological measurements, we found that the 
deformation area generally occurred at lower altitudes and 
on shady slopes, which is consistent with the distribution 
characteristics of permafrost islands. Additionally, the 
deformation of permafrost is highly correlated with the 
increase of annual minimum temperature, with an average 
correlation value of –0.80 (See Fig. 10). The accelerated 
degradation of permafrost in the study area led to the 
settlement, threatening the infrastructure safety. Our results 
reveal accelerated degradation characteristics for the island 
permafrost under the background of rising air temperature, 
and provide a reference for future relevant research. 

 
Figure 9. Average annual deformation rate along the 

line of sight direction. The black dashed polygons 487



denote the island permafrost areas, the bold black 
dashed line denotes the expressway from Bei’an to 

Heihe. 

 
Figure 10. The deformation time-series for area P1 

and the temperature. 

2.5 Fusing Adjacent-Track InSAR Datasets to Enhance 
the Temporal Resolution of Time-Series 3-D 
Displacement Estimation over Mining Areas with a 
Prior Deformation Model and a Generalized Least-
Squares Method [24] 

Interferometric synthetic aperture radar (InSAR) 
technology can be used to observe high spatial resolution 
one-dimensional (1-D) deformation along the line-of-sight 
direction from a single-track synthetic aperture radar (SAR) 
dataset. With the aid of multi-track InSAR data or a prior 
model, InSAR can be extended to infer 3-D deformation 
information, but the temporal resolution is generally 
limited.  We propose an approach for estimating time-
series 3-D mining displacements by fusing multi-track 
InSAR (MTI) observations, with the assistance of a prior 
deformation model. Hereafter, for simplification, we refer 
to this approach as the MTI-based method. The core idea 
of the proposed method is to enhance the temporal 
resolution of the time-series 3-D displacement estimates by 
fusing multi-track InSAR observations and a prior model. 
Firstly, we retrieve high spatial resolution 3-D mining 
displacements from single-track InSAR 1-D deformation 
observations, with the assistance of the prior deformation 
model. By applying this approach to multi-track InSAR 
data over the same area, we obtain much denser 3-D mining 
displacement samples in time than those derived from a 
single-track InSAR dataset. Secondly, we propose a 
generalized weighted least-squares method to integrate the 
denser 3-D displacement samples, to solve the high 
temporal resolution 3-D mining displacements, in which 
the rank deficiency needs to be tackled. Finally, time-series 
3-D mining displacements at the chronological dates of all 
the available multi-track SAR images are estimated. The 
Yungang coal mining area of China was selected to test the 
proposed method using two adjacent-track ALOS 
PALSAR-1 datasets. The time-series vertical subsidence 
and horizontal motion in the north and east direction were 
shown in Fig. 11, Fig. 12 and Fig. 13, respectively. 

As can be seen from Figs. 11 to 13, the 3-D 
displacement components of the mining area were small 
(with a maximum of 1.5 cm in the vertical direction, 2.1 
cm in the east direction, and 3.4 cm in the north direction) 
before July 30, 2007. This can be attributed to the 
following reasons. Firstly, the size of the goaf (i.e., mined-
out area) between June 14, 2007 and July 1, 2007 was small. 
Theoretically, under the same geomining conditions, the 
smaller the goaf, the smaller the mining-induced 
deformation magnitude [29]. In addition, the small 
deformation magnitude would be further reduced by the 
supporting role of the overlying rock strata [30]. As the 

working face continued to advance, the displacement basin 
gradually expanded and the maximum displacements 
increased up to about 0.91 m, 0.42 m, and 0.22 m in the 
vertical, north, and east directions, respectively, over the 
following 10 months (see Figs. 11(k), 12(k), 13(k)). 

 
Fig. 11 The MTI method estimated time-series vertical 
subsidence at the dates of the fused SAR images with 

respect to June 14, 2007. The estimated vertical 
subsidence is rewrapped by 0.1 m, i.e., one color cycle 
corresponds to 0.1 m vertical subsidence, for the sake 

of visualization 

 
Fig. 12 The MTI method derived time-series 

horizontal motion in the north direction at the dates of 
the fused SAR images with respect to June 14, 2007. 

Positive and negative values indicate the points 
moving toward the north and south directions, 

respectively 

 
Fig. 13 The MTI method derived time-series 

horizontal motion in the east direction at the dates of 
the fused SAR images with respect to June 14, 2007. 488



Positive and negative values indicate the points 
moving toward the east and west directions, 

respectively 

Compared with the single-track InSAR-derived results, 
the proposed method not only significantly improves the 
temporal resolution of the monitoring results by 42.6%, 
obtaining more detailed 3-D displacements, but it also 
provides important data support for understanding and 
modeling the distinctive kinematics of mining deformation 
and assessing mining-related geohazards. What is more, 
the core idea of the proposed method will be beneficial to 
high spatio-temporal resolution 3-D deformation 
estimation in other geophysical processes. 

3. CONCLUSIONS 

We propose a novel deformation model considering the 
climatic factors of temperature and precipitation and 
incorporate it into the SBAS-InSAR technology. Using the 
improved SBAS-InSAR method, we estimate the surface 
deformation over the permafrost area of Dangxiong-
Yangbajing in the southern of the QTP. We find that in the 
study area, the surface deformation over permafrost is 
negatively correlated with the temperature and the 
precipitation. In addition, time lags between the 
deformation and the air temperature cause their correlation 
degraded. After compensating the time lags in warm 
seasons (from May to September of every year), the 
correlation between the deformation and the temperature 
rises considerably, varying from -0.95 ~ - 0.65, and the 
RMSs of the residual deformation was reduced remarkably. 
Most importantly, we construct a physical link between the 
climatic factors and the surface deformation (by the 
improved deformation model), and it is superior to InSAR 
modeling and analyzing the surface deformation in 
permafrost areas [20].  

We propose a new method to estimate the ALT based 
on InSAR observations and the one-dimensional heat 
transfer model of soils with a case study of Dangxiong 
County area at southern QTP as a concept demonstration. 
InSAR observations show that most of the study area 
underwent up to 5.5 cm peak-to-peak seasonal surface 
deformation in annual cycle. The time lags between the 
maximum thawing settlement and the highest air 
temperature in a full year were 39-98 days. These time lags 
are then translated into the ALTs through the heat transfer 
model of soils. The derived ALTs in the areas from 
Dangxiong to Yangbajing ranged from 1.02 to 3.14 m, with 
an average of 1.95 m. Compared with the sparse point-
based filed measurements by traditional methods, the 
InSAR-based ALT estimates are of extraordinary high 
spatial resolution, about 40 m, and easily extended to cover 
large, remote and unreachable regions.  

Besides, a novel method to estimate the ALT over 
permafrost based on Interferometric Synthetic Aperture 
Radar (InSAR) observations and the layered subsidence 
model of frozen soils. The estimated ALTs in Wudaoliang, 
Qinghai-Tibet Plateau are about 0 ~ 365 cm in 2007, 0 ~ 
394 cm in 2008 and 0 ~ 432 cm in 2009. The root mean 
square error (RMSE) is 0.46 m by comparing the estimated 
mean ALTs of 2007-2009 with 16 in-situ ALT 
measurements. Relative to the ALTs in 2007, the estimated 
ALTs in most areas increase by 0~16.5 cm in 2008 and 
0~22.7 cm in 2009. In some regions, the ALTs increase 

obviously, and it reaches as large as 432 cm in the Chumaer 
River High Plain in 2009. The average ALTs in the study 
area are 225 cm, 229 cm and 234 cm in 2007, 2008 and 
2009, respectively, increasing 4.5 cm per year. The 
presented methods can be used to retrieve high-resolution 
ALTs in remote areas of the QTP, which are assumed to 
help understand the permafrost change pattern, to provide 
important data for scientific research, and to contribute to 
the prevention and mitigation of the damages caused by 
permafrost changes in the QTP[21-22]. 

Moreover, we propose a new strategy to monitoring the 
deformation over the degradated Island Permafrost. The 
deformation rate along the line of sight mainly varied from 
–70 to 70 mm/a. At lower altitudes and on shady slopes, 
the deformation area generally occurred, which is 
consistent with the distribution characteristics of 
permafrost islands. Additionally, the deformation of 
permafrost is highly correlated with the increase of annual 
minimum temperature, with an average correlation value 
of –0.80.  
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1. INTRODUCTION

Volcanoes  situated  on  medium-sized,  isolated  islands,
represent a specific threat to local populations living on
their flanks. To detect  precursory signs of unrest, ground
instrumentation  is  mantatory.  Volcanic  observatories
maintain  a  number  of  geophysical  and  geochemical
monitoring devices, that track the activity of the volcano,
and  allow  for  warning  of  any  sign  of  awakening,  as
indicators depart  from baseline.  In the event of a major
eruption,  these  instruments  may  fail  or  become
temporarily unavailable, which makes it difficult to track
the ongoing activity and impacts of the eruption, hence
increasing the uncertainty involved in decision-making. In
periods  of  unrest,  as  ground  instrumentation  may  not
necessarily  cover  the  area  with  a  sufficient  density  of
observations, it may be difficult to determine precisely the
location  of  sources  of  deformation.  In  these  kinds  of
situations,  volcanologists  have  to  rely  on  alternative
observation  approaches,  by  turning  their  attention  to
remote sensing data.  In particular,  SAR (radar)  satellite
observations have the capability to provide images of the
morphology  of  the  volcano,  and  can  measure  ground
deformation thanks to interferometric techniques. The all-
weather  day-and-night  observation  capability  of  SAR
make  them  particularly  suited  to  the  monitoring  of
equatorial and tropical island volcanoes. 

Initially,  the aim of this project consisted in monitoring
volcanic  deformation  affecting  the  Lesser  Antilles
volcanoes, and in particular La Soufrière de Guadeloupe
and Montagne Pelée volcanoes,  in the french islands of
Guadeloupe and Martinique,  respectively  (Fig.1).  These
two volcanoes are targeted for a number of reasons. First,
in  addition  to  a  well  documented  record  of  major  pre-
historical eruptions, these two volcanoes were affected by
significant  unrest  episodes in  the recent  past,  including
the  1902  Montagne  Pelée  eruption  that  killed  ~30,000
people, and the 1976 La Soufrière volcanic crisis, which
led  to  evacuation  of  part  of  the  island  of  Guadeloupe.
These two volcanoes are rated among the most dangerous
volcanoes in the world, partly because of the difficulty to
evacuate their densely populated flanks in case of a major
disaster.

Unfortunately, the lack of measurable deformation on the
volcanoes of Guadeloupe and Martinique, combined with

the unavailability of high-resolution data from ALOS-2,
did not allow for reaching these initial objectives.

During  the  course  of  the  project,  an  exceptional  and
totally  unexpected  geological  event  occurred  in  the
volcanic  island  of  Mayotte.  From  May  2018  to  2021,
scientists  have  witnessed  the  birth  of  a  new submarine
volcano.  This  newborn  volcano  produced  substantial
deformation  on  the  island  of  Mayotte,  which  was
succesfully tracked by ALOS-2 InSAR. 

The present report will present these two contrasting cases
studies (Lesser Antille and Mayotte).

2. LESSER ANTILLES VOLCANOES

Figure 1: location of the volcanoes targetted by the 
Lesser Antilles project.

The  Institut  de  Physique  du  Globe  de  Paris  (IPGP)  is
currently in charge of two volcano observatories on these
volcanoes.  Geophysical  and  geochemical  evidence
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suggest that La Soufrière de Guadeloupe volcano (Fig. 2) 
is currently entering of new phase of unrest. This new 
situation calls for the exploitation of all possible sources 
of information, in order to better assess potential hazards 
associated with an awakening of the volcano. 

132). Using a few WD1 pairs, we computed a series of 
ALOS-2 ScanSAR interferograms covering the island of 
Guadeloupe, in order to test the potential of these data. 
Overall, the coherence of these interferograms is 
satisfactory in most locations (Fig. 2). However, these 
interferograms show a poor coherence on the densely 
vegetated slopes of the volcanoes, while the vegetation- 
free summit area is only covered by a few pixels. 

Unfortunately, the ALOS-2 acquisition plan over the 
target area was inadequate to monitor deformation of the 
volcano, as explained in the following. 

These tests demonstrate that the resolution of the WD1 
data acquired by ALOS-2 (100m) is insufficient to enable 
a mapping of surface deformation of the volcanoes of 
Guadeloupe  and  Martinique,  which  are  currently  in   a 

Very few or no acquisitions in SPT, SM1 or SM2 modes 
were available. Images were acquired in SM3 mode at a 
rate of 1 image per year for each pass direction, which is 
insufficient to allow for measuring slow ground 
deformation. In addition, in spite of the reduced 
vulnerability of L-band data to coherence loss due to 
vegetation (compared to C- or X-bands), ALOS-2 images 
spaced one year apart are largely incoherent. 

situation of low activity, with GNSS 
velocities smaller than 1 cm/year. 

showing ground 

3. MAYOTTE 

Figure 2: ALOS-2 WD1 interferogram focussed on 
Soufrière de Guadeloupe 

On the other hand, WD1 mode (ScanSAR) images are 
acquired on a regular basis, every ~ 1.5 month, but only in 
descending geometry (up to 2018, 32 images on 
observation  path  131,  30  images  on  observation   path 

Figure 3: Tectonic setting of the Mayotte island (from 
[1]). 
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The island  of  Mayotte  is  located  in  the  western  Indian
Ocean. This french overseas territory  includes  ~300,000
inhabitants.  The  last  known volcanic  eruption  occurred
approximately 6kyr before present.

In  May 2018, an unexpected seismicity and deformation
was recorded by onland sensors. Numerous earthquakes
were  felt  by  the  population,  raising  concern  about
potential  danger.  The  source  of  the  seismicity  and
deformation was quickly located offshore, approx. 50 km
to  the  east  of  the  island  [2,3].  A  geophysical  marine
expedition discovered the birth of a submarine volcano in
May 2019 [4].

Figure 4: Deformation measured by the Mayotte 
GNSS network.

Deformation detected by the GNSS network installed
in Mayotte before  the crisis shows a gradual tilt  of  the
island, associated with subsidence (Figure 4).  However,
the  density  of  GNSS  sensors  is  insufficient  to  capture
short-scale gradients of displacement, which are essential
to determine the location and geometry of the  source of
deformation.

Figure 5: cumulative displacement on Mayotte from 
2015 to 2020 derived from time-series processing of 
ALOS-2 data.

Thanks to an exceptional effort carried out by JAXA,
following  a  request  by  their  European  partners  (in
particular,  the  French  Space  Agency  and  the  European
Space  Agency),  the  frequency  of  acquisitions had been
enhanced  in this  previously non-tectonic /  non-volcanic
area.  Using  the  ISCE software,  we  processed  the  data
acquired  in  ascending  (stripmap,  SM3)  and  descending
(scansar, WD2) passes. In the geometry, the eastward and
downward  motion  add  constructively  in  the  projection
onto  the  line-of-sight  (LOS),  leading  to  an  optimal
sensitivity  to  displacement.  A difficulty  however  arises
from  the  fact  that  the  whole  island  is  moving,  which
implies that no stable point exists on the island. Hence,
absolute  displacement  cannot  be  constrained  by InSAR
independently.  The  2015-2020  cumulative  LOS
displacement shows a difference of approximately 15 cm
between  the  eastern  and  western  parts  of  the  island
(Figure  5).  This  matches  with  the  magnitude  of  the
displacement inferred from the GNSS. When referencing
the InSAR dataset with respect to a point situated on the
western part of the island (corresponding to GNSS station
GAMO),  the time-series  of displacement  of a  pixel  co-
located with GNSS station KAWE shows a remarkable
agreement  with  the  GNSS-derived  time-series  of
displacement projected into the LOS (Figure 6).

This work is expected to provide important constraints
on the dynamics of the source of deformation, as well as
its  location and geometry.  Continued monitoring of  the
area  is  requested,  in  order  to  complement  ground
instrumentation in case of a change in the style of eruptive
activity.

Figure 6: time-series of displacement for two pixels. 
Blue : reference pixel, serving as reference for the 
time-series. Red: "KAWE" pixel, which hosts a GNSS 
sensor. The KAWE GNSS time-series is shown by the 
red line.
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5. CONCLUSIONS

Thanks  to  its  L-band  sensor,  the  ALOS-2  satellite  is
currently the most efficient system for monitoring ground
deformation  in  vegetated  areas  using  interferometric
synthetic  aperture  data.  However,  the  large  number  of
applications that use these data cannot be satisfied using a
one-size-fits-all acquisition mode. In particular, volcanic
applications  need  frequent  acquisitions  at  high  spatial
resolution, whereas wide-swath (scansar) acquisitions are
often the only background acquisition mode available in
many  volcanic  areas  of  the  world.  Suppressing  this
limitation should be considered as a target  for improving
future L-band SAR sensors. High-resolution wide-swath
acquisition  capabilities  will  be  mandatory  to  make  the
best possible use of L-band SAR data for a broad range of
applications.
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1. INTRODUCTION

At its eastern edge, the Indian plate collides 
with the Sunda plate at a rate of 30 - 40 mm/yr 
[e.g. Socquet et al., 2006], forming a complex 
right-lateral oblique convergent boundary. At 
the latitude of Myanmar, the Sagaing fault 
accommodates approximately 20 mm/yr of 
north-south transform motion between the two 
plates [e.g. Maurin et al., 2010] while the Sunda 
megathrust accommodates 10-20 mm/yr of 
eastward subduction of the Indian plate. In 
between, a narrow terrane known as the Burma 
sliver shows evidence of active convergence and 
oblique transform motion, while to the east of 
the Sagaing fault a complex network of faults 
accommodates broad-scale shearing of the 
Eurasian lithosphere throughout the Shan 
plateau [Wang et al., 2014]. A schematic map of 
the faults in the region is shown in Figure 1.  

This complex tectonic setting is home to more 
than 200 million inhabitants in Bangladesh and 
Myanmar, who are at risk of devastating 
consequences from large earthquakes. Historical 
earthquakes with magnitude 6 - 7 (or larger) 
have occurred on all of the major fault systems 
in the region but to date there has been little 
systematic study of the potential rate of future 
earthquakes, their sources or their possible 
magnitudes [Wang et al., 2014]. With the 

region now undergoing rapid growth and 
development, locating the active faults and 
better characterizing potential hazards is an 
urgent need. Furthermore, the unstable political 
situation in Myanmar makes the use of InSAR 
remote observations an attractive method. 

Fig. 1. Location map showing active faults in 
the oblique India-Sunda collision zone, and 
locations of GPS observations throughout the 
region. 
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In 2011 and 2012, 24 permanent GPS sites in 
Myanmar, Bangladesh, India, and Bhutan were 
installed by EOS in collaboration with our local 
partners (red circles in Figure 1). In 2018, this 
network was augmented with 9 additional 
stations in central Myanmar (green circles),  
 

 
 
Fig. 2. PALSAR-2 interferograms from (a) 
descending and (b) ascending orbits acquired 
over the January 11, M6.0 Phyu earthquake 
in central Myanmar. White line marks a 
possible fault trace identified from the 
topography. 

along with more than 80 temporary sites where 
we conducted survey GPS observations to 
measure regional tectonic deformation. Despite 
promising results from these data, these sites 
remain sparse and too widely distributed 
(average marker spacing is > 50 km) to record 
all of the deformation occurring in this complex 
collision zone, necessitating the use of InSAR to 
fill in the gaps and provide a more spatially 
continuous map of tectonic deformation in the 
region. 
 
2. RESULTS: 2018 MW6.0 EARTHQUAKE 

 
On January 11, 2018, a magnitude 6.0 
earthquake struck central Myanmar, in a remote 
forested area where no faults had been mapped 
previously. The ALOS-2 satellite acquired the 
first post-event image on January 14, and we 
produced an interferogram (Figure 2a) showing 
that there did not appear to have been a surface 
rupture. Subsequent ascending data (Figure 2b) 
and joint seismic-geodetic modeling (Figure 3) 
confirms the absence of surface rupture, despite 
an unusually shallow pattern of slip (< 8 km). 
These results are now in review for publication 
(see Appendix). 
 

3. RESULTS: FAULT CREEP? 
 
We looked for fault creep using PALSAR and 
PALSAR-2 data along the Churachandpur-Mao 
fault in eastern India, and the Sagaing fault in 
northern Myanmar, where previous GPS 
observations have suggested a very shallow 
locking depth for the fault [Gahalaut et al., 
2013; Maurin et al., 2010]. However, this area 
proved challenging for InSAR, due to dense 
vegetation and steep topography resulting in 
significant atmospheric and unwrapping errors 
(Figures 4 and 5). In addition, the nearly north-
south direction of the Sagaing fault makes it 
difficult for InSAR to observe deformation, as it 
runs nearly perpendicular to the line-of-sight 
direction. We plan to continue looking for 
signals related to fault creep in the ALOS-2 data 
as the timeseries becomes longer, resulting in 
lower noise levels in the averaged velocities. 

(a) Descending interferogram: 2017/12/03 - 2018/01/14

(b) Ascending interferogram: 2017/12/26 - 2018/03/05
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Fig. 3. Joint seismic-geodetic model of the 
January 2018 M6.0 Phyu earthquake 
showing coseismic slip contours (black 
contours) and aftershocks (colored circles), 
showing that slip was concentrated at a depth 
of less than 8 km, despite the absence of a 
surface rupture. 
 

 
 
Fig. 4. LOS velocities over the Imphal valley 
in eastern India show possible creep along 
the strike-slip Churachandpur-Mao fault. 
 
 

 
Fig. 5. Averaged ALOS-1 line-of-sight 
velocities across a section of the Sagaing fault 
(red lines) in Northern Myanmar. Initial 
results do not suggest a strong creep signal 
across the fault. This area is particularly 
difficult for InSAR because the fault is nearly 
perpendicular to the line of sight direction. 

 
4. RESULTS: NON-TECTONIC MOTION 

 
Our timeseries analysis of the data in Myanmar 
is not yet accurate enough to measure the nearly 
north-south tectonic motion characteristic of 
slow deformation in the Burma sliver, but it did 
reveal a significant acceleration in the rate of 
ground subsidence in Myanmar’s largest city, 
Yangon (Figure 6). This is a concerning 
development, and is the subject of a separate 
analysis by our group (under PI project 3209). 
 
As we expand our processing of the ALOS-2 
data, we will also be able to observe subsidence 
in nearby growing cities across the delta region 
of Myanmar. This extremely low-relief area is 
subject to significant flooding hazards, so noting 
whether there is any subsidence is important. 
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Fig. 6. ALOS-1 and ALOS-2 average LOS 
velocities showing rapid increase in rates of 
subsidence near Yangon, particularly in the 
fast-growing industrial areas to the east and 
south of the city. 
 

5. OUTLOOK AND FUTURE WORK  
 
Observing slow tectonic deformation of the 
Burmese sliver through InSAR has proved 
difficult thus far. Problems related to 
atmosphere, topography, dense vegetation, and 
the nearly LOS-perpendicular nature of 
deformation in Myanmar have limited the 
applicability of this technique in this region. 
However, we have shown some success so far 
(Figures 2, 4 and 5), and our focus on this 
region has revealed other interesting 

deformation phenomena that will likely lead to 
future studies and publications. 
 
In particular, we hope to extend our analysis in a 
future project to form timeseries using the 
ALOS-2 data in Bangladesh and western 
Myanmar, now that several years of data are 
available. We hope to achieve two primary 
goals: (1) clarify whether the possible creep 
signals seen in ALOS-1 are robust, and (2) 
apply ionospheric corrections to investigate 
long-wavelength tectonic deformation across the 
Burma sliver and the Arakan megathrust. 
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1. INTRODUCTION

Ground surface deformations due to human and naturally 

induced factors are geohazards and may cause damage to 

buildings and other infrastructures. Excessive ground 

movements can even lead to loss of human lives. Therefore, 

identifying and regularly monitoring the ground 

deformations is crucial before it could become latent risk 

factors. Interferometric synthetic aperture radar (InSAR) 

technique provides an all-weather imaging capability for 

measuring continuous ground surface deformation and 

detecting minor surface changes. The aim of this study is 

the applications of monitoring the surface deformation 

induced by human activities and natural causes using 

InSAR techniques.  

The first case was conducted in Urayasu City, Chiba 

Prefecture. The long-term land deformation patterns were 

investigated using ERS-1/-2 (C-band), ALOS PALSAR 

and ALOS-2 PALSAR-2 (L-band) images by multi-

temporal InSAR techniques. Leveling survey data were 

also used to verify the accuracy of the InSAR-derived 

results. 

The second case study was detecting the landslides induced 

by the 2018 Hokkaido Eastern-Iburi Earthquake. The 

coherence and intensity calculated from the six pre- and 

post-event ALOS-2 PALSAR-2 images in descending and 

ascending orbit were used to extract landslide areas. To 

improve the accuracy of identified landslides, six different 

combination methods were tested. Moreover, the results 

were verified by comparing with optical satellite images 

and truth data. 

2. LAND SUBSIDENCE OVER THE COASTAL

CITY OF URAYASU, JAPAN 

Urayasu City is located in the Tokyo Bay area, where more 

than 70% of the area was reclaimed from 1964 to 1980. The 

reclamation was performed using the sand and soil dredged 

from the seabed off the coast of Urayasu [1]. In addition, 

Urayasu City is located in an earthquake-prone area, which 

increases the risk of land subsidence due to the combined 

effects of seismicity and the natural consolidation of soil. 

On 11 March 2011, a devastating earthquake of moment 

magnitude Mw 9.0 occurred off the coast of Tohoku, Japan, 

which caused severe damage to buildings and 

infrastructures and created large ground settlements of up 

to 60 cm in the reclaimed areas [2]. 

2.1 Data set 

The SAR data collected by the ERS-1/-2 and ALOS-1/-2 

satellites were used to monitor the long-term deformation 

pattern of Urayasu City. The ERS-1/-2 data were provided 

by the European Space Agency (ESA) and the PALSAR & 

PALSAR-2 data by the Japan Aerospace Exploration 

Agency (JAXA). A total of 52 C-band ERS-1/-2 single 

look complex (SLC) scenes were acquired from the 

track/frame 489/2889 during the period from May 1993 to 

February 2006. Note that there is a data gap in 1994 and 

1995 due to the limited acquisitions of ERS-1 data; 24 L-

band ALOS PALSAR SLC data were acquired from the 

path/frame 58/2900 during the period from June 2006 to 

December 2010; 13 L-band ALOS-2 PALSAR-2 SLC data 

were acquired from the path/frame 18/2900 during the 

period from December 2014 to November 2017. The 

detailed acquisition parameters of these three SAR data are 

given in Table 1. 

2.2 Methodology 

The multitemporal InSAR methodologies involve the use 

of multiple SAR datasets to overcome the limitations of 

conventional InSAR (e.g., spatial and temporal 

decorrelations and atmospheric disturbance) and measure 

the land surface displacements with high precision [3]. In 

this study, the persistent scatterers InSAR (PSI) and the 

small baseline subset method (SBAS) were applied to the 

archived (i.e., ERS-1/-2 and ALOS PALSAR) and recent 

(i.e., ALOS-2 PALSAR-2) SAR data. 

As shown in Fig. 1, the ERS-1/-2 and PALSAR data were 

processed using both the PSI and SBAS methods. Due to 

the limited number of PALSAR-2 acquisitions, we used 

only the SBAS method. The SARscape® Modules (5.4) for 

ENVI (5.4) software suite was employed to perform the 

interferometric analyses. For the ERS-1/-2 data, we used 

the latest precise orbit products provided by the ESA to 

correct the orbit inaccuracies and generate a total of 424 

interferograms, including 36 for PSI processing and 388 for 

SBAS processing pairs (Fig. 1). 
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2.3 Results 

2.3.1 Time-Series Analysis of the ERS-1/-2 Data from May 

1993 to February 2006 

The mean velocity (mm/year) maps of the final geocoded 

displacements generated from the ERS-1/-2 data are shown 

in Fig. 2. The color cycle from green to purple indicates the 

positive to negative velocities in the LOS direction. The 

negative values indicate that the surface is moving away 

from the satellite (i.e., subsidence) while the positive 

values indicate the opposite direction of movement (i.e., 

uplift). The major subsidence areas were highlighted by 

both InSAR measurements, which were located on the 

borders of the Naka-Machi and Shin-Machi areas. The 

results derived from the SBAS method show higher 

densities of the obtained points than those of the PSI. The 

average displacement rate and the standard deviation for 

the PSI were -1.0 and 4.9 mm/year, while those for the 

SBAS were -0.95 and 1.9 mm/year, respectively. In general, 

the ERS-1/-2 results show that approximately 85% of the 

PS points indicate displacement rates between -4 mm/year 

and 2 mm/year. 

2.3.2 Time-Series Analysis of the ERS-1/-2 Data from May 

1993 to February 2006 

The mean velocity (mm/year) maps of the displacements 

for the period from June 2006 to December 2010 is shown 

in Fig. 3 for PSI and SBAS. The same color cycle from 

green to purple was used for those results. The density of 

the measured points by the PSI is coarser than those by the 

SBAS, due to the existence of vegetation in the study area. 

The average displacement rate and the standard deviation 

for the PSI were -1.3 and 3.9 mm/year, whereas those for 

the SBAS were -1.7 and 3.3 mm/year, respectively. Overall, 

the PALSAR results show that approximately 85% of the 

PS points indicate displacement rates between -6 mm/year 

and 3 mm/year. 

2.3.2 Time-Series Analysis of the PALSAR-2 Data from 

December 2014 to November 2017 

The mean velocity (mm/year) maps of the displacements 

for the period from December 2014 to November 2017 are 

shown in Fig. 4. The same color cycle from green to purple 

was used for the result. The average displacement rate and 

the standard deviation are −0.5 mm/year and 1.9 mm/year, 

which are lower than those obtained with the ERS-1/-2 and 

PALSAR data. In general, the PALSAR-2 results show that 

approximately 85% of the PS points indicate displacement 

rates between -3 mm/year and 1 mm/year. 

To show the variations in the LOS displacement velocities 

at different locations over the three observation periods, six 

profiles across several locations in Urayasu City were 

selected. We can see from Fig. 5 that these selected profiles 

show different displacement dispersion patterns, such as 

profiles P1–P1’ and P5–P5’ which show a dispersion of 

approximately -0.5 mm/year to -2.6 mm/year. Along 

profile P4–P4’, the subsidence rate increased from 0.1 to 

21 mm/year within the distance of 0.6 km. The profiles in 

Fig. 5 (b, c, d and f) reveal that the PALSAR-estimated 

subsidence rate has a larger value than those from the ERS-

1/-2 and PALSAR-2. Contrary to the ERS-1/-2 and 

PALSAR-estimated displacement velocity, the PALSAR-

2 results show an uplift within the distance of 300 to 900 m 

in the profile P1–P1’ across the Moto-Machi area (Figure 

11a). Moreover, both PALSAR and PALSAR-2 estimated 

displacement rates show a significantly decrease along P4–

P4’ (Fig. 5d) 

2.4 Comparison of the InSAR-Derived Results with the 

Leveling Data 

To assess the accuracy of the InSAR-derived results over 

the three observation periods, a quantitative comparison of 

the time-series displacements with the leveling survey data 

provided by the Chiba Prefecture at 22 measurement points 

was performed. To locate each leveling point, we 

referenced the online version of the Chiba information map 

and the illustration figures of each leveling point provided 

[4]. For the InSAR measurement points, especially those in 

incoherent areas, the pixels that lay within 100 m of the 

corresponding leveling points were assigned, and the 

average velocity of these pixels was calculated. We 

selected the leveling data in the same overlapping periods 

Table 1. Acquisition parameters of the ERS-1/-2, ALOS PALSAR and ALOS-2 PALSAR-2 data sets. 

SAR1 Sensor ERS-1/-22 ALOS PALSAR ALOS-2 PALSAR-2 

Orbit direction Descending Descending Descending 

Operation mode SAR/IM3 FBS/FBD4 Strip map (SM)1 

Band (wavelength) C-band (5.6 cm) L-band (23 cm) L-band (23 cm)

Resolution 20 m 10/20 m 3 m 

Revisit cycle 35 days 46 days 14 days 

Look angle 23° 34.3° 35.4° 

Incidence angle 23.3° 38.7° 39.7° 

Swath 100 km 70 km 50 km 

Number of images 52 24 13 

Temporal coverage 
May 1993 to February 

2006 

June 2006 to December 

2010 

December 2014 to November 

2017 
1 synthetic aperture radar; 2 European Remote Sensing satellites; 3IM: image mode; 4 FBS: fine beam single; FBD: fine beam 

double. 
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as the three InSAR measurement periods. We assumed the 

Fig. 1. The temporal and spatial baseline distributions of the SAR interferograms from the ERS-1/-2, ALOS PALSAR and 

ALOS-2 PALSAR-2 data sets (a–e), where each acquisition is represented by a diamond associated to an ID number; the green 

diamonds represent the valid acquisitions and the yellow diamonds represent the selected master image of persistent scatterers 

interferometry (PSI) and super master image of the small baseline subset (SBAS). 

Fig. 2. Line of sight (LOS) displacement velocity in Urayasu City from 1993 to 2006 for the ERS-1/-2 data: (a) Estimated 

mean displacement velocity using the PSI method; (b) estimated mean displacement velocity using the SBAS method. The 

background image is an ERS-2 intensity image acquired on May 24, 1999.  
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horizontal deformation was negligible, and the LOS 

displacement velocity was converted into the vertical 

displacement velocity by dividing the cosine of the sensor 

incidence angle [5]. 

Fig. 6 shows the spatial distribution of the leveling points 

and the comparison between the leveling and InSAR-

derived linear subsidence rate. Note that the number of 

leveling points are different among the different InSAR 

observation periods; 17 leveling points were used for the 

comparison of the ERS-1/-2 and PALSAR observation 

periods, while 21 leveling points were used for the 

PALSAR-2 observation period, which is due to five new 

leveling points being established after the 2011 Tohoku 

Earthquake and the leveling point U-12A being missing in 

2016. We also used different plot scales (20 mm/year vs 12 

mm/year) and (2/4 mm vs 1/2 mm for error lines), due to 

the smaller errors shown in PALSAR data using the SBAS 

method (Fig. 6d). The comparison results show that the 

results from the ERS-1/-2 data using the SBAS method 

have the largest root mean square errors (RMSEs) of 4.4 

mm/year, while the results from PALSAR and PALSAR-2 

data using the SBAS method have the smallest RMSEs of 

0.9 and 2.2 mm/year, respectively. For the ERS-1/-2 and 

PALSAR data, more than 12 out of the 17 measurement 

points showed a residual value of less than 

Fig. 3. Mean LOS displacement velocity in Urayasu City from 2006 to 2010 for the PALSAR data: (a) estimated mean 

displacement velocity using the PSI method; (b) estimated mean displacement velocity using the SBAS method. The 

background image is a PALSAR-2 intensity image acquired on 04 December 2014. 

Fig. 4. Mean LOS displacement velocity in Urayasu City from 2014 to 2017 for the PALSAR-2 data. The background image 

is a PALSAR-2 intensity image acquired on 4 December 2014. P1–P1’ to P6–P6’ are the selected profiles to show the 

displacement velocities at different sites.   

503



4 mm/year (a–d); for the PALSAR-2 data, and 14 out of 

the 21 measurement points showed a residual value of less 

than 2 mm/year (e). As shown in Fig. 6a, b and e, the 

results from the ERS-1/-2 and PALSAR-2 data using the 

PSI and SBAS method showed the largest discrepancies at 

several leveling points. This may have been caused by the 

low coherence of ERS-1/-2 datasets and the contribution of 

phase noise. The fewer PALSAR-2 image pairs and the 

sudden elevation changes in the ground, i.e., the leveling 

point U-17 subsided by the influence of construction work 

during 2015–2016, may also affect the comparison result. 

Nevertheless, according to these comparisons, the InSAR-

derived results agree relatively well with the result of the 

leveling measurements and suggest the reliability of the 

InSAR-measured subsidence rate.  

3. EARTHQUAKE-INDUCED LANDSLIDE

MAPPING USING PALSAR-2 DATA

Earthquake is one of the most dangerous natural disaster 

events around the world, and most of the earthquakes are 

occurring in mountain areas. In general, the moderate to a 

severe earthquake could trigger landslides in the 

mountainous region [6]. These landslides may cause 

injuries and loss of human life, damage to infrastructures, 

and lead to enormous economic losses. Therefore, quickly 

identifying and mapping of the landslide has great 

importance in emergency response and restoration 

activities after landslides. 

On 6 September 2018, a powerful earthquake of moment 

magnitude Mw 6.7 occurred off the Iburi Subprefecture in 

southern Hokkaido, Japan. The earthquake took place just 

one day after the typhoon Jebi (No. 21) left torrential rains 

in the region. After the earthquake, up to 6000 landslides 

occurred near the epicenter-Atuma town, due to the heavy 

rains soaked subsurface deposits of volcanic soil in the 

region, turning them into a geologic grease layer [7]. The 

Geospatial Information Authority of Japan (GSI) mapped 

the landslide area using the aerial photographs on 6, 8 and 

11 September 2018, and published their results on their 

website [8]. 

In this study, we present a rule-based method to identify 

and map the Earthquake-induced landslide in Hokkaido, 

taking advantage of ALOS-2 PALSAR-2 SAR images 

taken before and after the event. Moreover, the high-

resolution optical image- WorldView-2 and Geo-Eye-1, 

truth data, and field survey data were used for reference and 

validation purpose. 

Fig. 5. Mean LOS displacement velocities for the three 

observation periods (a–f) along the six profiles whose 

positions are indicated as purple lines in Figure 4. 

Fig. 6. Comparison between InSAR-derived linear 

subsidence velocity and leveling measured linear 

subsidence velocity during the three InSAR observation 

periods: (a) and (b) ERS-1/-2 derived linear subsidence 

rate (May 1993 to February 2006) and leveling-derived 

linear subsidence rate (January 1993 to January 2006); (c) 

and (d) PALSAR-derived linear subsidence rate (June 

2006 to December 2010) and leveling-derived linear 

subsidence rate (January 2006 to January 2011); (e) 

PALSAR-2-derived linear subsidence rate (December 

2014 to November 2017) and leveling-derived linear 

subsidence rate (January 2015 to January 2017); and (f) 

spatial distribution of leveling points in Urayasu City. 
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3.1 Study area and date set 

After considering the availability of ALOS-2 PALSAR-2 

data, its coverage and reference optical data, we chose an 

area near the Atsuma town spanning from 42.43°North to 

42.48°North of latitude and from 141.52.5° East to 141.60° 

East of longitude as a study area (Fig. 7). Fig. 7b shows the 

landslide distribution map produced by the GSI, Japan [8], 

and we used this map as ground truth data. 

The L-band PALSAR-2 satellite data sets covering the 

region of interest were provided by the Japan Aerospace 

Exploration Agency (JAXA). The interferometric 

coherence was computed from single look complex (SLC) 

PALSAR-2 data taken on 14 June 2018, 23 August 2018, 

and 06 September 2018 (Descending), and on 09 August 

2018, 23 August 2018, and 06 September 2018  

(Ascending). Both Descending and Ascending data is in 

Stripmap (SM1) mode and HH polarization with a high 

resolution of 3 m. A 10-m high-resolution digital elevation 

model (DEM) provided by the GSI was used to co-register 

the InSAR pairs [9]. 

We also collected two high-resolution optical images, 

WorldView-2 and GeoEye-1 acquired on 24 October 2017 

and 20 October 2018 with a resolution of 2m. The optical 

image was used for the visual comparison of the landslide 

classification. To remove effects, such as the image 

perspective (tilt) and relief (terrain) effects, we 

orthorectified the image using the same 10 m DEM data 

that were used for the SAR data. 

3.2 Methodology 

SAR has the capability of obtaining both amplitude and 

phase backscattering echoes from targets. The SAR 

products, such as SAR amplitude and InSAR coherence, 

can be complementary to each other for landslide mapping 

in highly vegetated regions. Fig. 8 shows both descending 

and ascending SAR coherence and intensity images and the 

corresponding landslide features on these images. The 

interferometric coherence map for both the ascending and 

descending PALSAR-2 data was generated by employing 

the SARscape®. For the original descending PALSAR-2 

data, the SLC image from August 23, 2018, was selected 

as the master image, and the images from June 14, 2018, 

and September 6, 2018, were selected as slave images to 

generate two interferometric coherence images. For the 

original ascending PALSAR-2 data, the SLC image from 

August 23, 2018, was selected as the master image, and the 

images from August 9, 2018, and September 6, 2018, were 

selected as the slave images to generate two interferometric 

coherence images.  

Both descending and ascending coherence images were 

multi-looked by a factor of eight looks in azimuth and 

seven looks in range, giving a pixel size of approximately 

15 m. Multitemporal ANLD filtering with a 3 × 3-pixel 

window was applied to the multi-looked coherence images 

and were geocoded in the WGS84 reference ellipsoid. For 

the descending and ascending intensity images, the same 

processes were performed and were geocoded to the same 

reference ellipsoid. The geocoded intensity images were 

calibrated to the normalized backscattering coefficients 

(sigma naught). For the final geocoded products, we 

applied the same enhanced Lee filter with 5 × 5 window 

size for both the coherence and intensity images. 

Additionally, we calculated the differences between the 

pre- and co-event coherence and between the pre- and post-

event intensity images. 

The decision tree (DT) classification technique was 

adopted to map landslides by using pre- and post-event 

PALSAR-2 images. The decision tree classifier is a type of 

multistage classifier that can be applied to a single image 

or to a stack of images. Because of its simplicity, flexibility, 

and computational efficiency, it has been widely used in 

many studies. The decision tree scheme is built based on 

inputs from pre- and co-event coherence differences, pre- 

and post-event intensity difference images, DEMs, and 

(a) 

(b) 

Fig. 7. The map of the study area, Hokkaido, Japan. (a) the 

geographic location of the study area; (b) identified 

landslide areas by the GSI, Japan. 
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slopes. Through the analysis of the nature of landslides, and 

the topography of the study area, we established a decision 

tree-based classification scheme as described in Fig. 9. 

3.3 Results 

The intensity and InSAR coherence are sensitive to 

changes of the ground surface; therefore, they can provide 

useful information for landslide detection. However, the 

Path Difference Color composite 

R: pre-event; G&B: 

Intensity 

Descending 

Ascending 

Coherence 

Descending 

Ascending 

Fig. 8. The SAR intensity and coherence difference and color composite map of the study area. The intensity difference was 

calculated by subtracting the pre-event from post-event SAR intensity image; descending and ascending coherence difference 

was calculated by subtracting pre-event from co-event InSAR coherence. 
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performances of these products in identifying landslides 

might vary depending on the SAR acquisition conditions to 

some extent. Therefore, we tried six different 

combinations: (1) using only the coherence differences in 

the descending paths; (2) using only the intensity 

differences in the descending paths; (3) using both the 

coherence and intensity differences in the descending 

paths; (4) using the coherence differences in both the 

descending and ascending paths; (5) using the intensity 

differences in both the descending and ascending paths; 

and (6) using both the coherence and intensity differences 

in both the descending and ascending paths. 

To evaluate the performance of the six different 

combinations for landslide mapping, we compared the 

detected landslides with the polygon data of the landslides 

released by GSI, Japan [8]. The confusion metrics for the 

six different combinations as shown in Table 2. 

The quantitative comparison results show that the 

descending and ascending intensity-based classification 

(case 5) has the best overall accuracy and a kappa 

coefficient with fewer commission errors. The coherence 

was low in highly vegetated areas even without the 

earthquake. The geometrical and temporal decorrelations 

also hindered the applicability of InSAR coherence, which 

showed more commission errors and led to a lower overall 

accuracy for the classification. 

In case 5, for the use of PALSAR-2 ascending and 

descending intensity, the intensity difference threshold 

wasΔInt < -2.13 dB or ΔInt > 1.91 dB for descending or 

ΔInt < -1.64 dB or ΔInt > 2.83 dB for ascending (μ = 0.593, 

σ = 2.232, k = 1) in the main node. Then, the same 

thresholds for slope and DEM were also used to exclude 

the classified landslides in flat areas. After segmentation, 

the final classification results are shown in Fig. 10. The use 

of both the descending and ascending intensities shows a 

better result than the coherence with fewer commission 

errors. 

4. CONCLUSIONS

This research aimed to investigate the features and 

feasibility of different radar images in the extraction of 

ground deformations. The traditional and advanced InSAR 

methods and GPS observations are also implemented to 

improve the accuracy of estimated ground deformations. 

The InSAR coherence and intensity-based classifications 

for the earthquake-induced landslides have also carried out 

using ALOS-2 PALSAR-2 data. 

The long-term spatial pattern of land subsidence of coastal 

city Urayasu was monitored using ERS-1/-2, ALOS-

PALSAR, and ALOS-2PALSAR-2 data by applying the 

advanced InSAR techniques (PSI and SBAS). The 

obtained InSAR results during the three observation 

periods from 1993–2006 and 2006-2010 and 2014 to 2017 

show continuing subsidence occurring in several reclaimed 

areas of Urayasu City. The maximum subsidence rate from 

1993 to 2006 was approximately 27 mm/year, from 2006 

to 2010 it was 30 mm/year, and from 2014 to 2017 it was 

about 18 mm/year. The results form PALSAR-2 data 

showed better coherence than the PALSAR and ERS-1/-2, 

because of its higher resolution. The quantitative 

comparison with the leveling data showed that the results 

from ERS-1/-2 have the largest RMSE of 4.4 mm/year, 

while the RMSE for PALSAR and PALSAR-2 data was 

0.9 and 2.2 mm/year, respectively. the InSAR-derived 

Fig. 9. The scheme of the decision tree-based landslide 

mapping 

Fig. 10. The landslide classification map using intensity 

difference in both descending and ascending SAR images. 

The background image is a high-resolution GeoEye-1 

image taken on 20 October 2018. 
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 results agree relatively well with the result of the leveling 

measurements and suggest the reliability of the InSAR-

measured subsidence rate. 

The landslides induced by the 2018 Hokkaido Eastern Iburi 

earthquake were identified using the intensity and 

coherence from both the ascending and descending 

PALSAR-2 images. We have used six different 

combination methods to identify landslide areas. A rule-

based decision tree classification was used to implement 

six different combinations. The decision tree classification 

was established based on the calculated pre and co-event 

InSAR coherence and intensity images, DEM, and slope. 

Moreover, the landslide classification results were 

compared with the high-resolution optical images and truth 

data. The detected landslides have a good match with the 

reference images. The quantitative accuracy assessment 

results showed that the descending and ascending SAR 

intensity-based classification results have the best accuracy 

than other methods. In general, the InSAR coherence and 

intensity has great potentials in quickly identifying and 

mapping earthquake-induced landslides. 
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1. INTRODUCTION

Vanuatu, the "Timeless Islands", comprises a group of 
approximately 80 islands, situated some 2,250 km North-
East of Sydney, Australia, and 800 km West of Fiji. Like 
all islands in the Pacific Rim of Fire, the archipelago lies 
on a subduction zone responsible for intense seismic and 
volcanic activity.  
Ambrym is the most active volcano of the archipelago. It 
is a wide basaltic volcano, about 1800 m high relative to 
the nearby sea bottom. The main cone is crowned by a 
circular, 12 km diameter caldera and activity is mainly 
from Marum (1270 m) and Benbow (1160 m) intra-
caldera cones. (Fig. 1). Ambrym also has the specificity to 
present high rates of passive degassing (7 kt per day of 
SO2 emitted from 2005–2015 [1]).  
Recently, an intra-caldera effusive eruption occurred in 
2015 and an island-scale rift zone intrusion and caldera 
subsidence took place in 2018. For each of these events, 
ALOS-2 data provided key information on the induced 
surface displacement field in the context of a highly 
vegetated tropical island with limited ground-based 
instrumentation. This geodetic information was used to 
improve our understanding of basaltic calderas [2]. The 
results summarized below have been further described in 
two articles (one published and one submitted), as well as 
a PhD dissertation [2,3,4]. 

2. THE 2015 INTRA-CALDERA EFFUSIVE
ERUPTION 

On February 21st, 2015 at Ambrym volcano in Vanuatu, a 
basaltic dike intrusion produced more than 1 meter of co-
eruptive uplift, as measured by InSAR (Fig. 2), SAR 
correlation, and Multiple Aperture Interferometry (MAI) 
[2,3]. Radar data also show an average of 40 cm of slip 
occurred on a normal caldera ring-fault during this 
moderate-sized event, which intruded a volume of 24*106 
m3 and erupted 9.3*106 m3 of lava (DRE). 

Fig. 1 : Map of Ambrym volcano. Adapted from [5]. 
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Fig. 2: ALOS-2 co-eruptive interferogram, ascending 
data spanning the time period 24 January to 21 Mars 

2015 [3]. 
 
Using a 3D Mixed Boundary Element Model, we showed 
that the normal slip on the caldera ring-fault was 
promoted by the depressurization of the magma reservoir 
resulting from magma propagation towards the surface 
[3]. 
 

3. THE 2018 RIFT INTRUSION AND CALDERA 
SUBSIDENCE  

 
Fig.3: ALOS-2 co-eruptive interferogram, ascending 

data spanning the time period 24 November to 22 
December 2018 [2]. 

 
 
On 14 December 2018, a volcano-seismic crisis begins at 
Ambrym marked by 8 M < 3 seismic events detected 
inside the caldera. The onset of an intra-caldera eruption 
was detected around 23h UTC by observations of thermal 
anomalies and SO2 emissions from the Japanese 
geostationary satellite Himawari-8. Once the eruption 
starts, thermal anomalies associated with the lava lakes 
progressively disappear, evidencing a drop in lava lake 
level. In the following days, ALOS-2 acquisitions 
revealed the lateral migration of >0.4 cubic kilometers of 
magma into the rift zone and 2.5 m of caldera-wide 
subsidence. Magma migrated more than 20 km from the 

caldera and erupted offshore. ALOS-2 data were essential 
to characterize large deformation gradients along the 
volcano’s flanks, which are covered by thick vegetation 
(Fig. 3) [4].  
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1. INTRODUCTION

Shanghai, as one important part of the Yangtze River Delta 
alluvial plain in China, owns a typical soft soil foundation 
and has long been suffering from ground subsidence. The 
subsidence in Shanghai began in 1921 and is mainly due to 
the over-exploitation of groundwater [1-3].  

Excessive exploitation of groundwater will cause land 
subsidence and deterioration of the ecological environment. 
It is reported officially that the total amount of exploited 
groundwater in China is more than 100 billion cubic meters 
per year since the founding of PRC, and the loss caused by 
ground subsidence due to exploitation of groundwater is 
over 4500 to 500 billion yuan. Therefore, groundwater 
quality monitoring, water level change and resulting 
surface subsidence have been paid more and more attention. 
However, dynamic groundwater flow models varying with 
the settlement and nonlinear regional land subsidence 
model has not been built until now.  

The purpose of our research is to get land subsidence with 
high precision, high spatial and temporal resolution data by 
using ALOS-2 PALSAR images, establish the dynamic 
groundwater flow model from land surface non-linear 
deformation; and investigate the coupling mechanism 
between aquifer system and earth surface subsidence in 
these coastal areas.  

Considering the exploitation degree of groundwater, and 
the diversity of data and the difficulty of obtaining, we 
choose Lingang new city in Shanghai as our typical 
research area of interest. This research report presents our 
DInSAR and SBAS experiment results by using limited 
ALOS-2 PALSAR images and the first order leveling data 
replacing GPS deformation due to the lack of continuous 

and efficient GPS observation. 

2. STUDY AREA

Many cities in coastal areas of China are suffering 
subsidence due to land reclamation and over-exploitation 
of groundwater.  

We choose Lingang New City of Shanghai as our typical 
study area due to its relatively large deformation signal 
where the deformation in the area is more seriously 
affected by groundwater, and all kinds of observation data 
are relatively complete. It is located in the southeast corner 
of Shanghai, where 60% of the land was constructed by 
reclamation between 2002 and 2005 [4-6]. It is about 75 
kilometers from the center of Shanghai and has a total area 
of 152.15 km2. Most area of the Lingang New City was 
built by land reclamation. Its coastal zone, as a frequent 
landing site of typhoons and storm surges, is vulnerable to 
a lot of natural disasters.  

The geographical location of Shanghai Lingang New City 
is shown in Fig. 1. The locations of two groundwater wells 
(W65, W66) and two leveling points (F65, F66) are marked 
with asterisks in Fig. 1. The names W65 and W66 under 
these asterisks are abbreviations for groundwater 
monitoring wells. The names F65 and F66 are 
abbreviations for leveling monitoring points. Groundwater 
well W65 and the leveling point F65 are located at the same 
place, and W66 and F66 are in the same position too. 
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Fig. 1  The geographical location of Shanghai Lingang 
New City and the location of groundwater well and 
leveling monitoring points (marked with asterisk). 

 
The aquifer includes: submerged aquifer (A0), the first 
confined aquifer (A1), the second confined aquifer (A2), 
the third confined aquifer (A3), the fourth confined aquifer 
(A4), and the fifth confined aquifer (A5). Weakly 
permeable layers include: topsoil layer (B0), first weakly 
permeable layer (B1), second weakly permeable layer (B2), 
the third weakly permeable layer (B3), the fourth weakly 
permeable layer (B4), the fifth weakly permeable layer 
(B5), and the sixth weakly permeable layer (B6).  
 
According to the hydrogeological profile of Shanghai area, 
as shown in Fig. 2. Aquifers and weakly permeable layers 
are missing in some areas. The second, third, fourth, and 
fifth confined aquifers contain abundant groundwater 
resources and are the main targets for emergent 
groundwater exploitation. To explore the relationship 
between groundwater and ground subsidence in Shanghai 
Lingang New City, we mainly consider here the thickness 
changes of the fourth confined aquifer, as the first, second 
and third confined aquifers are in reverse relationship 
between the upper and lower soft soil layers are the fifth 
aquifer is rare in Lingang area. The large thickness index 
of the third and fourth aquifer sand layer in Lingang New 
City indicates that the development of the sand layer may 
increase ground subsidence during exploitation, especially 
when unreasonable groundwater extraction. Otherwise, it 
will not lead to ground subsidence disasters [7].  
 
That is, the cumulative thickness indicators of the fourth 
confined aquifers can reflect the abundance of groundwater 
resources, and the thickness changes can reflect the surface 
subsidence. We take the changes in the water levels of the 
fourth confined aquifers as the research object in this paper. 
 

 

Fig. 2  Hydrogeological Section Map of Shanghai 
City[7] 

 
3. D-InSAR and SBAS-InSAR EXPERIMENTS and 

In-SITU MEASUREMENTS 
 

3.1 D-InSAR EXPERIMENTS 
 
The 

ALOS-2 images of 23 scenes covering Shanghai for 10 
days were collected. According to the basic parameters 
such as incidence angle, coverage area and imaging mode, 
15 scenes of three incidence angles (32.8, 36.6 and 28.6) 
were selected to carry out deformation monitoring.  
 
As shown in the figure below, the 2 PALSAR images and 
basic parameters with an incidence angle of 32.8o and the 
displacement obtained by D-InSAR technology are 
shown. 
 

Tab. 1 Basic parameters of ALOS-2 PALSAR with 
incidence angle 32.8o 

 
 

 
Fig. 3 Amplitude image of ALOS-2 PALSAR with 

32.8o incidence angle 
 

No. ID Mode  Date  Orbit 
direction 

1 00002
70137 

SM 3 
FBD 

15/02/06 Ascending 

2 00002
70138 

SM 3 
FBD 

15/11/13 Ascending 
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Fig. 4 Displacement from 20150206 to 20151113 

acquired by D-InSAR 
 
As shown in the figure below, the 3 PALSAR images and 
basic parameters with an incidence angle of 36.6o and the 
displacement obtained by D-InSAR technology are 
shown. 
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Tab. 2  Basic parameters of ALOS-2 PALSAR with 

incidence angle 36.6o 
No. ID Mode  Date  Orbit 

direction 
1 000027

0131 
SM 3 
FBD 

14/11/22 
15:53:07 

Ascending 

14 000027
0146 

SM 3 
FBD 

16/11/19 
15:52:59 

Ascending 

20 000027
0144 

SM 3 
FBD 

18/12/01 
15:52:57 

Ascending 

 
 

 
Fig. 5 Amplitude image of ALOS-2 PALSAR with 

36.6o incidence angle 
 

 
Fig. 6 Displacement from 20141122 to 20161119 

acquired by D-InSAR 
 

 
Fig. 7 Displacement from 20161119_20181201 

acquired by D-InSAR 
 

3.2 SBAS-InSAR EXPERIMENTS 
 
There are only 5 PALSAR images with the same incidence 
angle of 28.6o  in Shanghai  Lingang from 2015 to 2018, 

whose basic parameters are shown in Tab. 3. The time and 
spatial baseline is showed in Fig. 9. 
 

Tab. 3 Basic parameters of ALOS-2 PALSAR with 
incidence angle 28.6o 

 
No． ID Mode  Date  Orbit 

direction 
1 00002

70140 
SM 3 
FBD 

15/11/02 Ascending 

2 00002
70139 

SM 3 
FBD 

16/07/11 Ascending 

3 00002
70136 

SM 3 
FBD 

16/08/22 Ascending 

4 00002
70141 

SM 3 
FBD 

17/07/10 Ascending 

5 00002
70147 

SM 3 
FBD 

18/10/29 Ascending 

 
 

 
Fig. 8 Amplitude image of ALOS-2 PALSAR with 

28.6o incidence angle 
 

 
Fig. 9 Temporal Baseline and spatial baseline of 4 SAR 

pairs from20151102 to20181029 
 

Fig. 10 shows the interferograms of four SAR pairs and the 
quality of these interferograms is low by visual 
discrimination. The following coherence statistics in Fig. 
11 also proves the point, and most of the majority of 
coherence coefficients are nearly zero. 
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Fig. 10 Inrerferograms of SAR pairs of 151102-

160822, 160711-160822, 170710-160822, and 181029-
160822 

 

 
 

 

 
 

 
 

 
 

Fig. 11 Coherence coefficients of  SAR pairs 
 (The former 3 figures represent the coherence 

coefficient(cc) distribution of different subarea, the 
last one represents the total cc distribution) 

 
We select two points with relativelyhigh coherence 
coefficient close to well W65 and W66. The displacement 
obtained by SBAS-InSAR technology are shown in Fig.12, 
we can see that the magnitude of two points is about tens 
of millimeters. 
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Fig. 12   The subsidence change of two points nearly 

W65 and W66 
(Green line :30°02'35.69"N,121°06'9.41"E(close to W65); 

Red line:30°04'32.55"N21°04'49.60"E(W66) ) 

 
 
 
3.3  LEVELING DATA  
 
We collected the measurements from two first-class 
leveling points (i.e., F65, F66 marked as asterisks in Fig. 
1) located in the study area to verify the accuracy of 
InSAR measurements. Trimble DINI03 digital level was 
used to obtain the leveling data with first-class leveling 
accuracy. The accuracy of the vertical displacement 
monitoring is ± 0.3mm. The F65 and F66 leveling 
points have been observed about once a month since Feb. 
15, 2011 and Feb. 25, 2009 respectively. 
 
The Fig. 13 and Fig. 14 show the subsidence time series 
of the first order leveling data spanning from 2014 to 
2019/2020 covering the period of all of the selected SAR 
image acquisition.   
 

 

 
Fig. 13 Subsidence time series of the first order 

leveling  F65 benchmark 
 

 

Fig. 14 Subsidence time series of the first order 
leveling  F66 benchmark 

 
By comparing Fig.12 and Fig. 13-14, we can find that in  
Fig. 12 the subsidence change from InSAR is up to 50 cm 
and the leveling result shows the subsidence in the same 
period is about 10 mm from Nov. 2015 to Oct. 2018, which 
shows that the InSAR result is not reliable due to its poor 
coherence.    

 

3.4 GROUNDWATER LEVEL CHANGE  

By cooperation with Shanghai Institute of Geological 
Survey, we has collected the time series of   two 
groundwater level wells (W65, W66) in the study area, 
as shown in Fig. 1, and the groundwater level is 
monitored monthly.s 
 
 

 
Fig. 15 Groundwater level elevation of Well W65 in 

Shanghai for the fourth aquifer 
 
 

 
Fig. 16 Groundwater level elevation of Well W66 in 

Shanghai for the fourth aquifer 
 
 
3.5 PRINCIPLE OF AQUIFER PARAMETERS 
ESTIMATION 
 
According to the Terzaghi-Jacob theoretical model[8], 
the total stress of the confined aquifer (𝜎𝜎𝑇𝑇) is equal to 
the sum of the pore stress (𝑝𝑝) and the effective stress 
(𝜎𝜎𝑒𝑒) of the aquifer. 

𝜎𝜎𝑇𝑇 = 𝑝𝑝 + 𝜎𝜎𝑒𝑒   (1) 
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When the groundwater in the confined aquifer is 
extracted, the groundwater level of the confined aquifer 
will decrease, resulting in the decrease of the pore stress 
and increase of the effective stress. The sum of these two 
stresses will introduce compression to the aquifer, which 
will cause ground subsidence. 
When the effective stress of the aquifer 𝜎𝜎𝑒𝑒 is less than 
the historical effective stress 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚), the aquifer system 
undergoes elastic deformation, and the surface 
settlement can be recovered by measures such as 
recharging groundwater. If the effective stress of the 
aquifer 𝜎𝜎𝑒𝑒 is continuously greater than the historical 
effective stress 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚), the aquifer system will undergo 
inelastic deformation, i.e., consolidation deformation, 
and the ground surface will have permanent ground 
subsidence. 
Water release capacity of confined aquifer is expressed 
by water release coefficient. According to the Terzaghi-
Jacob theoretical model, the relationship between the 
aquifer system deformation and groundwater level 
change can be represented by two different skeleton 
water release coefficients. Such coefficients are key 
hydraulic parameters for evaluating the water storage 
capacity of groundwater aquifer systems. 

𝑠𝑠𝑘𝑘𝑒𝑒∗ = ∆𝑏𝑏∗

∆ℎ
,𝜎𝜎𝑒𝑒 < 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚)  (2) 

𝑠𝑠𝑘𝑘𝑘𝑘∗ = ∆𝑏𝑏∗

∆ℎ
,𝜎𝜎𝑒𝑒 > 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚)  (3) 

where 𝑠𝑠𝑘𝑘𝑒𝑒∗  is the elastic water release coefficient of 
aquifer skeleton, 𝑠𝑠𝑘𝑘𝑘𝑘∗  is the inelastic water release 
coefficient of aquifer skeleton, ∆𝑏𝑏∗is the deformation of 
the aquifer system, obtained from the deformation 
results of PSInSAR, ∆ℎ is the change of groundwater 
level, which can be obtained by the change of 
groundwater level at the well. 
When the aquifer thickness changes due to changes in 
the groundwater level, the actual observed water release 
coefficient can be compared with the theoretical value 
to determine whether the water release coefficient is 
elastic or inelastic. Therefore, it can be judged whether 
elastic deformation or inelastic deformation occurs in 
the aquifer system. 
 
 

4. SUMMARY AND RESULTS 
 
The deformation information obtained by our DInSAR and 
SBAS-InSAR experiments looks not continuous because 
that the usable number of SAR image with same incidence 
angle is limited, and the subsidence results of Lingang new 
city is not reliable by comparing with the leveling data due 
to the temporal decorrelation with nearly 8 months even to  
2 years in the selected area, which decreases the precision 
of usable observations.  
 
On the other hand, Shanghai Institute of Geological 
Survey conducted long-term monitoring of groundwater 
level changes in Shanghai. we have collected leveing 
data and groundwater level data by cooperation with 

Shanghai Institute of geological survey, China., seen in Fig. 
13- 16.  
 
 According to the classical Terzaghi-Jacob theoretical 
aquifer model [8] and the subsidence from InSAR and 
Leveling, and the groundwater change, the relationship 
between the aquifer system deformation and groundwater 
level change can be obtained by Elastic and inelastic 
skeleton release coefficients, through which we we could 
judge whether the surface deformation in this area can be 
restored. 
If more SAR data are available, we could use time series 
analysis method based on point targets with stable 
scattering characteristics (e.g., buildings, bridges, roads 
and bare rocks), such as PS-InSAR, TCPInSAR, etc. We 
believe that the precision of the final deformation results 
will be improved by using these advanced processing 
technology., and then we could combine the deformation 
time series with these in-situ measurements so as to 
distinguish elastic and inelastic deformation, and improve 
the current  groundwater model and furthermore reveal the 
law of fluid motion in interior solid earth by InSAR 
technique. 
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ABSTRACT 
In this project, we propose to investigate typical 

landslide activities in western China with L-band satellite 
SAR data. Both amplitude and phase information of 
PALSAR-1/2 images acquired in repeat-pass mode will be 
exploited to characterize landslide surface deformations. 
For slow-moving landslides, time-series InSAR analysis 
methods will be employed to make full use of 
interferometric phase observations at both pointwise 
persistent scatterers (PS) and coherent distributed 
scatterers (DS) to retrieve information of line-of-sight 
(LOS) deformation. In this way the problems of 
decorrelation and atmospheric phase screen (APS) can be 
largely overcome to ensure the reliability of deformation 
mapping. By contrast, phase-based time-series analysis 
methods are usually inapplicable to those fast-moving 
landslides, hence the point-like targets offset tracking 
(PTOT) method will be adopted as an alternative to 
measure two-dimensional (both azimuth and range) 
displacements. Comparative studies with C-band and X-
band datasets will be carried out to investigate the unique 
capability of L-band SAR data analyses in terrain relief and 
densely vegetated rural areas. Furthermore, starting from 
the perspective of engineering geological study, we 
propose to explore approaches of combining multi-
orbit/multi-aspect/multi-angular InSAR/PTOT 
observations to inverse three-dimensional displacement 
vectors. Accurate retrieval of three-dimensional 
displacement field makes it possible to deeply understand 
the spatial/temporal distribution and evolution patterns of 
landslide movements, as well as the fundamental impact 
factors. 

1. INTRODUCTION

Disasters, caused by landslide, rock fall, debris flow, 
ground fissure, etc., are one of the significant natural 
catastrophes, threatening and influencing the socio-
economic conditions around the world [1]. China is one of 
the countries that suffer heavily from such geo-hazards. 
And most landslide sites are located in the mountainous 
and valley areas of western China due to several factors 
such as rough terrain, vulnerable geological environment, 
and complicated meteorological condition. Landslides in 
these areas are usually close to human settlements, and thus 

pose great threaten upon public safety and social economy 
in local and vicinity regions. Furthermore, landslides may 
also have significant impacts on the construction of large 
infrastructures like highway, railway, airport, dock, power 
grid, oil pipeline, etc. by increasing the financial and time 
costs as well as risk of damage. Therefore, long-term 
monitoring of landslide movements is of great importance 
for the sustainable developments in these areas. 

With its wide coverage and sub-centimeter accuracy, 
differential InSAR (D-InSAR) has already proven its 
potential for remotely monitoring unstable slopes [2][3]. 
However, landslide monitoring with D-InSAR techniques 
is often limited by inaccurate external DEM, geometrical 
and temporal decorrelation and atmospheric phase screen 
(APS). In consequence, these limits will usually make the 
interpretation very difficult, especially in mountainous 
areas with steep slopes and dense vegetation [4].  

In the last decade, advanced InSAR method was 
developed to overcome these limits, such as 
Permanent/Persistent Scatterer SAR Interferometry (PSI) 
[5]-[7]. PSI technique exploits persistent scatterers (PSs) 
exhibiting high phase stability in a stack of interferograms 
generated with the same master image. These PSs, mainly 
corresponding to buildings and exposed rocks, generally 
exist in urban area. The characteristic of persistent 
scatterers may limit the application range of PSI technique. 
For example, at the Three Gorges experimental area, it can 
be found that although satisfying results could be achieved 
in urban area, few PSs could be identified in rural 
environment characterized by vegetated or low reflectivity 
homogeneous regions. 

To improve the deformation monitoring capability of 
PSI, distributed scatterers (DSs) widely existed in rural 
areas should be fully considered. Distributed scatterers are 
typically identified from homogeneous ground, scattered 
outcrops, debris flows, non-cultivated lands and desert 
areas. They are affected by temporal decorrelation, but still 
exhibit good coherence over a short time interval [8]-[13]. 
In this project, coherent scatterers-based InSAR (CS-
InSAR) technique will be proposed to make use of both 
PSs and DSs. First, this method identifies DSs in these low-
reflectivity areas based on its statistical behavior and 
extract noiseless phase from them. Then, these DSs, 
combined with the PSs identified by traditional PSI method, 
are jointly analyzed to estimate displacements using 
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traditional PSI algorithm. By combining both PSs and DSs, 
this method provides significantly increased coverage of 
measurement points, especially over rural areas, and hence 
facilitates deeper understanding of landslide movements. 
Also the increased density of measurement points will 
make the phase unwrapping easier and more robust.  

The above phase-based InSAR analysis methods are 
very useful for slow-moving landslide monitoring. 
However, they are no longer effective for monitoring fast 
moving landslides, which is primarily limited by the phase 
unwrapping problem. The fast moving activity of landslide 
will cause more severe decorrelation. In alternative, pixels 
with high amplitude information are considered instead of 
pixels with good phase stabilities. Hence, Point-like targets 
offset tracking (PTOT) method was proposed and adopted 
to retrieve the azimuth and LOS displacements with 
centimeters accuracy [17]. As only amplitude information 
is used in PTOT method, troublesome phase unwrapping is 
not required and less affected by atmospheric effects. The 
effectiveness of using PTOT method as an alternative of 
InSAR to detect deformations of fast-moving landslides 
has been evaluated in our recent studies. We successfully 
retrieved the historical evolution of the Shuping landslide 
located in the Three Gorges area, with TerraSAR-X data 
acquired in both Stripmap (SM) and High-resolution 
Spotlight (HS) modes [18][19].  

Up to now, we can only obtain landslide displacements 
along the LOS and azimuth directions with InSAR and 
PTOT methods. As the movement of active landslides is a 
complicated three-dimensional process, it is really 
important to recover the true displacements of landslides 
for the purposes of both monitoring and carrying out 
engineering geological study. We propose to explore 
approaches of combining multi-orbit/multi-aspect 
InSAR/PTOT observations to inverse three-dimensional 
displacement vectors. Accurate retrieval of three-
dimensional displacement field makes it possible to deeply 
understand the spatial/temporal distribution and evolution 
patterns of landslide movements, as well as the 
fundamental impact factors. In the case of monitoring 
Shuping landslide in Three Gorges area, we have achieved 
preliminary promising three-dimensional results by 
making use of different geometry of one descending 
TerraSAR-X SM datasets and one descending TerraSAR-
X HS datasets [17].  

In summary, for this project we propose to exploit both 
phase and amplitude information of PALSAR-1/2 datasets 
to monitor landslides in the mountainous and valley areas 
of western China. For slow-moving landslides, CS-InSAR 
method exploiting both PSs and DSs will be employed to 
measure LOS time series deformation on every identified 
ground points. In term of fast-moving landslides, PTOT 
method will be adopted as an alternative to measure two-
dimensional displacements. Then, three-dimensional 
displacement vectors can be extracted by combining multi-
source observations for joint analyses, which will be 
beneficial to professional geological and mechanical 
models which give further analyses to explore the 
underlying dominant factors and their potential impacts on 

landslide movements. Considering the characteristics of 
rough terrain and dense vegetation cover in these areas, we 
expect better results to be derived from L-band PALSAR-
1/2 datasets than from C-band and X-band datasets. Cross 
validation with C-band and X-band datasets will be carried 
out to evaluate the result reliability. In addition, 
comparison will also be conducted between results of 
PALSAR-1 and that of PALSAR-2 to illustrate the 
advantage and improvement by using PALSAR-2 for 
landslide monitoring in terrain relief and densely vegetated 
rural areas.  

2. PHASE-BASED LANDSLIDE DEFORMATION 
MONITORING 

2.1. The long-term deformation monitoring of the 
2017 Xinmo landslide in China 

Although it has been more than three years since the 
catastrophic Xinmo landslide event on 24th June 2017, the 
affected areas are still unstable and likely to fail again. The 
post-disaster deformation monitoring is essential to track 
the activity status of the slide area to prevent secondary 
disaster. We analyzed various geodetic observation 
datasets acquired by ALOS-2 and Sentinel-1 to evaluate 
the post-disaster stability of landslide-affected areas. The 
pre-failure deformation and long-term post-disaster 
deformation was retrieved from operational satellite SAR 
observations. The results reveal some parts of the 
subsidence at the foot deposits tended to become stable 
gradually, while the debris mass on the west side of the 
source area was steadily moving and we should stay alert 
to the risk of possible secondary failure in near future.  

 
Fig. 1. The Xinmo landslide. (a) The pre-failure optical satellite 
image, (b) the post-disaster UAV imagery, and (c) the in-situ 
panoramic photo. 

2.1.1. Pre-failure deformation 

Numerous studies have identified the source area and the 
approximate boundary of the Xinmo landslide, and 
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retrieved the pre-failure deformation, including the 
accelerating behavior, from various satellite SAR 
observations.  

 
Fig. 2. The pre-failure slope surface deformation estimated from 
two differential interferograms generated with ALOS-2 
descending data pairs of (a) path 38, frame 2980: 06th June 2015 
vs. 17th June 2017; (b) path 39, frame 2970: 28th April 2016 vs. 
02nd March 2017. 

The pre-failure deformation of the source area was 
presented in two differential interferograms of descending 
ALOS-2. The line-of-sight (LOS) deformation was more 
than 10 cm in the first image pair separated by more than 
two years, as shown in Fig. 2 (a), while another image pair 
in Fig. 2 (b) with a nearly one-year interval presented 
deformation smaller than 5 cm. Significantly, larger 
deformation was observed in the first interferogram, 
primarily because it covered the accelerated moving period, 
i.e. the preceding months before collapse. The different 
radar incidence angles might also contribute to the 
discrepancy more or less. The first pair has a larger 
incidence angle of 41o than another image pair of 31o. 

 
Fig. 3. The pre-failure deformation rate of the Xinmo landslide 
measured by (a) ascending and (b) descending Sentinel-1 data. 

The operational earth observation by the ESA 
Copernicus Sentinel-1 SAR satellite constellation with 
short revisiting cycle makes it possible to capture the pre-
failure deformation of the Xinmo landslide. In previous 
works, only the descending Sentinel-1 data was used to 
measure the pre-failure movements. In this study, we 
processed both ascending and descending Sentinel-1 data 
stacks with five looks in range and one look in azimuth. 

The source area circled by the dashed white curves in Fig. 
3 showed the pre-failure LOS displacements measured by 
both tracks. Although the ascending orbit caught only a 
small percentage of the movement, the deformation 
acceleration pattern just one month before the failure can 
be observed in the ascending result (Fig. 4(a)) as same as 
in the descending result (Fig. 4(b)). 

 
Fig. 4. The pre-failure deformation time series on point R1 at the 
source area for (a) ascending and (b) descending Sentinel-1. 

2.1.2. Long-term post-disaster deformation 
monitoring 
2.1.2.1. DInSAR results of ALOS-2 PALSAR-2 

Ten post-disaster ALOS-2 PALSAR-2 images covering 
the Xinmo landslide were acquired from three orbits, i.e. 
one ascending and two descending, in ultra-fine 
observation mode of 3 m spatial resolution. Three 
differential interferograms of about one-month intervals 
are presented in Fig. 5. Two deformation signals can be 
distinguished from the wrapped phase map, one in zone VI 
and the other in the deposit area. The east side of zone VI 
presented obvious deformation. Since the long wavelength 
ALOS-2 images with short time interval cannot measure 
tiny deformation, some slow movements may not be 
captured.  

 
Fig. 5. The post-disaster ALOS-2 differential interferograms over 
the Xinmo landslide. (a) Ascending orbit in path 146/frame 630; 
(b) descending orbit in path 39/frame 2970; (c) descending orbit 
in path 38/frame 2970. The top panel shows the enlarged view of 
zones IV, V, and VI. 

2.1.2.2. Time series InSAR measurements from 
Sentinel-1 observations 

The post-disaster ascending and descending Sentinel-
1 data stacks aquired from June 2017 to December 2019 
were processed using SBAS method. As same as pre-
failure processing, differential interferograms were 
multi-looked with five looks in range and one in azimuth. 
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The stratified delays were corrected using the iterative 
linear phase-elevation model. The coherent points over 
the landslide body in Fig. 6 are much denser than the pre-
failure results in Fig. 3 due to more exposed rocks and 
gravels. The zone VI is a deformed debris mass after the 
collapse. 

Accumulated deformation at five typical coherent 
points on the slope are plotted in Fig. 7. The results of 
ascending and descending orbits exhibit similar 
deformation pattern, except for the source area. The 
deforming area moved fast from July to December, then 
tended to become stable from January to June, as 
demonstrated by the deformation time series at point Q2 
in Fig. 7(b). This is becaused a lot of stacked gravels 
start to slide under the drive of rainwater during the 
rainy season. As shown in Fig. 7(c), point Q3 located in 
the flow path, experienced slight deformation during the 
latter half of 2017, then became stable. 

 
Fig. 6. The long-term post-disaster deformation rate derived from 
(a) ascending and (b) descending Sentinel-1 data.  

A large number of rocks and gravels loosely heaped up 
at the foot of the landslide, forming the deposit area. Such 
loose deposits were slowly compacted under the force of 
gravity. The process of compaction behaved as subsidence, 
which can be captured by Sentinel-1 observations. The 
Sentinel-1 measurements reveal that the subsidence mainly 
happened in the east side of the deposit area (Fig. 6). The 
deformation measured by the ascending and descending 
data show similar spatial pattern and magnitude, indicating 
the dominant vertical subsidence. As shown in Fig. 7(d) 
and Fig. 7(e), the area around point Q4 sunk fast after rainy 
season, while the area around point Q5 experienced large 
subsidence within half a year after the failure, and then 
tended to become stable. Point Q4 has no tendency to 
stabilize, which may be caused by the thickest deposit 
around it, closing to 40 m, as demonstrated by the thickness 
map of the Xinmo landslide deposit. 

 
Fig. 7. The post-disaster deformation time series of both 
ascending and descending Sentinel-1 orbits at five typical points 
with their locations indicated in  

2.2. Characterizing the evolution life cycle of the 
Sunkoshi landslide in Nepal with multi‑source 
SAR data 

A catastrophic landslide disaster happened on 2 August 
2014 on the right bank of Sunkoshi River in Nepal, 
resulting in enormous casualties and severe damages of the 
Araniko highway. We collected multi-source synthetic 
aperture radar (SAR) data to investigate the evolution life 
cycle of the Sunkoshi landslide. Distributed Scatterers 
SAR Interferometry (DS-InSAR) technology is applied to 
analyze 20 ALOS PALSAR images to retrieve pre-disaster 
time-series deformation. The results show that the upper 
part, especially the top of the landslide, has long been 
active before collapse, with the largest annual LOS 
deformation rate more than -30 mm/year. Time series 
deformations measured illustrate that rainfall might be a 
key driving factor. 11 ALOS-2 PALSAR-2 and 82 
Sentinel-1 SAR images are analyzed to derive post-disaster 
annual deformation rate and long time series displacements 
of the Sunkoshi landslide. The results illustrated that the 
upper part of the landslide were still in active deformation 
with the largest LOS displacement velocity exceeding -100 
mm/year. 

2.2.1. Study area 

The Sunkoshi landslide is located at the northern half of 
the Araniko highway. The road was built in 1960s with the 
assistance of China, with the total span of about 115 km 
from the Zhangmu Port on the border between China and 
Nepal to Kathmandu, the capital of Nepal (as shown in Fig. 
8). The Sunkoshi landslide happened on 2 August 2014 at 
the K83 mileage of Araniko highway, which caused severe 
casualties (at least 156 deaths) and destroyed the highway 
of about 700 m. As a result, the operation of the Araniko 
highway has been suspended for a long period, which 
brought great difficulties to goods transportation and 
economic communication along the line, and also 
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hampered the vigorous development of the golden tourism 
route between China and Nepal. The Sunkoshi River 
flowing through the slope toe was blocked by slipped rocks, 
forming a dam of about 56 m high and a large volume 
barrier lake. 

 
Fig. 8. Location of the Sunkoshi landslide along with the Araniko 
Highway. The subfigure in the upper-left corner shows the 
relative position of Sunkoshi landslide (red rectangle) in Nepal. 

2.2.2. Retrieval of pre-disaster time-series deformation 

The Sunkoshi landslide is located in the northern 
mountainous area of Nepal with steep topography, 
complex geologic background and dense vegetation. With 
a long wavelength, ALOS PALSAR data can maintain high 
coherence and achieve deep penetration into vegetation. 20 
scenes of ALOS PALSAR images are analyzed to inverse 
the LOS surface deformation. The SRTM DEM of 3 arc-
second resolution is used for the estimation and removal of 
flat-earth and topographic phase components. Both 
Distributed Scatterer SAR Interferometry (DS-InSAR) and 
Small Baseline Subset SAR Interferometry (SBAS-InSAR) 
techniques are applied to retrieve time-series 
displacements. The SBAS-InSAR functionality was fully 
implemented in the StaMPS software package, while the 
DS-InSAR processing chain was established in a mixed 
way by self-developing the preprocessing steps and 
adopting the spatial-temporal 3D phase unwrapping 
procedure embedded in StaMPS. 

Firstly, annual mean LOS deformation rates of Sunkoshi 
landslide during pre-disaster stage derived by SBAS-
InSAR and DS-InSAR separately are shown in Fig. 9 (a) 
and (b). The landslide surface before collapse was largely 
covered by vegetation, leading to very sparse measurement 
points (MPs) identified in the SBAS result. The spatial 
density of MPs detected by DS-InSAR is much higher than 
that of SBAS by about 13.5 times. With significantly 
increased number of MPs, more detailed information on the 
spatial pattern of the landslide surface deformation is 
clearly presented. We can observe in Fig. 9(b) that obvious 
instability appeared in the upper part of the landslide, with 
the largest deformation rate higher than -30 mm/year at the 
crown, while the lower part of the slope was relatively 
stable without evident sign of movement. The entire 
landslide mass can be divided into two zones with one 
resistant layer in between. The upper part of the landslide 
is steep with an average slope of 52.45 degree, while the 
lower part is relative gentle with a mean slope of 37.44 

degree. Such a terrain condition made the upper part prone 
to failure, and might be a contribution factor leading to the 
collapse of the landslide in August 2014. 

  

 
Fig. 9. Results of pre-disaster annual deformation rate of 
Sunkoshi landslide obtained by (a) SBAS-InSAR and (b) DS-
InSAR, separately. The Sunkoshi River and Araniko highway are 
rendered in their original locations before destruction. The 
subfigures on the lower-left corner show the histograms of 
standard deviation distribution of deformation rate. 

2.2.3. Post-disaster deformation mapping 

After the collapse event in August 2014, the road was 
dredged and the barrier lake was discharged. As the 
Araniko highway is the primary transportation channel 
linking China and Nepal, the unstable Sunkoshi landslide 
still poses long-term threats on human and vehicles passing 
by, hence post-disaster deformation monitoring is a crucial 
task to prevent possible catastrophic events in near future. 
In consideration of SAR data availability, we divided the 
post-disaster stage into two overlapping periods, i.e. period 
I from September 2014 to October 2017, and period II from 
January 2017 to October 2019. 

Eleven ALOS-2 PALSAR-2 images were collected to 
investigate deformations of the Sunkoshi landslide during 
period I. Eighteen interferograms generated from ALOS-2 
data pairs with good coherence were chosen to perform 
Stacking InSAR analysis. The post-disaster DEM derived 
from TSX/TDX bi-static data pair was utilized to remove 
the flat-earth and topographic phase components. In 
addition, the phase ramp, baseline errors, and residual 
terrain errors are estimated and removed from the 
unwrapped phase to enable multi-interferogram stacking. 

 
Fig. 10. Post-disaster annual mean LOS deformation rate of 
Sunkoshi landslide measured by (a) ALOS-2 data during period I 
and (b) Sentinel-1 data during period II. The repaired road and 
dredged river are also rendered. The subfigure in the lower-left 
corner shows the histogram of standard deviation distribution of 
deformation rate. 
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The annual mean deformation rate of Sunkoshi landslide 
during period I is illustrated in Fig. 10 (a). The upper part 
of the landslide was still deforming, and the largest 
deformation rate exceeded -140 mm/year. The result shows 
that a large volume of loose debris was accumulated on the 
resistant layer in the upper part of the landslide (region A), 
which was very unstable and prone to slide in case of heavy 
rainfall, and thus may cause secondary disaster. In addition, 
significant deformations appeared at another two unstable 
spots (circles B and C) in the lower part of the landslide 
where the debris was accumulated. 

The in-situ photos taken in October 2015 are given in 
Fig. 11. The steep rock wall induced by the collapse at the 
top and the resistant layer in the middle of the landslide can 
be clearly identified. In addition, the debris flow generated 
by the slide was accumulated in the upper and lower parts 
of the landslide. Specifically, Fig. 11 (a) shows the area in 
the most active deformation (area A), while areas B and C 
shown in Fig. 11 (b) are another two unstable spots with 
loose structure at the lower part. 

 
Fig. 11. Photos of deformed debris flow accumulation areas after 
collapse. (a) Main deformation area (area A) in the upper part of 
landslide. (b) Unstable spots (area B and C) in the lower part. 
Photos were taken by Dr. Lijun Su. 

The last acquisition of ALOS-2 PALSAR-2 data we 
obtained was on 28 October 2017. In order to make clear 
the current state of the Sunkoshi landslide, eighty-two 
Sentinel-1 SAR images were analyzed to measure the more 
recent deformations of the Sunkoshi landslide during 
period II. The result is shown in Fig. 10 (b). Due to the 
limited resolution of Sentinel-1 image and the problem of 
temporal decorrelation for C-band InSAR in vegetated area, 
sparse MPs are identified on the rock-exposed landslide 
body, while there is almost no MP in the surrounding 
vegetated areas. Similar to the results derived from ALOS-
2 data, clear deformation signal appeared in the area of 
debris accumulation in the upper part of the landslide with 
the largest deformation rate as high as -120 mm/year. In 
addition, although the diversion road around the Sunkoshi 
landslide has been put into operation and the traffic was 
flowing again on the Araniko highway, instability was 
found at the landslide toe around the reopened highway due 
to the destruction of accumulated debris by road dredging 
and heavy rainfall. 

Long time-series displacements at MPs within region A 
extracted from ALOS-2 PALSAR-2 and Sentinel-1 data 
stacks are plotted in Fig. 12, in which the date of Mw 7.8 
Gorkha Earthquake (25 April 2015) is marked by the 
vertical dashed red line. A study employed offset tracking 
with ALOS-2 data to measure the co-seismic landslide 
displacements along the Araniko highway caused by the 
devastating 2015 Gorkha earthquake, and their results 

revealed that the largest surface displacements were 2 m in 
azimuth and 1.2 m in range direction. Therefore, it is 
necessary to investigate the post-seismic landslide 
deformation to evaluate the impact of earthquake on the 
long-term landslide stability. 

An obvious acceleration after the earthquake can be 
observed in spite of the sparse measurements due to the 
limited number of ALOS-2 images. Afterwards, the 
deformation has become slowing down gradually to evolve 
into a linear pattern since early 2016, particularly 
demonstrated by the dense time series displacements 
measured by Sentinel-1 data. Nevertheless, the maximum 
cumulative deformation during the past five years has 
reached over -400 mm. Furthermore, there seems no 
significant dependence between landslide deformation and 
rainfall, which might be primarily due to lack of sufficient 
ALOS-2 observations during period I. 

 
Fig. 12. Long time-series deformation of region A. The dashed 
red line marks the date of Gorkha Earthquake happened on 
25April 2015. 

The mean deformation rates over pre- and post-disaster 
stages together with the elevations of SRTM and post-
disaster TanDEM are extracted along the profile I-I’ 
(marked in Fig. 10(a)) and plotted in Supplementary Fig. 
S4 online. Most debris detached from the source area was 
accumulated at the slope toe. The elevation change in the 
accumulation zone was identified as wide-spreading and 
slight to moderate increase. The post-disaster deformation 
detected in the accumulation area was relatively stable. In 
contrast, a large volume of debris was accumulated on the 
resistant layer in the upper part of the landslide. Since such 
debris was loosely structured without any stabilization, this 
elevated area could be in high risk of catastrophic sliding 
in cases of earthquake or heavy rainfall. 

2.3. Detection and monitoring of post‐earthquake 
landslides in Jiuzhaigou using InSAR technology 

On 8th August 2017, a catastrophic earthquake of Ms 7.0 
struck the County of Jiuzhaigou in Sichuan Province, 
China. Its epicenter was located in Jiuzhaigou Nature 
Reserve, which is a famous tourist region in China. 
Because of its high magnitude and shallow epicenter, the 
earthquake caused grave casualties and property losses. 
Furthermore, the earthquake triggered numerous secondary 
mountain disasters such as rockfall and landslide. Shortly 
after the Jiuzhaigou earthquake, some studies had assessed 

524



 

 

the number, distribution and other characteristics of the 
coseismic landslides based on pre- and post-event remote 
sensing data. However, slow-moving post-earthquake 
landslides don’t show visible change at short notice and are 
often neglected by the common change detection method. 
These slow-moving landslides will pose a long-term 
potential threat to people’s life and property. Therefore, a 
detailed monitoring of the slow-moving landslides is 
crucial to post-earthquake recovery and reconstruction. 

In this study, we adopt an optimized strategy that 
combines D-InSAR technique with SBAS InSAR to 
accurately detect and monitor the slow-moving post-
earthquake landslides in Jiuzhaigou area. We collect 6 
scenes of L-band ALOS-2 PALSAR-2 images, 112 scenes 
of C-band Sentinel-1 images. Firstly, we carry out a quick 
detection across wide area using differential InSAR 
(DInSAR) technique with 6 ALOS‐2 PALSAR‐2 
ascending images. To retrieve the temporal evolution of 
these landslides, a detailed monitoring of specific 
landslides is carried out using the short baseline subset 
InSAR (SBAS-InSAR). 

2.3.1 The distribution of the post-earthquake 
landslides detected by InSAR 

The results show that 16 post-earthquake slow-moving 
landslides can be detected in Jiuzhaigou area. The 16 post-
earthquake landslides have been assigned a number from 
L01 to L16. The distribution of these post-earthquake 
landslides is shown in Fig. 13. These post-earthquake 
landslides detected in this study are mainly distributed in 
the northeast of the epicenter, and most of them are 
distributed near the faults. The slide directions of these 
landslides mainly are East (including 9 landslides) and 
Southeast (include 5 landslides). Affected by the direction 
of seismic wave propagation, the eastern and southeastern 
slopes are particularly vulnerable to landslides. 

 
Fig. 13. Distribution map of landslides in Jiuzhaigou. Red 
pentagram is the epicenter location of the mainshock. Red curves 
are main active faults. White diamonds are post-earthquake 
landslides detected by InSAR. 

To verify the post-earthquake landslides detected by 
InSAR, a field investigation was conducted in Jiuzhaigou 
area from 7 to 9 November 2019. The field investigation 
shows that almost all the landslides detected by InSAR 

(except for the landslides with high elevation that field 
survey is not available) exhibit the basic characteristics of 
the landslide. Many cracks and minor scarps can be found 
among some major landslides.  

2.3.2 Analysis of representative landslides 

Taken the Panya (L12) landslide as a typical case, this 
landslide is located about 8.4 km northeast of the epicenter 
of the 2017 Jiuzhaigou earthquake. The Panya landslide is 
approximately 1.2 km long with an area of 0.41 km2. The 
surface elevation of the Panya landslide approximately 
ranges from 2400 m to 2700 m with the slope gradient 
variation between 15° and 20°. The slide direction is 
Northwest-Southeast in the upper and gradually turns to 
near North-South in the lower. Panya Village and Heye 
Village are located in the middle area and the base of the 
landslide, respectively. These two villages were directly 
threatened by the Panya landslide, especially for Panya 
Village located at the fast movement area. 

 
Fig. 14. DInSAR results of Panya landslide using ALOS-2 
PALSAR-2 ascending data pair (20180916 vs. 20181028). 

Fig. 14 shows the displacement of the Panya landslide 
retrieved from ALOS-2 data by DInSAR. We divide the 
Panya landslide into two parts A and B based on the 
magnitude of displacement. The upper part A has a 
maximum displacement of approximately 3 cm during the 
interval period. The landslide displacement significantly 
decreases from the upper (part A) to the lower (part B) area. 
There are two main reasons for this phenomenon: the 
driving force of motion gradually decreases, and the slide 
direction change from Northwest-Southeast to near North-
South whereas SAR LOS is not sensitive to the motion in 
North-South direction. 

Furtherly, we obtain the time-series displacement of the 
Panya landslide using Sentinel-1 data by SBAS-InSAR, as 
shown in Fig. 15. The results are consistent with the D-
InSAR results retrieved from ALOS-2 data. Fast 
movement is observed in the middle area. We select two 
representative points (Point 1 and 2) to show the 
displacement time series of the Panya landslide. The results 
show that the displacement tendency of the Panya landslide 
is nearly linear after the earthquake, but has a displacement 
deceleration event in summer 2018. During the field 
investigation,  
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We find that a highway across the landslide was rebuilt 
after the earthquake. We infer that it is the main reason why 
the Panya landslide has a displacement deceleration event 
in summer 2018. The dirt road was strengthened by 
reinforced concrete and turned into a highway. This 
strengthened highway makes the landslide tend to be more 
stable and decrease the velocity of movement. 

 

 
Fig. 15. SBAS-InSAR results of Panya landslide using Sentinel-
1 descending dataset. (a) annual mean LOS displacement velocity; 
(b) cumulative LOS displacements. 

3. AMPLITUDE-BASED LANDSLIDE 
DEFORMATION MONITORING: A CASE STUDY 

OF THE BAIGE LANDSLIDE 

3.1. The collapse events of the Baige landslide 
A catastrophic landslide occurred in the night of 10 

October 2018 on the west bank of Jinsha River in the 
southeast margin of the Tibetan Plateau (31°4′57″ N, 
98°42′7″ E) as shown in Figure 1 (Zhang et al., 2019). A 
geomorphic sketch of the landslide event and a geological 
cross-section are given in Figure 2. About 23 million m3 of 
rock mass and debris collapsed from the slope and blocked 
Jinsha River, forming a landslide dammed lake with about 
290 million m3 of water (Fan et al., 2019). The dammed 
lake started discharging naturally the next day without 
causing significant flooding and damage. By comparing 
the optical satellite images of the landslide before and after 
the collapse event as shown in Figure 1c and Figure 1d, we 
can observe clear tensile cracks and small collapses before 
the failure (Figure 1c). After the collapse event, the 
vegetation cover on the slope was almost completely 

removed by the rock avalanche, leaving a big landslide scar 
(Figure 1d). 

 
. (a) Overview of the Baige landslide. The background image was 
acquired by the Sentinel-2 Multi-Spectral Instrument (MSI) on 21 
May 2018. The red star marks the location of the Baige landslide. 
The white arrows in bold indicate the approximate imaging 
geometries of the three SAR data stacks. (b) Topography and 
geographic location of the study area. The red box outlines the 
coverage of Fig. 1a. (c) The GaoFen-2 (GF2) MSI image acquired 
on 28 February 2018 before the collapse events. (d) The 
SuperView-1 MSI image acquired on 17 October 2018 after the 
first collapse event.  

3.2. Using SAR POT to measure pre-collapse 
landslide surface displacements 

Given that the cumulative surface displacement of the 
Baige landslide was as much as 40 m in the past decade 
before the collapse event, phase based InSAR method 
cannot be used to measure such displacement with large 
gradient. The amplitude based time-series POT method is 
suitable for processing the three SAR data stacks. This 
method implements POT on image pairs formed with small 
spatial and temporal baselines, thus it can minimize 
undesired influences of the changes on slope surface found 
in single image pairs with long time interval to avoid cross-
correlation failure.  

The POT technique based on image cross-correlation is 
also applicable to optical images. Orthorectification as an 
essential preprocessing is performed at the beginning to 
eliminate geometric distortions induced by the perspective 
imaging geometry of optical images. The POT analysis of 
optical images can be implemented using the COSI-Corr 
software. The offset measurements provide 2D 
displacements in the image dimensions, i.e. the line-of-
sight direction (range) and the along-track direction 
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(azimuth) for SAR images, and north to south (N-S) and 
east to west (E-W) for optical images. Hence, 3D 
displacements can be estimated by combining SAR and 
optical pixel offset results in the geographic coordinate 
system using a least square framework. 

3.3. Results and analyses 
3.3.1. Spatial pattern of Baige landslide deformation 
revealed by 3D displacement velocities 

We combined the 2D displacement fields derived by 
POT analyses of PALSAR-2 and GF-2 image pairs 
separately to retrieve the 3D surface displacement velocity 
of the Baige landslide. As shown in Fig. 16, the time-series 
displacements of a typical spot in the middle part of the 
slope surface measured by a Sentinel-1 data stack from 8 
August 2017 to 24 May 2018 can be approximated as a 
linear trend. The goodness of fit R2 for linear fitting is 
around 0.987. Therefore, the differences in displacement 
velocity induced by the temporal misalignment between 
the GF-2 (acquired on 5 August 2017 and 28 February 
2018) and PALSAR-2 (acquired on 24 July 2017 and 28 
May 2018) observations can be ignored to enable cross-
sensor combination. The 2D displacement velocity maps 
obtained from GF-2 images and ALOS-2 PALSAR-2 data 
separately are plotted in Fig. 17. 

 
Fig. 16. Linear fitting of Sentinel-1 measured range 
displacements between 8 August 2017 and 24 May 2018. The 
horizontal axis denotes the number of days with respect to 8 
August 2017. 

The 3D displacement velocity field rendered in Fig. 18a 
shows the spatial pattern of real surface movements of the 
slope. The white arrows illustrate the magnitude and 
direction of horizontal displacements, while the dot colors 
represent vertical displacements. The negative value of the 
vertical displacement corresponds to the downward 
movement. The mean standard deviations (STD) of the 
estimated 3D displacement rates are 0.44 cm/day, 0.59 
cm/day and 0.92 cm/day in the north-south, east-west and 
vertical directions, respectively. By combining the 3D 
displacement velocity field and the high-resolution GF-2 
optical image, we partitioned the collapsed slope into 
several blocks of different deformation characteristics, as 
delimited by the dashed yellow lines in Fig. 18b. The white 
arrows in Fig. 18b indicate the approximate displacement 
direction of local slope surfaces. 

  

  
Fig. 17. 2D displacement velocities retrieved with GaoFen-2 (GF-
2) images (5 August 2017 and 28 February 2018) and ALOS-2 
PALSAR-2 data (24 July 2017 and 28 May 2018). 

Above these blocks, A, B, and C marked by dashed red 
lines did not collapse in the first event, but have shown 
significant deformation. Block II is the main sliding region 
with the largest displacements in both vertical and 
horizontal directions. The vertical displacement rate was 
more than 15 cm/day and increased from north to south in 
Block II. I1-I4 and III are two regions located at the toe and 
head of the landslide, respectively. The points closer to 
block II in these two regions underwent larger 
displacements. Block IV is a long narrow strip located at 
the southern boundary of the landslide. This block is 
characterized by a small vertical displacement but a large 
horizontal displacement. The horizontal displacements of 
the landslide body rotated counterclockwise from the top 
to the bottom of the slope. The stable rock on the south side 
of landslide stopped the unstable block II from further 
moving southward.  

The collapsed volume in the first event destroyed the 
stable block V below the leading edge of the landslide and 
formed a huge landslide scar on the slope. The depth of the 
collapsed volume on the slope is roughly correlated with 
the vertical deformation. Vertical displacement rates (red 
dots in c) along the black line P-P’ in Fig. 18b are plotted 
with the geological profile of the Baige landslide. The 
slope surface before the collapse is depicted by a historic 
DEM of 5 m resolution (scale 1:10,000) produced by the 
Sichuan Bureau of Surveying and Mapping. After both 
collapse events on 10 October and 3 November, a Pegasus 
F-1000 fixed-wing unmanned aerial vehicle (UAV) was 
deployed to acquire high-resolution (10-15 cm) images of 
the slope. Digital surface models (DSM) generated by 
UAV photogrammetry are used together with the pre-
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sliding DEM to determine the slope surface changes after 
each collapse event. The area with a high vertical 
deformation rate of ~20 cm/day corresponds to the region 
with the largest collapse depth. 

  

 
Fig. 18. (a) 3D displacement rate of the Baige landslide between 
August 2017 and February 2018. The colors of points represent 
vertical displacements (negative value corresponds to downward 
movement) and white arrows indicate 2D vectors of horizontal 
displacements. The solid red line outlines the boundary of the first 
collapse. The dashed red lines mark unstable blocks (A, B and C) 
that remained on the slope after the first collapse. The solid 
yellow line on the lower part of the slope shows the location of 
the toe of surface of rupture in the first collapse. (b) Sketch of 
unstable blocks (marked with Roman numbers) within the sliding 
slope during the first collapse event. (c) Geological profile along 
the black line P-P’ in Figure 7b (adapted from Xu et al., 2018) 
with the red dots representing vertical displacements. 

3.3.2. Temporal evolution of Baige landslide 
measured by time-series SAR POT analyses 

The 3D displacement field clearly disclosed the fine-
scale spatial pattern of the surface deformation on the 
Baige landslide, but it does not provide information on the 
temporal evolution of deformation that is critical for 
landslide risk evaluation and disaster early warning. The 
time-series range displacements prior to the first failure 
event were extracted from three SAR data stacks. A typical 
sample area at the central part of the slope was selected 
(marked by a white ellipse in Fig. 18b), and the mean 
displacements within this area are plotted with error bars 
indicating STDs or uncertainties of measurements in 
Figure 8. For better visualization, we simply set the last 
observation in the PALSAR stack and the first observations 
in the PALSAR-2 and Sentinel-1 stacks as the reference 

baselines individually to measure the cumulative 
displacements. 

 
Fig. 19. Time-series range displacements at the center of Baige 
landslide marked with a white circle in Fig. 18b. The colors 
represent results from three different data stacks. v and R2 stand 
for the mean velocity and the coefficient of determination for 
linear regression, respectively. 

From 2007 to 2011, the velocity of range displacement 
observed by PALSAR data was approximately -0.77 
cm/day with a perfectly linear relationship (R2 > 0.99). The 
velocities during the period from October 2014 to March 
2017 measured by PALSAR-2 and Sentinel-1 data 
increased to approximately -1.97 and -1.88 cm/day 
respectively, with the coefficient of determination of linear 
regression higher than 0.99 for both datasets. The negative 
displacement rate indicates the slope surface was moving 
away from the SAR sensors along the range direction, i.e. 
downslope. The significant increase of displacement 
velocity suggests that the movement of the Baige landslide 
must have experienced acceleration during the period from 
2011 to 2014, but no SAR data acquisition during that 
period is available to exactly identify the onset of 
acceleration. 

The onset of another acceleration appeared after around 
6 March 2017. An accelerating curve of displacement can 
be observed from Sentinel-1 results, especially when 
approaching to the time of the first collapse. However, the 
accelerating trend is less evident for the PALSAR-2 results 
as the time intervals between two successive PALSAR-2 
observations are much larger and irregular. We can only 
observe from the PALSAR-2 results that the displacement 
velocity increased notably after December 2016. 

Comparison between the results of PALSAR-2 and 
Sentinel-1 data in terms of measured range displacements 
suggests a good agreement during the period from October 
2014 to July 2018. The cumulative displacement measured 
by PALSAR-2 at each observation time shows a smaller 
STD than that of Sentinel-1 as its higher spatial resolution 
leads to a better measurement precision. The time-series 
results from both datasets reveal a linear displacement 
trend during the secondary creep stage from October 2014 
to March 2017, followed by an accelerating creep signal 
prior to the first collapse event. 

According to the three-stage creep theory, the linear 
trend and accelerating trend in time-series displacements 
are typical characteristics of the secondary and tertiary 
creep movements, respectively. The periods that exhibit a 
linear displacement trend albeit with different velocities 
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were categorized as the secondary creep phase of the 
landslide, and the period with an accelerating trend after 
March 2017 was identified as the tertiary creep phase. The 
dense time-series displacements derived from Sentinel-1 
observations during the tertiary stage provides an 
opportunity to evaluate whether SAR measurements can be 
used to generate a warning prior to slope failure. 

 

4. MEASUREMENT OF THE THREE-
DIMENSIONAL DEFORMATION OF THE JIAJU 

LANDSLIDE USING A SURFACE-PARALLEL 
FLOW MODEL 

SAR Interferometry (InSAR) is a powerful technique for 
mapping land surface deformation, but single one-
dimensional (1-D) InSAR Line-of-Sight (LOS) 
measurement limits its application in three-dimensional (3-
D) displacement retrieval. Traditional methods were 
developed for measuring large-scale deformation, and thus 
are not applicable to slow deformation mapping. In this 
paper, to retrieve the slow 3-D deformation process in the 
Jiaju landslide, a surface-parallel flow model is applied, 
according to the existing geological data gained from this 
landslide. Nine ENVISAT images and 19 ALOS images 
were collected to reconstruct the 3-D deformation field. An 
iterative method for correcting the characteristic value 
(IMCCV) with maximum likelihood estimation adaptively 
generates an accurate stochastic model. The 3-D 
deformation measurements show that the northern part of 
the Jiaju landslide clearly had horizontal deformation with 
the largest deformation velocity exceeding 15 cm year-1, 
while the southern part was relatively stable. Similarly, 
large vertical deformation appeared in the northern part (-
2 cm year-1) and little deformation in the southern part (-
0.5 cm year-1). Compared with GPS results, the standard 
deviation is 1.4 cm year-1 and 0.7 cm year-1 in horizontal 
and vertical directions. Therefore, the Jiaju landslide 
exhibited movement in the horizontal direction 
accompanied by slight settlement in the vertical direction. 

4.1. Study area 
The Danba County is located in the eastern margin of 

the Qinghai Tibet plateau, which belongs to typical 
landforms of highland and ravine, with steep topography 
and complex structure. The Jiaju landslide, located on the 
right bank of the Dajinchuan River in the upper reaches of 
the Dadu River, is one of active large tractive landslides. 
Ten corner reflectors and 22 GPS stations established since 
2007 are displayed on the topographic map of Jiaju 
landslide (Figure 3). The engineering geology of Jiaju 
landslideshows that the ground surface is approximately 
parallel to the sliding plane, and the landslide is composed 
of detritus earth and boulder with silt clay, and the front 
immerged into the Dajinchuan River and easily eroded by 
the river. Gravity propels the Jiaju landslide along sliding 
plane related to the geological structure and mechanism. 

 
Fig. 20. Geological Map of Jiaju Landslide. GPS stations and 
Corner Reflectors are displayed as circles and triangles. 

4.2. 3D deformation of Jiaju landslide 
Annual deformation velocities of the Jiaju landslide 

derived from two datasets are shown in Fig. 21. The two 
results agree with each other even though there are slight 
inconsistencies due to different wavelengths (0.056 m for 
ASAR and 0.236 m for PALSAR), incidence angles (38° 
for ASAR and 34° for PALSAR) and heading angles (-
13.1° for ASAR and -12.8° for PALSAR). GPS 
measurements were projected onto the LOS direction and 
rendered as colourful triangles in Fig. 21. The GPS and 
InSAR results were consistent.  

 
Fig. 21. Deformation velocity from Envisat dataset and ALOS 
dataset. Colourful points show the deformation velocity in LOS 
direction, and colourful triangles represent GPS results projected 
on LOS direction. (a) for ASAR. (b) for PALSAR. Location of 
PS is resampled to the same coordinate system. 

Horizontal and vertical displacement fields are shown 
inFig. 22. Grey arrows show the horizontal deformation 
velocity field, which appears to have moved along the 
slope direction. The northern part of the landslide shows 
horizontal movement with the largest velocity exceeding -
15 cm year-1, while the southern part exhibits smaller 
horizontal displacements. Colourful points show the 
vertical deformation velocity. The northern deformation 
velocity reaches -2 cm year-1, while the southern part 
shows a smaller velocity of -0.5 cm year-1. GPS 
measurements are also shown as triangles in Fig. 22, with 
pink arrows displaying the direction and magnitude of the 
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horizontal deformation on the GPS stations, and the colour 
represents vertical deformation. 

 
Fig. 22. Deformation velocity in horizontal and vertical directions. 
Arrows show the horizontal deformation velocity field, and 
colourful points show the deformation velocity in vertical 
direction. 

We extract horizontal and vertical deformation velocity 
of measurement points around 22 GPS stations for 
validation as shown in Fig. 23. The red and green lines 
show the horizontal displacements by GPS and InSAR 
respectively, while vertical displacements measured by 
GPS and InSAR are shown as blue and orange lines. The 
standard deviations are 1.4 cm year-1 and 0.7 cm year-1 in 
the horizontal and vertical directions in contrast to GPS 
results. Generally, the InSAR and GPS measurements 
agree in both trend and value. The range of active 
deformation detected by our method is larger than the 
landslide boundary identified by a previous geological 
survey (shown as the black curve in Fig. 22). 

 
Fig. 23. Deformation velocity comparison between InSAR and 
GPS in horizontal and vertical directions on 22 GPS stations. 

6. CONCLUSIONS 

In this project, we employed the phase and amplitude 
information of PALSAR-1/2 data to investigate landslides. 
For slow-moving landslides, time-series InSAR analysis 
methods will be employed to make full use of 
interferometric phase observations at both pointwise 
persistent scatterers (PS) and coherent distributed 
scatterers (DS) to retrieve information of line-of-sight 

(LOS) deformation. By contrast, the point-like targets 
offset tracking (PTOT) method will be adopted as an 
alternative to measure the fast-moving landslides. 
Furthermore, we inversed three-dimensional displacement 
vectors combining multi-orbit/multi-aspect/multi-angular 
InSAR/PTOT observations.  

The time series InSAR method was used to conduct 
long-term deformation monitoring of the 2017 Xinmo 
landslide in China and the Sunkoshi landslide in Nepal, as 
well as the detection and monitoring of post‐earthquake 
landslides in Jiuzhaigou. 

The time series PTOT method was applied to measure 
the pre-collapse surface displacements of the Baige 
landslide. Meanwhile, 3D displacement velocities were 
inversed from multiple deformation observations to 
analyze the spatial pattern. In addition, a surface-parallel 
flow model is applied to retrieve the slow 3-D deformation 
process in the Jiaju landslide according to the existing 
geological data. 

Compared to the C-band Senitnel-1, L-band PALSAR-
1/2 data of longer wavelength usually shows better 
capability of keeping moderate to good coherence even for 
long temporal baselines (e.g. one or two years), as shown 
by the results of PALSAR-2 interferometry in this study. 
Furthermore, the archived PALSAR-1 provided valuable 
opportunities to retrieve the historical deformation of the 
landslides. The in-orbit PALSAR-2 with higher resolution 
showed better performance than PALSAR-1, which is 
beneficial to landslide monitoring. 
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0. ABSTRACT

This research report presents our DInSAR experiment 
results by using ALOS-2 ScanSAR images and also 
velocities of GPS stations in the east margin of Tibet 
Plateau. Especially, we have calculated the crustal 
deformation in Lijiang by using ALOS-2 SAR images, and 
compared them with that by GPS observation in the same 
area, they agree with each other in millimeter level. GPS 
has a high accuracy and temporal resolution, and InSAR 
has a high spatial resolution, we believe that combination 
of GNSS and InSAR technology can obtain high spatial 
resolution and high accuracy crustal deformation results.  

1. INTRUDUCTION

Since the advent of the theory of plate tectonics, many 
domestic and foreign geophysical and geologists have 
believed that the Tibet Plateau is a typical area of land-
continent plate collisions, and is a golden key to exploring 
the treasure house of earth science [1]. The uplift of the 
Tibet Plateau is the most significant geological event in the 
world since the Neogene. Its uplift process has a profound 
impact on the regional geological environment, making it 
one of the most vulnerable areas of the global geological 
environment [2]. 
The Indian continent squeezed into the northeast of Eurasia, 
which resulted in the vertical thickening of the crust of the 
Tibet Plateau, the strong deformation of the lithosphere, 
and the flow and migration of deep materials. During the 
eastward extrusion process of the Tibet Plateau, significant 
topography, geomorphology, and geological structure 
differentiation zones have formed. Along with the uplift 
and expansion, the Tibet Plateau has strong tectonic 
activities. Due to the interaction with the surrounding 
blocks, several giant thrust and strike-slip fault zones are 
formed in the interior and marginal areas of the Tibet 
Plateau, which is the region with the highest frequency and 
intensity of earthquakes in mainland China (Figure 1) [3]. 
Besides, the strong uplift of the Tibet Plateau provides 
favorable terrain and landform, geological structure, and 

climatic environment conditions for the occurrence of 
geological disasters. Therefore, the Tibet Plateau is an ideal 
field laboratory for research on continental subduction and 
collision orogeny, tectonic evolution, and seismogenic 
environment. What's more, the strong tectonic deformation 
results in the high incidence of geological disasters in the 
study area, which has brought a great threat to people's 
lives and the development of civilization [4]. 

Fig. 1 The distribution of earthquake in China (From 
1963 To 2020, with M>6, the bold arrow indicate 

crustal motion) 

Therefore, crustal deformation monitoring at the eastern 
margin of the Tibet plateau is very important for 
understanding its geodynamics and earthquake risks. Tens 
of continuous GPS (Global Positioning System) stations 
and hundreds of campaign GPS stations have been set up 
in this area for monitoring the crustal deformation since 
2010 and the results show that the movement of several 
centimeters per year with respect to fixed Eurasia plate has 
been detected. However, the GPS station is too sparse to 
detect uneven crustal deformation in this area for further 
researches. PALSAR-2 ScanSAR images can obtain 
hundreds of kilometers times hundreds of kilometers SAR 
images with high spatial resolutions. It is an ideal method 
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for detecting uneven crustal deformation in larger areas. 
This research focuses on InSAR (Interferometric Synthetic 
Aperture Radar) time series analysis by using PALSAR-2 
ScanSAR images for obtaining high precision LOS 
displacements at two chosen places on the eastern margin 
of the Tibet plateau. Combining with deformation results 
obtained by the continuous and campaign GPS 
observations, an integrated method with InSAR of scan 
mode SAR images and GPS results will be developed, and 
also the mechanism of Tibet plateau movements is studied 
and the potential earthquake risks will be analyzed 
accordingly. 
 

2. METHOD 
 
2.1 InSAR 
Since the 1990s, InSAR has become a new method for 
earth observation because of its ability to obtain high-
precision three-dimensional terrain information and 
surface micro-deformation information [5]. 
The ScanSAR interferometry method is studied in this 
research. The crustal deformation is monitored by time 
series analysis of D-InSAR interferograms, such as PS 
(Permanent scatter) InSAR, IPTA, SBAS (Small Baseline 
Subset) InSAR, and so on. Normally average motion rate 
and the atmosphere delay in LOS can be obtained after 
taking PS-InSAR and SBAS-InSAR.  
2.1.1 PS InSAR 
The rationale for PS-InSAR technology is clear. Firstly, N 
SAR images within a certain period in the same area were 
acquired to form the time series of SAR images, and one 
image was selected as the master image. Then the 
remaining images were registered and interfered with the 
master image to obtain N-1 interference pairs. Then, targets 
with good interference (PS points) in the image coverage 
range were detected according to statistical characteristics 
analysis. Finally, the phase of the PS target in the time 
series is analyzed, and the deformation phase information 
is obtained. 
PS InSAR method consists of the following procedure: 
master image selection, interferograms forming, phase 
unwrapping, estimation of the height and linear 
deformation rate, separation of the atmosphere, and 
nonlinear phase. First, the selection of the master depends 
on the time interval, the length of the baseline, and the 
difference of Doppler centroid between different images. 
So the master image is chosen by maximizing the overall 
coherence of the interferometric stacks with the 
consideration of all factors. Then, amplitude and phase 
analysis to estimate the temporal coherence for each pixel 
in the series of interferograms, so we can find the PS points 
with reliable phase. A stable reference point is selected 
with the help of the GPS result to minimize the model error. 
We carry out the regressing analysis to get the initial 
deformation rate, elevation correction, and the unwrapping 
phase in the time domain. In order to improve the reliability 
of the unwrapping, the MCF method is applied to get the 
unwrapping phase in the spatial domain.  
2.1.2 SBAS InSAR  
The small baseline subset technique is to analyze the time 
sequence of the deformation value of the D-InSAR 
differential result based on the principle of least squares. 
This technology selects interferograms whose spatial and 
temporal baselines are within a certain threshold from the 
SAR image pair and then generates differential 

interferograms through multiple views to weaken the 
decoherence caused by excessively long temporal and 
spatial baselines. The basic algorithm of the small baseline 
subset is to divide the SAR image data into several small 
subsets, and then subset the threshold of the time baseline 
and the space baseline according to the interference 
conditions, etc., and perform the LS (least-squares) on each 
small subset to solve the time deformation sequence in the 
small subset. Then, the SVD (singular value 
decomposition) between the small subsets can be 
combined to perform the complete settling sequence of the 
entire surface during the initial period of the image. Using 
the singular value decomposition method, the separated 
small baseline subsets can be combined to solve the 
problem, and the atmospheric delay phase can be separated 
and removed by the time and space information obtained. 
The small baseline subset analyzes all available 
interferograms between SAR images, which greatly 
increases the spatial density and time sampling rate of 
deformed differential interferograms. The main procedures 
of SBAS method are shown in the Fig 2. 

 
Fig. 2 The flowchart of the SBAS method 

2.2 GPS 
With the rapid progress of GPS technology, as well as the 
continuous improvement of GPS accuracy and space-time 
resolution, GPS has gradually become an essential 
observation means in geoscience research, especially in 
crustal deformation research. Deformation research based 
on GPS data is ongoing, which provides a data reference 
basis for the different scales of subsequent deformation 
research [6]. 
The GPS network is processed with Bernese 5.2 software, 
and the daily solution of GPS station positions is computed 
via the minimal constraint approach. Besides, Finite 
Element Solutions 2004 (FES2004) ocean tidal loading 
corrections [7], atmosphere S1–S2 tidal loading 
corrections [8], and absolute phase-center corrections for 
satellites and receivers, as issued by International GPS 
Service (IGS) [9], were applied to the formulation of the 
observation equations. Furthermore, the controlled datum 
removal filtering method was employed to remove noise. 
The GPS station coordinate time series fitting function 
model adopts the extended model proposed by Bevis and 
Brown [10]. GPS station coordinates time series fitting 
adopts the least-squares method, noise analysis adopts 
Maximum Likelihood Estimation (MLE) method, and at 
the same time, the fitting model parameters and noise 
model parameters of GPS station coordinate time series are 
estimated. Furthermore, using the Gaussian inverse 
distance weighting method, the original GPS station 
coordinate time series are respectively interpolated with an 
annual period, semi-annual period, earthquake co-seismic 
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and post-seismic signal interpolation, and the interpolation 
model value is directly deducted from the rover coordinate 
time series. Besides, the noise of the station can also be 
obtained and deducted by the method of continuous station 
noise interpolation or averaging. Eventually, the corrected 
GPS station coordinate time series is obtained. 
Using the Bernese 5.2 software networking solutions for 
calculating all the observational data, obtained the GPS 
station coordinate time series. The velocity field of the GPS 
station is obtained by analyzing the coordinate time series 
of the station. 
 

3. RESULTS 
 
3.1 The results of PS InSAR 
The data for this study were derived from 23 images of 
ALOS2 data of PATH 49 Frame 3100 from February 2018 
to January 2021. The study area was located in Lijiang City, 
China, covering a study area of about 1260 square 
kilometers. According to the master image selection 
criteria, we selected image with the date of 20190723 as 
the main image, and then registered the remaining images, 
and generated MLI through multi-look (Figure 3a). During 
the process, the looks of range and azimuth are set to 8 and 
32. Then, the time coherence of each pixel in the 
interferogram is estimated by amplitude and phase analysis 
to find the PS points with reliable phases (Figure 3b).  

 
Fig. 3 Multi-looked SAR images (a) MLI    (b) Point selected 

All the registered images will be interfered with the master 
image and generate interferograms from the SLC point data 
stack. GPS positioning results are used to select a stable 
reference point to minimize model error. Finally, we 
perform a regression analysis in the time domain to obtain 
the initial deformation rate, elevation correction, and 
iteration for more PS and accurate results (Figure 4). 

 
Fig. 4 Deformation rate of PS points 

3.2 The results of SBAS InSAR 
There are five swaths in each SCANSAR image with a 
different incident angle. Each swath can be treated just like 
normal strip-mode data, and we choose the second swath 
for SBAS InSAR time series analysis experiments. SBAS 
is used to estimate the velocity along the LOS direction. 
First, interferograms are generated based on short spatial 
baseline criteria with a maximum spatial baseline of 500 
meter to decrease the spatial decorrelation. Fig. 2 shows the 
distribution of the spatial and temporal baselines and the 
combination of the interferograms. During the process, the 
looks of range and azimuth are set to 8 and 32. Then we got 
232 interferograms in the first step. The result of SBAS 
depends on the correctness of the phase unwrapping, so it's 
necessary to remove other irrelevant phase components. 
More importantly, phase unwrapping for interferograms 
with high coherence will succeed. Second, the Goldstein 
filter method is applied to all interferograms to improve 
their coherence. If the coherence is still low after filtering, 
phase unwrapping will fail. Here we only keep 
interferograms with high coherence for the next step of data 
processing. Fig. 5 shows five interferograms for example. 

 
Fig. 5 Five Interferograms for example 

Some published researches indicate that, L-band 
interferograms of ALOS-2 SCANSAR data are severely 
affected by the ionosphere delay [11-13]. In our 
experiments, we find that there is a strong ramp in the 
deformation map without ionospheric delay corrections, 
see Fig.6. As the ionospheric phase shows a high spatial 
correlation in most interferograms, we use a polynomial 
model to estimate its low-frequency part. Fig. 6 shows an 
example of ionospheric correction. Comparing original 
interferogram and corrected unwrapped interferograms, we 
can find ionospheric delay is a large part in the 
interferograms, the polynomial model can correct larger 
part of ionospheric delay. Because of some problems 
encountered in the data processing, the deformation map 
by SBAS is not available at this moment, the processing is 
still on going. 
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Fig. 6 The original interferogram (left) and corrected 

unwrapped interferograms (right) 

3.3 The results of GPS 
By using Bernese software, we processed continuous and 
campaign GPS observations from 1999 to 2007 in China 
and its nearby, obtained the horizontal velocities of those 
GPS stations with respecting to fixed South China block 
fixed as in Fig.7. Our research area is at the east margin of 
Tibet Plateau, in the bottom right of Fig.7, which shows a 
clockwise rotation around the East Himalaya Syntaxis with 
a magnitude of about 10mm/a. 

 
Fig. 7 Horizontal velocities of GPS stations in Tibet 

Plateau and its surroundings with respecting to South 
China block fixed 

We used the interpolation method of two-dimensional 
vector velocity field data based on Green’s function to 
conduct coupled interpolation with a Poisson’s ratio of 0.5 
for 1966 horizontal velocity field data in mainland of China 
from 1999 to 2017 and obtained the uniform velocity field 
with a grid of 1°. The interpolation results of the velocity 
field in continental China are shown in Figure 8. 

 
Fig. 8 Interpolating horizontal velocity field in 

continental China (the red lines represent original 
velocity field data, and the blue lines represent 

interpolating velocity field data). 

3.4 Comparison of result by using InSAR and GPS in 
LIJIANG 
Lijiang City is located in the southeast of the Qinghai-Tibet 
Plateau. We use InSAR and GPS methods to obtain the 
deformation rate of Lijiang City, and compare the 
difference between the deformation rate of InSAR and GPS 
in LOS. Fig. 9 shows examples of interferograms. Fig. 10 
shows the deformation rate of InSAR and GPS. 

 
Fig. 9 Examples of interferograms in Lijiang 

 

 
Fig. 10 The deformation rate of InSAR(left) and GPS 

(right) 

In this study, the direct verification method was used for 
acurracy analysis. First, we directly compared the 
deformation rate of InSAR and GPS at each GPS station 
(Table1). 
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Table 1. Compared the deformation rate of InSAR 
and GPS at each GPS station 

 
Based on the difference in Table1, we calculated ME 
(Mean Error), MAE (Mean Absolute Error), and RMSE 
(Root Mean Square Error) of the deformation rate between 
InSAR and GPS in LOS (Table2). All of them are in mm 
level.  
The MAE is calculated by: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
��𝑉𝑉𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖 − 𝑉𝑉𝐿𝐿𝐿𝐿𝐺𝐺𝑖𝑖 �
𝑛𝑛

𝑖𝑖=1

 

Table 2. Accuracy of InSAR LOS motion by GPS 
validation 

ME(mm/yr) MAE(mm/yr) RMSE(mm/yr) 

-1.22 1.22 0.526 

 
4. CONCLUSION 

 
Comparing the deformation results of InSAR and GPS, we 
find that complemental relation between the two. GPS has 
a high temporal resolution, and InSAR has a high spatial 
resolution. At this moment, we have obtained the crustal 
deformation in Lijiang by using ALOS-2 SAR images, and 
compared with that by GPS observation in the same area. 
However, the deformation map obtained by our InSAR 
experiments is not so reliable as the usable number of SAR 
image is limited and the standard deviation of the estimated 
velocity is high. Temporal decorrelation caused by 
vegetation in the selected area also decreases the precision 
and the number of usable observations. We believe that the 
precision of the final deformation results will be improved 
if more SAR data are available. On the other hand, the 
observed velocities of GPS stations can be converted to the 
LOS direction, and used in time series analysis of InSAR 
in further research work. We hope to obtain a high spatial 
resolution crustal deformation results through combination 
of GNSS and InSAR technology. 
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1. RESEARCH SUMMARY

Our results from this ALOS-2 RA6 project led to two 
publications [1-2], one in preparation [3] and multiple 
presentations at AGU, SCEC and ALOS-2 joint PI 
symposium [4-9]. These results are summarized as follow: 
1) To assess different error sources and capability of L-

band ALOS-2 Wide-Swath SAR data (ScanSAR) in
accurately mapping crustal deformation, we
performed the first InSAR time series analysis using
ALOS-2 ScanSAR data from RA-4 & 6. We present
different time series analysis results including azimuth
frequency modulation rate error, line of sight (LOS)
ionospheric phase, azimuth shift caused by the
ionosphere, and LOS displacement processed using
both full-aperture and burst-by-burst workflows. After
a range-split spectrum based correction, the final
InSAR LOS displacement time series result reveals
both large-scale tectonic and small-scale
anthropogenic deformation components, comparable
to in-situ GPS without reliance on using GPS as
ground control points. The results were published in
[1].

2) The 4 July 2019 Mw 6.4 and 5 July (local; 6 July UTC)
Mw 7.1 Ridgecrest earthquakes ruptured faults and
deformed the crust in eastern California shear zone in
central California. We analyzed Synthetic Aperture
Radar (SAR) data from Sentinel-1 and ALOS-2.  and
integrated geodetic measurements (LOS interferogram,
along-track interferograms and pixel-tracking offsets)
to derive the 3-D coseismic surface displacement field
of the two events. The results were published in [2]
and presented in [3,8].

3) The ALOS-2 ScanSAR data prove to be useful in
capturing a diverse range of deformation processes in
central San Andreas fault area including interseismic
fault creep, groundwater subsidence, oil/gas pumping,
coseismic and postseismic deformation processes. Our
analysis of ALOS-2 ScanSAR data from descending
track 167 and 168 show clear fault creep variation
along the strike, and time-varying groundwater
subsidence in adjacent Central Valley. Even with the
limited temporal sampling due to reduced observation
duty ratio in extended operation period, the L-band
ALOS PALSAR-2 sensor captured the cumulative

postseismic deformation following the 2019/07/04 
Ridgecrest earthquake sequence. The results were 
presented in [3-8]. A paper is in preparation for special 
issue "ALOS-2/PALSAR-2 Calibration, Validation, 
Science and Applications" in MDPI Remote Sensing. 
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1. INTRODUCTION

Landslides display a wide variety of behaviors ranging 
from slow persistent motion to rapid acceleration and 
catastrophic failure. Given the variety of possible 
behaviors, improvements to our understanding of 
landslide mechanics are critical for accurate predictions 
of landslide dynamics. To better constrain the 
mechanisms that control landslide motion, we used 
ALOS-2 synthetic aperture radar interferometry (InSAR), 
as well as InSAR from the Copernicus Sentinel-1 A/B 
satellites and the NASA/JPL Uninhabited Aerial Vehicle 
Synthetic Aperture Radar (UAVSAR) to quantify the 
time-dependent kinematics of hundreds of landslides in 
the US States of California and Colorado and 
Washington. The geodetic imaging results obtained from 
satellite and airborne InSAR complement in situ point 
measurements from several long-term landslide 
monitoring stations, including the well-monitored 
Slumgullion landslide in Colorado. Results from this 
study have led to advances in our knowledge of the 
spatio-temporal patterns of landslide motion in response 
to changes in environmental parameters such as rainfall 
and snowmelt. They have also provided an opportunity 
to examine the effects of multi-year climate variations 
such as drought and extreme wet years on the activity of 
landslides. 

2. SIGNIFICANCE IN THE RESEARCH FIELD

Understanding landslide mechanisms improves our 
ability to predict when and where landslides will occur 
and how they will behave. Results from the detailed 
geodetic imaging of landslide deformation have 
improved our understanding of how landslides mobilize 
in response to changing environmental and hydrological 
conditions.  

We have improved the understanding of the mechanisms 
that control the rate of movement of landslides by using 
satellite and airborne radar imagery to measure the 
spatial distribution of displacements across the 
Slumgullion landslide and many other landslides in 
California and Washington. We are combining these 
spatial observations with the detailed temporal 
measurements made at monitoring sites to build a 
complete model for the motion of landslides that can be 
generalized to other landslides around the world. 

4. PROCESSING SYSTEM FOR ALOS-2
PRODUCTS 

Under a related project, we developed an InSAR 
processing module based on the JPL InSAR Scientific 
Computing Environment (ISCE) [1] to measure ground 
deformation with the data acquired by the Japanese 
Aerospace Exploration Agency (JAXA) Advanced Land 
Observing System-2 (ALOS-2) Phased Array L-band 
Synthetic Aperture Radar-2 (PALSAR-2) instrument [2-
6]. More specifically, we used the alosStack processor 
written by Dr. Cunren Liang (now integrated into the 
main ISCE2 repository). We geocode InSAR data to a 
0.4 arcsecond (~12 m) pixel using the TanDEM-X DEM 
provided by the German Aerospace Center (DLR). We 
perform time series inversions in the Miami INsar Time-
series software in PYthon (MintPy) [7]. Our analysis 
used the ALOS-2 single-look complex (SLC) data 
products processed by JAXA that were acquired in the 
stripmap modes, provided to us under this project. Most 
landslides are less than about 300 meters wide, so ALOS-
2 ScanSAR interferograms cannot resolve much of the 
landslide motion. 

An alternative processing module handles the ALOS-2 
ScanSAR WD1 (5-beam) and WD2 (7-beam) modes and 
all three stripmap modes (SM1, SM2, and SM3). We can 
form mixed-mode interferograms between the ScanSAR 
and stripmap datasets as long as they were acquired from 
the same track and have spatial overlap. Because many 
ALOS-2 paths have stripmap scenes acquired in different 
modes, especially SM2 and SM3, the capability to 
process data from the different modes is helpful to study 
landslides. The processing includes filtering of both the 
range and azimuth spectra to extract the portions of the 
spectra that overlap to optimize the InSAR information 
[3], which is especially important for forming mixed-
mode interferograms where the range bandwidth and 
azimuth bandwidths can be very different. Mixed-mode 
interferograms can be useful for evaluating catastrophic 
events but they are not as easily integrated into time-
series analysis because of the extra filtering and 
resampling involved. 

We previously implemented an ionospheric correction 
program based on the range split-spectrum method [7, 8] 
for our ALOS-2 InSAR processing [6]. The effects of the 
ionospheric signals are very obvious on the wide-swath 
ScanSAR interferograms but also can appear as local 
ramps in the smaller stripmap interferograms. We found, 
however, that estimating the ionospheric correction from 
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the stripmap interferograms is not always possible due to 
some distortions in the ALOS-2 Level 1.1 single-look 
complex (SLC) products, especially in the range 
direction. We also found the ionospheric correction was 
not required for our landslide investigations in the 
Western US. 
 

5. LANDSLIDES IMAGED WITH ALOS-2 
 

 
Fig. 1 Map of ALOS-2 stripmap scenes being used 
for our landslide studies under this RA6 project. 

We have identified and mapped landslides at several 
locations in California, Colorado, and Washington state 
of the USA. Fig. 1 shows a map of the ALOS-2 stripmap 
scenes analyzed in this project, covering several areas of 
active landslides. 
 
Most of our analyses have been focused on active 
landslides in California. The California Coast Ranges 
have a high density of active landslides that are ideally 
suited for InSAR investigations due to their persistent 
long-term motion, low velocities, and sparse vegetation 
[8-10]. The region has a Mediterranean climate with cool, 
wet winters and hot, dry summers. Average annual 
rainfall is 1.5 m/yr, falling mostly between October and 
April and reaching peak rates between December and 
February. Our previous studies used satellite InSAR with 
data from the JAXA ALOS-1 satellite to identify 50 
slow-moving landslides in the Eel River catchment of 
northern California [8-10]. In this earlier work, we 
examined the seasonal velocity patterns of 10 landslides 
(a subset of the 50) driven by precipitation-induced 
perturbations in effective normal stress. Despite 
significant changes in geometry, we found that each 
landslide displayed remarkably similar velocity patterns 
along the entire landslide body at the resolution that we 
could resolve with the ALOS fine-beam data. 
 
Our current project focused on improving the 
understanding of the mechanisms that govern landslide 
motion by studying hundreds of active slow-moving  
 
 

 
Fig. 2 Stack of ALOS-2 stripmap interferograms 
from 2014 overlain on shaded relief topography for 
the Eel River area of northern California. The mean 
line-of-sight velocity over the full time interval is 
shown in colors. Black lines outline the active 
landslides in this area. 

landslides in the California Coast Ranges using satellite 
InSAR. We analyzed the ALOS-2 stripmap data over the 
Eel River catchment, northern California (Fig. 2) and the 
Big Sur Coast, central California (Fig. 3). We identified 
more than 100 actively deforming slow-moving 
landslides in the two regions. Fig. 3 shows a section of 
the Big Sur coast in central California with active 
landslides mapped in black. Many of these landslides are 
cross cut by California State Highway 1 and pose a major 
risk to the road and safety of travelers. 
 

 
Fig. 3 Active slow-moving landslides on the Big Sur 
coast, central California. (a, b) Map view shows 
ALOS-2 InSAR velocity map draped over a 
hillshade of the topography. Red colors show 
relatively high velocities of active landslides. (c) We 
also show a comparison with Sentinel-1 C-band 
InSAR for the same time period. Our comparison 
shows that the ALOS-2 L-band data are better 
suited for monitoring slow-landslide motion on 
vegetated hillslopes. This work was presented at the 
Joint PI Meeting of JAXA Earth Observation 
Missions FY2020 [16].  

We also directly compared the InSAR time series from 
ALOS-2 with time series from the Sentinel-1 data (Fig. 
3). We find that the landslides on the coast are moving 
downslope at cm/yr. The seasonal displacement of the 
landslides is  driven by precipitation (Fig. 4). 
Unfortunately, however, the infrequent ALOS-2 
stripmap data acquisition limits our ability to resolve 
more subtle time-dependent landslide motion. 
Nonetheless, the ALOS-2 data have increased our ability 
to identify active landslides in California.  
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Fig. 4 Displacement (d) and precipitation (e) time 
series for a single landslide on the Big Sur coast. The 
Sentinel-1 data were processed by Caltech-Jet 
Propulsion Laboratory’s Advanced Rapid Imaging 
and Analysis (ARIA).  

The Slumgullion landslide in Colorado, USA is another 
very active, gradually moving landslide. The US 
Geological Survey Landslide Hazards Program has been 
studying the Slumgullion landslide since the 1950’s with 
a variety of techniques. For much of the last decade, they 
have been monitoring the motion almost continuously at 
a site near middle of the landslide, located about 100 m 
downslope from the narrowest and fastest part [11-13]. 
The central part of Slumgullion is moving at rates as high 
as 2 cm/day, which we have previously imaged with very 
high-resolution SAR images from the Italian Space 
Agency COSMO-SkyMed X-band satellites [14], and 
the NASA Uninhabited Aerial Vehicle Synthetic 
Aperture Radar (UAVSAR) airborne L-band SAR 
system [15]. With COSMO-SkyMed, we used 1-day 
interferograms and with UAVSAR, we used one-week 
intervals. 
 
Due to the relatively fast motion of the landslide, we tried 
to form interferograms of the shortest interval ALOS-2 
pairs. The early ALOS-2 stripmap acquisitions had very 
long time intervals of 6-12 months, but in 2018 there was 
an SM3 pair acquired on 12 May and 7 July (42 days 
interval) on ascending path 59. We found that this time 
interval is still too long for successful interferometric 
imaging of the landslide because the central portion 
moved some 80 cm and it was not possible to correctly 
unwrap the phase in that part (see Fig. 5). The more 
slowly moving lower and upper parts of the landslide are 
well imaged by the interferogram, but the limited number 
of available ALOS-2 stripmap scenes did not allow us to 
perform time-series analysis here. 
 

 
Fig. 5 ALOS-2 stripmap wrapped interferogram for 
Slumgullion landslide in Colorado. The landslide is ~ 
3 km long. Phase is wrapped with original 2π or 11.8 
cm wrap and combined with radar amplitude. Black 
lines outline the active landslides in this area. 

Another landslide that we have studied in this project is 
the Rattlesnake Ridge landslide in eastern Washington 
state, USA. This landslide was detected in October 
2017 by people working in an adjacent rock quarry. The 
rock quarry was subsequently closed due to risk of 
more rapid motion of the landslide. The ALOS-2 
coverage of this area is limited, but we did find six 
ascending and six descending stripmap scenes have 
been acquired. We processed an ALOS-2 stripmap pair 
from April to November 2017 on the descending track 
for this landslide (Fig. 6) and we were able to see part 
of the large landslide motion that had been detected in 
the quarry, even though the main motion was southward 
and nearly perpendicular to the radar line-of-sight 
direction. 
 

 
Fig. 6. Wrapped interferogram from ALOS-2 
stripmap for the Rattlesnake Ridge landslide in 
Washington state, USA shows about 10 cm of motion 
in the radar line-of-sight (west and down). 
Descending path 170 SM3 data in geographic 
coordinates. Black lines outline the active landslide 
in this area.  

Overall, ALOS-2 stripmap data are well-suited for 
identifying and monitoring slow-moving landslides in 
the Western US, but the low frequency of acquisitions in 
many limits the temporal resolution of changes.  
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Abstract: The longyao ground fissure (LGF) is the longest 
and most active among more than 1000 ground fissures on 
the North China Plain. There have been many studies on 
the formation mechanism of the LGF, due to its scientific 
importance and its potential for damage to the environment. 
These studies have been based on both regional tectonic 
analysis and numerical simulations. In order to provide a 
better understanding of the formation mechanism, the 
deformation of the crack and its surrounding environment 
should be taken into consideration. In this paper, PS-
InSAR technology was employed to assess the ground 
deformation of LGF and its surrounding area, using L-band 
ALOS-1 PALSAR images from 2007 to 2011. The 
characteristics of ground deformation, relationships 
between fissure activity and surrounding faults and 
groundwater exploitation were analyzed. This study shows 
that the north side of Longyao fault (LF) is uplifting while 
the south side is subsiding. This indicates the tectonic 
conditions responsible for the activity of the ground fissure. 
Local groundwater exploitation also plays an important 
role in the development of ground fissures. Modeling the 
influence of the existing fault on regional deformation will 
also be discussed. 
Keywords: 
Highlights:  

1. INTRODUCTION

A ground fissure is a type of geo-hazard that occurs 
naturally on the earth’s surface, usually as a discontinuous 
and broken feature [1, 2, 3] . The occurrence of ground 
fissures is usually associated with either tectonic or human 
activities. They can be caused by tectonic faulting [4] , 
earthquakes [5] , oil mining, groundwater pumping [6, 7, 
8] , and other events. Due to the difference in vertical
deformation and horizontal tension between the two sides
of a ground fissure, they have the potential to cause great
damage to the foundations of dams, buildings, roads,
underground pipes and similar structures. The formation of 
ground fissures not only reduces the value of the land along 
the cracks, but also causes huge economic loss and has an
environmental impact.

Considering the scientific importance and the 
potential damage which this process can cause to the 
environment, studies on the formation mechanism of 
ground fissure have been conducted numerous times. 
These studies have been based on both regional tectonic 
analysis and numerical simulations[[2,9,10] . In order to 
provide a better understanding of the formation mechanism, 
deformation on the crack and its surrounding environment 
should be taken into consideration. Many methods can be 
used to detect and monitor ground fissures, including both 

geodetic and geophysical approaches. Geodetic methods 
tend to be focused on deformation monitoring of ground 
fissures, for example using repeat optical leveling and 
global positioning system (GPS) surveys. Geophysical 
methods are usually used to detect the underground 
location of a ground fissure and its burial depth. This is 
done through the physical characteristics of the 
underground medium, for example using ground 
penetrating radar (GPR) and electrical prospecting.  

As a geodetic technique, Interferometric Synthetic 
Aperture Radar (InSAR) is capable of mapping ground 
deformation over a large area, with a very high spatial 
resolution and high precision. It has been successfully 
applied to the observation of many geophysical 
phenomena in past decades, including earthquakes, 
volcanoes and other geologic processes 
[11,12,13,14,15,16] . The InSAR technique can not only 
monitor the deformation of ground fissures, but also the 
surrounding area. Therefore, InSAR technology can 
provide a new tool for monitoring ground fissure 
activity[17,18] . 

The aim of this paper is to contribute to a better 
knowledge of the activity of the LGF and its surroundings. 
We exploited ALOS PALSAR images (L-band), acquired 
along an ascending path, to map activity on the Longyao 
ground fissure (LGF) on the North China Plain. The 
deformation of the surrounding area was also examined. 
The StaMPS (Stanford Method for Persistent Scatter) PS-
InSAR technique was used to obtain the time series surface 
deformation[19,20] . Ground deformation characteristics 
over the LGF and its surrounding area were obtained. 
Possible explanations that could explain the observed 
deformations are then discussed in detail.  

This paper is organized as follows: first, the 
geological setting of the LGF is introduced in Section 2. 
Then, the StaMPS InSAR technique and ALOS PALSAR 
data processing are briefly summarized in Section 3. The 
results are reported and discussed in the subsequent 
sections (Section 4 and 5). Modeling results are discussed 
in the final section. 

2. GEOLOGICAL SETTING OF LONGYAO GROUND
FISSURE

The LGF is located in Xingtai, North China Plain, 
China. The area is also the core of the North China block. 
Three geological blocks, the Ningjin-Hengshui Fault 
Convex, the Xing-Heng Uplift, and the Lin-Qing Graben, 
meet in this area and form a "Trident" shape in the plane 
(figure 1). There are several north-east and east-west fault 
zones in this area, among which the main faults are the 
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Taihang Piedmont Fault, and the eastern and western 
sections of the Shulu Graben. In addition, there are also 
several secondary ruptures[21] . The mainland of China is 
in a collision and squeezing situation caused by the 
convergence of the Indian, Eurasian and Pacific plates. 
Consequently, the North China Plain has suffered long 
term tensile stress[22,23] . As a result, more than 1,000 
cracks spread across the North China Plain. Among these 
LGF is the longest and most active, with a total length of 
36km[21,24] . 

 The LGF was initially formed during the Xingtai 
earthquake in 1966 (figure 1). After this the crack entered 
an inactive period[21] . The crack re-exposed in 2003, and 
the scale and activity of the crack has increased rapidly 
since 2006[25] . According to field surveys, the fissure was 
remarkably distributed, appearing in more than 20 villages 
with a nearly E-W orientation. The maximum width of the 
crack at the ground surface is 60 cm, and the visible depth 
is up to several meters[3,26] . 

Because LGF is a typical ground fissure disaster in 
the North China Plain, it has been studied by many experts 
and scholars. Using a numerical simulation of the tectonic 
stress field, Run-yong Ma concluded that the crack was 
closely related to seismic activity. They suggested that it 
was one the features of the enhancement of regional 
tectonic stress[27] . Wei Song pointed out that the crack 
was caused by fault creep activities and suggested that it 
was a result of the accumulation and release of tectonic 
stress [28] . Ji-shan Xu suggests that the Longyao fault (LF) 
provided a source of power, and that the crack was the 
result of the expansion of tensile stress in this system[21] . 
Current research on LGF is mainly based on the regional 
tectonic background and numerical simulations, in order to 
determine the formation mechanism. However, there is a 
lack of monitoring data for ground surface deformation in 
the surrounding area. Therefore, in order to gain a better 
understanding of the formation mechanism, it is necessary 
to carry out deformation monitoring of the crack and its 
surrounding. 

 
Figure 1) Shaded relief map of the Longyao ground 
fissure and its surrounding area. a)A sketch map of 
Hebei province in China. b)The location of the study 
area in Hebei province. c)a shaded relief map of the 
study area. Cities are depicted with small diamonds. 

The breakpoint polylines indicate the main faults in 
the region. The light blue solid line boxes show the 

coverage of ascending ALOS PALSAR image tracks 
from Path 451 (P451) and Path 452 (P452). The 

Longyao fissure is expressed as a black bold line with 
a cross and labeled as LGF. Faults F1 to F6 represent 
the Taihang Piedmont Fault, Lincheng Fault, Shulu 
Graben Western edge Fault, Shulu Graben Eastern 

edge Fault, Jize Fault and Minghua Fault, 
respectively. The symbols ① to ③ represent the 
Ningjin-Hengshui Fault Convex, Xing-Heng Uplift 
and Lin-Qing Graben, respectively. LGF and LF 

represent the Longyao ground fissure and Longyao 
fault. The black pentagrams indicate the locations of 
the Xingtai earthquake group in 1966. Near the black 
pentagrams, the digits above the short line indicate the 
earthquake magnitude, and the digits below the short 

line indicate the time of earthquake occurrence. 
 

3. METHODS AND DATA PROCESSING 
 

3.1 Methods 
The application of conventional difference InSAR 

(D-InSAR) is limited by several error sources. These 
include; phase residuals due to inaccuracies in the DEM, 
atmospheric path-delay anomalies, and decorrelations 
related to spatial and temporal changes of the surface 
scattering properties [29,30] . To reduce the effects of these 
errors, multi-temporal InSAR (MTInSAR) was proposed. 
Methods include; persistent scatterer InSAR (PSInSAR) 
[31,32,33] , the Small BAseline Subset (SBAS) approach 
[34,35,36] , and the coherent pixel technique (CPT) 
[Blanco et al. 2008; Mora et al. 2003]. In order to 
understand the time series deformation characteristics of 
LGF and its surrounding area, the StaMPS (Stanford 
Method for Persistent Scatterers) software was used. SAR 
images were processed using Persistent Scattering (PS) 
methods inside the package [19,20] . In contrast to most 
other PS methods, StaMPS uses phase spatial correlation 
to identify PS pixels, instead of amplitude analysis 
[31,33,40]  . The advantage of this strategy is the 
capability to detect persistent scattering (PS)/slowly 
decorrelating filtered phase (SDFP) pixels with a low 
amplitude, which are often found in natural terrains. The 
probability that a pixel will be PS/SDFP is estimated 
through a phase analysis, which is successively refined in 
a series of iterations. StaMPS relies on the spatial 
correlation of deformation, rather than any assumption of 
the temporal dependence of deformation[41] . 
Consequently, it does not rely on prior assumptions 
regarding ground deformation. 

The PS/SDFP initial candidates (PSCs) are identified 
using an amplitude dispersion index 𝐷𝐷𝐴𝐴, as defined by[31] . 
This can be written as 

                          𝐷𝐷𝐴𝐴 = 𝜎𝜎𝐴𝐴
𝜇𝜇𝐴𝐴

                  (1) 
where 𝜎𝜎𝐴𝐴 is the standard deviation of the amplitude 

values and 𝜇𝜇𝐴𝐴 is the mean of a series of amplitude values. 
The amplitude dispersion index threshold value is typically 
on the order of 0.25, but the value of 0.12 is recommended 
by[31] . 

 Then, the PSCs are tested for phase stability with an 
indicator 𝛾𝛾𝑥𝑥 , which is defined based on the temporal 

545



coherence and can be used to evaluate whether the pixel is 
PS: 

         𝛾𝛾𝑥𝑥 = 1
𝑁𝑁
�∑ 𝑒𝑒𝑒𝑒𝑒𝑒�𝑗𝑗�∅𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖 − ∅�𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖� − ∆∅�ℎ,𝑥𝑥,𝑖𝑖�𝑁𝑁

𝑖𝑖=1 � (2) (1) 

where 𝑁𝑁  is the number of interferograms and 
∅�𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖  is an estimate of the wrapped phase ∅𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖  of 
the  𝑒𝑒 th pixel in the 𝑖𝑖 th flattened and topographically 
corrected interferogram. ∆∅�ℎ,𝑥𝑥,𝑖𝑖  is an estimate of the 
DEM error. After every iteration, the root-mean-square 
change in coherence 𝛾𝛾𝑥𝑥, is calculated as in Equation (2),. 
When the change is less than a specified threshold, the 
solution has converged and the algorithm stops iterating. 
Then, the selected pixels are considered to be PS/SDFP 
pixels, due to their amplitude dispersion, as well as 𝛾𝛾𝑥𝑥 
(see [20] for details). 

Once the PS/SDFP pixels have been selected, their 
phases are corrected for spatially uncorrelated look angle 
(SULA) error. This is done by subtracting the estimated 
value, which is the DEM error [32] . The corrected phase 
values can be unwrapped so long as the density of PS is 
such that the absolute phase difference between 
neighboring PSs, after correction for estimated SULA 
error, is generally less than π.. Optionally, after 
unwrapping, a low-pass filter in space and a subsequent 
high-pass filter in time can be applied to the unwrapped 
interferometric phases. This serves to remove the 
remaining spatially correlated errors, related to orbit and 
atmosphere artifacts [20] . Finally, subtracting this signal 
essentially leaves the deformation results and some 
spatially uncorrelated errors that can be modeled as noise. 
The time-series deformation measurements at each 
PS/SDFP pixels can thus be obtained.  

3.2 InSAR Data and processing 
We collected two overlapping ascending tracks of L-

band ALOS PALSAR-1 SAR data which were acquired 
between 2007 and 2011. These included: 20 3-frame 
acquisitions of Path 452 (P452) from June 2007 to 
February 2011 and 17 3-frame acquisitions of Path 451 
(P451) from February 2007 to March 2011. Single look 
complex images were generated using ROI_PAC [Rosen, 
2000]. Interferograms were generated using Doris [33] , 
after which the StaMPS PS-InSAR technique was used for 
InSAR time series analysis [19,43] . In order to minimize 
perpendicular, Doppler, and temporal baselines, 20100101 
and 20100118 (in yyyymmdd) were selected as the master 
images for Paths 451 and 452, respectively. The temporal-
spatial baseline distributions of the interferograms are 
shown in figure 2. Shuttle Radar Topography Mission 
(SRTM) data with a resolution of 1 arc-sec (30 m) was 
used as an external DEM to remove the topographic phase 
from the interferograms. 

After spatially filtering each interferogram, the 
spatially uncorrelated DEM error was iteratively optimized, 
by setting a maximum error of 10 m. The standard 
deviation of each coherent pixel was estimated for all of 
the interferograms. Any pixels with a standard deviation 
larger than 0.5 rad were eliminated in order to refine the 
coherent points [44] . Considering the deformation 
gradient within the study area, the unwrapped grid size was 
resampled to 30 m. Orbit error was estimated as a bi-linear 
ramp and subtracted from differential interferograms. 
Atmospheric phases were separated from each differential 
interferogram by filtering the spatial and temporal domains, 

according to their spatial and temporal correlations. As a 
result of this procedure, we obtained time series 
deformation results from ALOS PALSAR-1 at each 
coherent pixel identified in the imaged scene. 

 

Figure 2) Baselines of interferograms from P451 and 
P452. The Y-axis shows the perpendicular baseline in 
meters. The image acquisition dates are shown on the 
X-axis. All of the connecting lines represent 
interferometric pairs used for time-series analysis.  

 
4. RESULTS AND ANALYSIS 

 
According to the processing mentioned in the previous 

section, approximately 16 and 19 single-master 
interferograms were formed from Paths 451 and 452, 
respectively. Finally, annual ground deformation maps in 
line-of-sight (LOS) over LGF and its surroundings were 
assessed from 2007 to 2011, as shown in figure 3. The 
positive and negative signs represent line-of-sight (LOS) 
displacements toward and away from the satellite, 
respectively.  

 
Figure 3) Annual deformation rates derived from the 
InSAR time series over the Longyao ground fissure 

and its surrounding area. P1 to P5 show the positions 
of the points being used to plot the time series 

deformation curve in figure 4. They represent Jvlu 
(P1), Longyao (P2), Ningjin (P3), Xingtai (P4) and the 

mountain area (P5). F1 to F6 represent the major 
faults  described in figure 1. The red rectangle is the 

region shown in figure 5. 
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4.1 Annual deformation rate 
According to the LOS deformation results from the 

ascending ALOS PALSAR-1 (figure 3), ground 
subsidence is mainly found in the three regions covered by 
the SAR images. These are Jvlu, Ningjin-Xinji and a local 
area to the east of Longyao. Subsidence in the Jvlu region 
is especially serious, and can be seen as a “7” shape. The 
maximum subsidence rate in this region is up to 60 mm/yr. 
However, the Ningjin-Xinji area has a lower rate, of about 
20 mm/yr. The InSAR results also show that Longyao 
town was uplifting during the period from 2007 to 2011. 
There is also a slight uplift trend in the Xingtai city. 

To understand these deformation results, there are two 
phenomena that deserve our attention: 

1) The Longyao fissure is located in the transition 
zone between subsidence and uplift, where the 
deformation gradient is the largest. Wang suggests that the 
occurrence of ground fissures is related to subsidence, 
especially at the edge of the subsidence funnel, where the 
horizontal tension was greatest[45] . 

2) Although two larger settlement centers are located 
in the research area, they have different deformation 
features. The NingJin-Xinji settlement center has a smaller 
subsidence magnitude, and no obvious deformation 
boundary. The subsidence magnitude of the Jvlu 
settlement center is significantly larger, and there is a clear 
boundary. These phenomena suggest that the boundary of 
deformation in Jvlu may be influenced by external factors, 
such as regional faults, stratigraphic structure, 
compression layer thickness and other factors (Sun. et al, 
2007)[46] . 

4.2 Time series of deformation 

 

Figure 4) Accumulated subsidence curves. ‘Mountain’ 
represents the deformation in the mountain area. ‘JvL-
P451’ and ‘JvL-P452’ represent the deformations 
observed at Jvlu from paths 451 and 452, respectively. 
‘LongY-P451’ and ‘LongY-P452’ represent the 
deformation observed at Longyao from paths 451 and 
452, respectively. ‘NingJ-P451’ represents the 
deformation observed at Ningjin from path 451. 
‘XingT-P452’ represents the deformation observed at 
Xingtai from path 452. 

The StaMPS PS-InSAR procedure allowed the 
estimation of time series deformation data for each of the 
coherent points identified in the SAR scene. Therefore, a 
time series of deformation was extracted for five points. 
These were: Jvlu (P1), Longyao (P2), Ningjin (P3), Xingtai 

(P4) and the mountain area (P5) (shown as triangles in 
Figure 3). Due to the slight difference in deformation rate 
between the neighboring PS points, we averaged the rates 
of all PS points within a square of 500 m × 500 m. This 
produced a final deformation rate for each of the selected 
regions. The standard deviation of the deformation rates 
within the square was calculated at the same time, and is 
shown as the error bar in figure 4. For the purpose of 
comparing the consistency of two adjacent paths, the 
InSAR results within the common coverage area of paths 
450 and 451 were extracted and converted into vertical 
components, using their incidence angles. These were 
known from the time series deformation results for the 
selected regions (figure 4). The cumulative uplift values 
around Longyao and Xingtai were 60 mm and 50 mm, 
respectively, during the period from 2007 to 2011. The 
annual average uplift rates were approximately 15 mm/yr 
and 12 mm/yr, respectively.  Deformation was nearly 
steady from January 2007 to January 2009 in the Longyao 
area, while the deformation showed a clear linear upward 
trend from January 2009 to February 2011. However, the 
ground surface uplifted from January 2007 to October 
2008 in the Xingtai area, after which the ground surface 
was largely stable. The cumulative subsidence values 
around Jvlu and Ningjin were 250 mm and 80 mm, 
respectively, during the period from 2007 to 2011. The 
annual average subsidence rates were approximately 65 
mm/yr and 20 mm/yr, respectively at these sites. 

4.3 Ground fissure deformation 
The activity characteristics of ground fissures are 

usually complex. Activity occurs in a piecewise fashion in 
space and intermittently in time. We cut out the LGF 
region, shown by a red rectangle in figure 3, and in detail 
in figure 5. It can be seen that the deformation rates 
between the two sides of the ground fissure are different 
from one part to another. This difference is particularly 
obvious in the eastern part of the crack.  

The pink crossed line in figure 5 is the location of the 
LGF as obtained from field investigations. The black line 
is the location of the LF. Two lines of continuous coherent 
points near the LGF have a significant discontinuous 
deformation rate. One of these lines takes the form of a 
curve (R1) while the other is a straight line (R2), In fact, 
both are roads surrounded by agricultural fields. Field 
investigation photos are also shown in figures 5(b) and 5(c). 
The ground scarp formed by the deformation of the ground 
fissures can clearly be seen in these photos. Deformation 
rates from path 450 and 451 were extracted from points A 
to B along road R1. These are shown in figure 6. The 
deformation rate profiles were found to be very consistent 
with one another. The ground deformation rate had an 
obvious gradient of approximately 40 mm/yr between the 
two sides of the crack. According to the spatial distance of 
the deformation gradient, the influence width of the crack 
at this cross-section was more than 400 meters. It should 
be noted that there may be a branch of the ground fissure 
to the east of the road (R1). The possible location of this 
branch has been marked with a thick blue break line. The 
deformation in the northern block is basically stable, while 
significant subsidence is occurring in the southern block. 
A significant deformation gradient also appeared on the 
road (R3), which has similar deformation characteristics to 
R1 and R2. 
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According to leveling measurement results, carried 
out from 2013 to 2014, the difference in deformation rates 
between the two sides of the crack were 12 mm/yr and 48 
mm/yr in Zhouzhang village and Xidianzi village (figure 
5), respectively [25] . Although the leveling and InSAR 
results were carried out at different times, they are 
consistent in magnitude. Both results showed that the 
ground fissure was more active in the eastern section of the 
LGF than in the western section, where groundwater 
induced subsidence is much less (figure 3). 

Figure 5) a) Ground deformation rates in the ground 
fissure region. b) Field investigation photo of road 1 
(R1). c) Field investigation photo of road 2 (R2). The 
bold black arrows show the relative movement 
direction of the two sides of the ground fissures) 

 

Figure 6) Deformation rate profiles across the ground 
fissure. The gray wide line shows the location of the 
fissure. A and B represent the direction of the profile as 
shown in figure 5. 
 

5. DISCUSSION 
 
5.1 Ground fissure activity and groundwater  
Groundwater in the Longyao region is in a state of 

over-exploitation, causing levels to decline at an ever 
increasing rate. According to the records, the depth of the 
groundwater level in Xidianzi village (figure 5) decreased 
from 2 m to 20 m in the period from 1959 to 1992. The 
average rate of decline was 0.54 m/yr [25] . Up to 2013, 
the underground water level at Xidianzi dropped to 52 m, 
with an average decline rate of 1.52 m/yr [25] . Hence, the 

groundwater decline rate has tripled over the last 20 years. 
It is important to note that the subsidence center, adjacent 
to the eastern end of the LGF, is the Longyao Industrial 
Park (LIP), which was established in November 2003. The 
main products of the LIP are instant noodles and beverages. 
Its annual production consists of 1.1 million tons of instant 
noodles, 1 million tons of drinks and 200 million cups of 
milk tea [https://baike.so.com/doc/1075234-1137813.html, 
visited on September 15, 2017]. In addition, various kinds 
of food and light industrial product are also produced. 
These industrial processes consume large amounts of 
groundwater. The time at which accelerated activity 
occurred on the LGF is very consistent with the time at 
which the industrial park was set up. This highlights the 
role that groundwater exploitation plays in accelerating the 
activities of the LGF.  

Several studies have shown that the existence of the 
fault may act as a dike barrier and thus affect groundwater 
migration [18, 47,48]  . The mechanical strength of soil 
on the existing fault zone is weak. As a result, the soil will 
easily slip and crack along the fault zone when 
underground water pumping takes place [49] . This means 
that the LF and underground water pumping have a 
beneficial effect on the activity of the LGF. 

5.2 Relationship between the Ground fissure and 
neighboring faults 

According to our field investigation, the destructive, 
exposed, segments of the LGF are linear and oriented 
with the strike of the LF. The LGF formed during the 
Xingtai earthquake group (figure 1), when 5 earthquakes 
with Ms ≥6.0 occurred within 21 days. Consequently, 
we speculate that the intensive earthquakes may have 
caused the LF to slide and so caused the appearance of 
the LGF. Ground cracks induced by earthquakes have 
been reported elsewhere [5,50] .  

There may be multiple main causes of activity along 
the LGF. In addition to underground water pumping, as 
discussed in 5.2, we believe that the regional stress has a 
certain role in promoting LGF activity. Both the field 
investigation and InSAR results show that the north blocks 
of the LF and LGF are rifted upwards, relative to the 
southern one, which declines (figure 3). The LGF is 
located in the connecting zone of the northern Xing-Heng 
Uplift block and the southern Lin-Qing Graben. The 
profile of ground surface displacement across the LF, is 
shown in figure 7. This was extracted along the dashed 
black line in figure 3. The northern segments of the profiles 
have an uplift trend relative to the southern segments. This 
is very consistent with existing stratigraphic profile data 
[52] . Two settlement funnels in the profiles (Areas 1 and 
2 in figure 7), correspond to the area affected by the ground 
fissure and the pumping-induced subsidence area, 
respectively. These profiles show that the motion of the 
blocks still has an effect on the surface deformation, which 
provides the conditions for activity on the LGF.  

Moreover, monitoring and research in the Fenwei 
basin shows that the ground fissures within this area are 
mainly controlled by the surrounding continental dynamics, 
and that excessive pumping of groundwater is a positive 
factor for promoting their activity [53] . The North China 
Plain is adjacent to the Fenwei basin, and they have a 
similar regional tectonic stress field [21] . Therefore, the 
LGF should also be affected by regional tectonic stress. 
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Figure 7) Deformation rate profiles crossing the LF, 
along the dashed black line in figure 3, Areas 1 and 2 
represent the area affected by the ground fissure and 
the pumping-induced subsidence area, respectively. 
The red and blue lines represent the positions of the 
Longyao ground fissure (LGF) and Longyao fault (LF), 
respectively. 

 
6. MODELING PROFILE VELOCITIES OF 

THE FAULT AND GROUND FISSURE 
 

Many studies have shown that geodetic observations 
across active faults can be explained by creeping 
dislocations buried in an elastic homogeneous half-space 
[54,55,56] . That is to say, the ground deformation across 
active faults can be modeled as an arctangent, which 
provides an estimate of both the slip rate of the fault and 
its locking depth. A simple model of this movement for 
vertical strike slip faults is a homogenous elastic half space 
[57] . This can be described as: 

       V(x) = S
π

arctan �x
D
� + α             (3)                      

where  V(x)  is the fault-parallel velocity of points 
estimated along a perpendicular profile across the fault, x 
is the distance from the fault, S is the fault slip rate, D is 
the dislocation depth, and  α is a static offset. 

To better understand the ground deformation across 
LF, the above model was used to model the InSAR result 
profiles in figure 7. The results in areas 1 and 2 (figure 7), 
caused by ground fissure activity and groundwater 
pumping, respectively, were removed to avoid the impact 
on creeping dislocations on the model. Taking into account 
the geological data, the latitude of 37.3 degrees was 
considered to be the location of the fault, for the purposes 
of calculating x  in formula (3). We found the best fit 
values for each model parameter (S, D and α) using a 
Markov chain Monte Carlo (MCMC) sampler algorithm 
[56,58]  . This algorithm samples the target distribution 
using a Markov chain with a steady distribution. It ensures 
that the correct samples are collected to build the desired 
posterior distribution. The MCMC sampler explores the 
parameter space constrained by -100 < S (mm/yr) < 0, -50 
< D (km) < 0 and -100 < α (mm/yr) < 100, assuming a 
uniform prior probability distribution over each range. 

In total, we produced more than 30,000 independent 
model parameter optimal solutions. Figure 8 (bottom) 
shows the frequency histograms for each model parameter. 
The probability distributions for the fault slip rate, the 
locking depth, and the static offset are approximately 
normally distributed. The remainder of the panels in figure 
8 show two-dimensional confidence regions for parameter 
pairs. All of the model parameters are well constrained 

according to the bootstrap analysis. The optimal solutions 
for the parameters are estimated from the mean value (the 
blue vertical line in figure 8). The dots indicate the 
parameter solutions that were selected for a fault slip rate 
of -31.05 mm/yr and a depth of -2.78 km. The modeled 
profiles for LF are shown as the black dotted line in figure 
7. It is worth noting that the simple model assumes that the 
dip angle is 90 degrees, which is often not the case in 
reality. According to seismic exploration data, the dip 
angle of the LF is 70-80 degrees [51] . Although this is a 
potential source of error, the simple elastic dislocation 
model matches the profile well, and is able to give a first-
order estimate of the fault slip rate and locking depth. 
Finally, we note that the locking depth of the best fitting 
model is very consistent with that of the geological survey 
data [59] . 

Using the same method, the dislocation depths for the 
ground fissure are found to be 30 m and 40 m, from paths 
451 and 452, respectively. Both of the slip rates are -48 
mm/yr. The modeling results are shown as solid lines in 
figure 6. The model results from the two paths match each 
other very well. According to the model results, the cracks 
exist in the shallow soil layer, which is within 40 meters of 
the surface. Our field investigations suggest that these 
results are consistent with the regularity of ground cracks 
in a shallow surface. 

 

Figure 8) Bootstrap analysis and frequency histograms 
for modeled parameters, for profiles across the LF. The 
optimal solution for the parameters is estimated from 
the mean value (the blue vertical line) of the best-fit 
Gaussian distribution (the red curve).The dots indicate 
the parameter solutions that were selected. 

  
7. CONCLUSION 

 
The LGF and its surrounding areas are one of the most 

complex geologic environments in China. Fault activity, 
ground fissures, and land subsidence have all occurred in 
this region. In this paper, PS-InSAR technology was 
employed to assess the ground deformation of LGF and its 
surrounding area. ALOS PALSAR images, for the period 
from 2007 to 2011 were used. The characteristics of 
ground deformation were analyzed, as was the relationship 
between the fissure activity, surrounding faults and 
groundwater exploitation. Both the InSAR results and the 
geological data show the same plate movement 
characteristics; that the north side of LF is in uplift and 
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south side is in subsidence. This indicates that the 
sustained action of plate motion provides the conditions for 
the ground fissure activity. At the same time, groundwater 
exploitation has played an important role in the activity of 
LGF. By extracting deformation profiles perpendicular to 
the ground fissure, we show that there is an obvious 
deformation gradient of approximately 40 mm/yr between 
the two sides of the crack. A simple model in a 
homogenous elastic half space was used to model the 
influence of the existing fault on the regional deformation. 
For profiles across the LF, a locking depth of -2.78 km and 
a far field fault slip velocity of -30.1 mm/yr are the best fit 
model parameters.  
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1. INTRODUCTION

Subduction zones generate the Earth’s largest and most 
destructive earthquakes and volcanoes. In recent years, 
seismic tremor and aseismic slow slip events have also 
been observed at subduction zones [e.g., 1]. Because global 
observations of subduction zones reveal different seismic 
behaviors and different slip distributions, understanding 
the mechanisms responsible for this variation is very 
important. With the accumulation of more seismic and 
geodetic observations, researchers have discovered that 
different frictional properties on the subduction zone 
interface control variations between seismic and aseismic 
behavior [2]. Investigations of the interaction between the 
underthrusting and overriding plates at subduction zones 
are very useful for understanding seismic hazards, the 
strain accumulation or release between the plates, the 
frictional properties of the interface, the earthquake process 
and long-term geological processes [3,4,5]. The Nicoya 
Peninsula is located in northwestern Costa Rica directly 
above the seismogenic zone. This unique location coupled 
with the presence of a dense continuously operating GPS 
and seismic network [5,6] make it a prime region to study 
the mechanics of seismic and aseismic events at a 
subduction zone plate boundary (Figure 1). In addition, the 
Costa Rica subduction zone is also the location of several 
active stratovolcanoes with the potential to generate large 
dangerous eruptions (Arenal, Rincon de la Vieja, Irazu). 
The large number of active volcanoes associated with this 
subduction zone also makes it necessary to investigate 
volcanic deformation and hazard. 
The presence of the Nicoya Peninsula directly above the 
seismogenic zone in northern Costa Rica has allowed 
detailed studies of its seismic and aseismic behavior. This 
segment of the Middle American Trench generates large 
earthquakes about every 50 years with the last event 
Mw7.2 occurring on September 5, 2012. Abundant 
seismicity, multiple episodes of slow slip and tremor and 
years of surface deformation have been recorded here 
between 2000 and 2012, since the first GPS and seismic 
instruments were installed. Several models of interseismic 
strain accumulation have been produced using the GPS 
data. These models reveal different patterns of locking and 
variations in locking magnitude that range between 50% to 
100% of the plate convergence rate. Some of these strain 
accumulation patterns overlap the maximum coseismic slip 
in the 2012 event and others do not. Several slow slip 

events in the vicinity of the Nicoya Peninsula have been 
recorded by GPS. Inversions of slow slip displacements for 
the distribution of slip are not very well constrained and 
seem to indicate that most slow slip occurs offshore, up dip 
of the geodetically determined locked region and peak in 
2012 coseismic slip [7]. It is important to determine if slow 
and coseismic slip occur in distinct regions representing 

different frictional behaviors and to establish whether or 
not regions of maximum interseismic strain accumulation 

Figure 1. (Left) The tectonic setting of the Nicoya
Peninsula. Aftershock areas of the 1950, 1978, 1990, and 
1992 events are indicated with gray-filled patches. The 
coseismic region of the 2012 event is shown as the red-
filled patch [8]. Focal mechanisms for the 1990, 1992, 

and 2012 events from the global centroid moment tensor 
catalog are also indicated. The black rectangle indicates 

ALOS track 164. The white arrow indicates the 
convergence vector between the Cocos and Caribbean 
Plates [9]. The trench is marked with the gray barbed 
solid line. The black triangles are the Holocene active 
volcanoes [10]. (Right) Linear deformation rate map
derived from the linear regression of the deformation 

time series at each pixel. Positive displacements indicate 
surface motion away from the satellite.
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end up rupturing in peak slip during major earthquakes. 
The GPS data on the Nicoya Peninsula provide excellent 
temporal coverage but relatively sparse spatial coverage 
and poor quality vertical measurements of ground 
deformation. To improve on this, we would like to combine 
InSAR and GPS observations to produce interseismic 
deformation estimates and locate slow slip and locate slow 
slip at the Costa Rica subduction zone.  
We have used 18 ALOS-1 SAR acquisitions between 2007 
and 2011 covering the Nicoya Peninsula. The resulting 
linear rate map agrees very well with the GPS 
measurements, both having maximum displacements of 
~10-15 mm/yr near the coastline (Figure 1b). Incorporating 
InSAR data provides a more refined interseismic coupling 
model than using GPS alone and allows for a more reliable 
comparison with local seismic and aseismic activities. This 
comparison indicates that strongly locked regions during 
the interseismic stage are the loci of coseismic slip, and 
deep slow slip and low-frequency earthquakes occur in 

regions of low coupling or transition zones from low to 
high coupling, while shallow slow slip and tremor 
commingle with strongly coupled regions (Figure 2) [14]. 
More recently, On November 13, 2017, a Mw6.5 
earthquake striken in west of Parrita, Costa Rica 
(https://earthquake.usgs.gov/earthquakes/eventpage/us200
0bmhe#executive), causing far-reaching shaking across the 
region (Figure 3). The ALOS-2 ScanSAR provides the 
possibility to increase the observational time span and 
investigate coseismic and post-seismic deformation versus 
strain accumulation patterns above the Costa Rica 
subduction zone. In this study, we present the first 
preliminary results using ALOS-2 ScanSAR data to image 

earthquake cycle and volcano deformation in Costa Rica 
over the period of 2015-2021. We discuss the challenges 
learned from current ALOS-2 ScanSAR application and 
implications towards future observation plan and data 
acquisitions in mapping plate interface deformation in 
subduction zone environment. 
 
 

2. DATA ANALYSIS 
 

We use the ALOS-2 ScanSAR data from the descending 
track 144 frame 3400 which provides good spatial 
coverage of Costa Rica region. Costa Rica is also covered 
by ALOS-2 ascending tracks. But acquisitions from these 
ascending tracks are much fewer and irregular, affecting 
their usage for time series analysis. The acquisitions in 
Track 144 started on August 14, 2014. Due to the burst 
alignment issues, the acquisitions prior to 2015/02/08 are 
not suitable for interferometry analysis.  In this study we 
use all acquisitions over the period of 2015/02/26-
2021/01/07 for a total of 42 scenes. Table 1 lists the list of 
scenes and baseline with regard to the reference date 
2015/02/26. Figure 4(b) shows the burst synchronization 
percentage between these dates and reference date 
2015/02/26. 
 

Figure 4. (a) Perpendicular baseline vs time of 114 
interferometric pairs in the stack analysis; (b) 

Histogram of burst synchronization percentage of 42 
ALOS-2 ScanSAR SAR scene dates used in the 

analysis.  

Figure 3. Ground footprints of the ALOS-2 
ScanSAR descending track 144 frame 3400 that 

covers the Nicoya Peninsula and 2017/11/13 Mw 6.5 
earthquake. Underlying shake map contours are 

from USGS. The red star represents the earthquake 
epicenter. The earthquake induced shaking was felt 

in a broad region 

Figure 2. Comparison between the integrated 
interseismic coupling model and local seismic and 

aseismic events. The regions of our model with 
coupling degree >70% are outlined in solid black 

lines. The region of coseismic slip >1.2 m is 
outlined in gray color. The coseismic rupture zone 

of 1990 Mw 7.0 earthquake is outlined in pink 
color. The sum of the slow slip during 2007–2012 is 
outlined in the light blue color [11]. Low-frequency 

earthquakes (LFE) [12] are plotted with green-
filled, white-bordered circles. Thrust aftershocks of 

the 2012 event are indicated with black dots. The 
110°C and 200°C isotherms are indicated as the 

white dashed lines [13], and the Moho is indicated 
as the red dashed line. 
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For tropical Costa Rica region, we find ALOS-2 ScanSAR 
interferograms with longer interval are more prone to 
unwrapping errors due to phase decorrelation. To mitigate 
the effects of temporal decorrelation on phase unwrapping 
and estimation of ionosphere phase screen, we restrict the 
formation of the interferogram pairs between one given 
date and its three closest neighbors. This results in ~114 
interferograms for time series analysis. The spatial and 
temporal baselines of these pairs are shown in Figure 4(a). 
For each pair we estimate the ionosphere phase through a 
range split-spectrum based approach [15]. We then 
perform a joint inversion to solve for the ionosphere phase 
screen at each SAR scene (more details see in section 3).  
 
Table 1. List of ScanSAR scenes and their parallel and 
perpendicular baselines with regard to the reference image. 

Reference 
date 

Secondary 
date 

Parallel Baseline 
(m) 

Perpendicular 
Baseline(m) 

150226 150409 16.419 -17.569 
150226 150702 -7.162 -20.138 
150226 150730 -101.919 70.127 
150226 150910 -131.043 144.301 
150226 151022 -158.723 97.907 
150226 151203 -162.385 151.269 
150226 160114 -60.917 100.106 
150226 160225 192.862 -228.834 
150226 160407 22.727 -71.118 
150226 160519 -5.44 -80.16 
150226 160728 -88.527 28.749 
150226 160908 -173.076 188.271 
150226 161020 -126.902 81.498 
150226 170112 -77.759 45.696 
150226 170223 -118.08 96.443 
150226 170406 -112.122 106.303 
150226 170629 -227.642 188.673 
150226 170727 -232.61 212.299 
150226 171019 -289.433 331.094 
150226 180222 -42.131 -15.758 
150226 180517 -70.822 -4.07 
150226 181018 -206.5 183.682 
150226 181115 -193.522 174.758 
150226 181213 -183.298 171.451 
150226 190110 -199.116 188.631 
150226 190124 -31.221 -49.31 
150226 190404 89.012 -345.376 
150226 190516 -140.742 310.875 
150226 190822 -286.222 304.21 
150226 190905 -223.389 239.12 
150226 191017 -358.641 377.298 
150226 191128 -308.093 336.429 
150226 200109 -199.53 188.94 
150226 200220 -33.119 -31.771 
150226 200514 -39.403 -39.598 
150226 200625 -122.679 37.512 
150226 200723 -160.962 105.294 
150226 201015 -173.342 142.359 
150226 210107 -139.37 132.096 

 
3. METHOD 

 
Ionosphere phase delay is one of the dominant noise 
sources in L-band SAR interferometry. For individual 
coseismic pair of ALOS-2 interferometry, we applied a 

split-spectrum based approach [15] provided as an add-on 
module in JPL/Caltech ISCE software to correct 
ionospheric noise. Our previous studies show that this 
correction is able to remove ionospheric features 
successfully while still retaining long-wavelength 
deformation signals [16]. To process the entire stack of 
ALOS-2 scenes, we use the alosStack processor in ISCE 
software. The alosStack processor forms the ALOS-2 
interferograms based on user specified spatial and temporal 
baseline constraints. It employs a full-aperture InSAR 
processing for ScanSAR data and estimates high precision 
ScanSAR system parameters. The processing flow 
involves high precision offset estimation and mosaic of 
subswaths and frames and is optimized for high efficiency 
stack processing. It also has the capability to process 
hundreds to thousands of interferograms in parallel. The 
ionosphere correction in alosStack processor is also based 
on the range split-spectrum but does so in a stack sense. 
The ionospheric phase at each acquisition is estimated in a 
least-square inversion using ionosphere phase estimates of 
all InSAR pairs. This ensures a consistent way for 
ionospheric phase estimation and correction. We estimate 
topography and orbit geometry phase using SRTM 3 arcsec 
digital elevation model (DEM) and precise orbits from 
JAXA and remove them from the interferogram. We 
further multi-look the interferograms in range and azimuth 
and use adaptive power spectrum filter to suppress phase 
noise and improve phase coherence [17]. Each 
interferogram is unwrapped using the statistical-cost, 
network-flow algorithm for phase unwrapping (SNAPHU) 
and minimum-cost flow (MCF) algorithm [18] and 
geocoded to the longitude and latitude grid.  
For InSAR time series analysis, we use a parallel version 
of an in-house variant of the Small Baseline Subset (SBAS) 
InSAR time series inversion approach to solve for ALOS-
2 ScanSAR line-of-sight (LOS) displacement time series 
and mean velocity assuming a linear deformation model 
[e.g.,19,20]. The approach is based on least squares and 
incorporates residual DEM error correction and earthquake 
offset estimate and use spatiotemporal filtering to remove 
high frequency turbulent troposphere noise [21,22]. 
 

4. RESULTS AND DISCUSSIONS 
 
For 2017/11/13 Mw 6.5 earthquake, our ALOS-2 
ScanSAR interferogram show no clear deformation signals 
associated with the event, presumably due to low 
deformation amplitude and large troposphere noise (Figure 
5).  For the coseismic interferogram and interferograms 
used for stack analysis, we find that there are significant 
ionosphere noises present in the original interferograms 
and can be mostly corrected by our range-split spectrum 
approach either at individual level or over the entire InSAR 
stack (Figure 5, 6).  
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Our initial time series results show both Nicoya Peninsula, 
Costa Rica (point A in Figure 7) and epicenter region of 
2017/11/23 Mw6.5 earthquakes (point B) undergo time-
varying subsidence while the coast region near Coronado 
in the south (point C) is seeing the uplift. Given the viewing 
geometry of descending track, the observed LOS 
subsidence is mostly due to the vertical displacement, 
reflecting possible joint contribution of postseismic 
deformation of 2012 Mw7.5 earthquake, plate loading and 
transient slip on subduction zone plate interface. We don’t 
observe the postseismic deformation signals following the 
2017/11/23 Mw6.5 earthquake. Further work is needed to 
better understand different features and separate the 
residual noise from tectonic/non-tectonic sources. Our 
analysis suggest temporal decorrelation remains a major 
challenge for L-band SAR sensor in subduction zone 
environment like Costa Rica. The challenge in phase 
unwrapping and reliable ionosphere phase estimation due 
to temporal decorrelation highlights the need for more 
frequent acquisitions for existing ALOS-2 and future 
ALOS-4 and NISAR missions.  
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PALSAR-2と地上設置型レーダー干渉計を併用した 

火山性地殻変動モニタリングに関する研究 
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1.はじめに

衛星搭載型 SARを用いた干渉解析は、広域かつ面

的に地表変動を調査することが可能であり、さらに、

原理的には現地観測を必要としないという利点から、

火山活動に伴う地殻変動の調査における重要なツー

ルの一つとして用いられるようになった。特に、ふ

よう 1号、だいち 1号、だいち 2号が搭載するL-band

の SARは、植生の多い日本の火山においても安定的

に地表変動調査が可能なため、日本の火山の地殻変

動調査において、有用性は高い。さらに、だいち 2

号は、以前の SAR搭載衛星と比べて、格段に軌道再

現性が向上しており、観測頻度も向上していること

から、単に噴火や地震発生時などのイベントに関す

る地殻変動調査のみならず、常時の地殻変動モニタ

リングにおいても有効と考えられる。これまで、多

くの火山について事例解析を行い、それらの解析結

果から、その有効性は明らかである。本報告におい

ては、それらの事例解析から、特にその有効性を示

す結果として、だいち 2 号搭載の PALSAR-2 のデー

タを用いて検出された、新燃岳の 2017年噴火前後の

地殻変動検出結果について報告する。

Fig. 1 霧島山周辺の地形図 

2.新燃岳の最近の火山活動の概要

新燃岳は九州南部の霧島火山群に属する活動的な

火山であり、最近では、2008年、2010年、2011年、

2017年、2018年に噴火が発生している(Fig. 1)。特に、

2011 年の噴火では 3 回の準プリニー式噴火が発生し

た後、火口内に溶岩が流出した。ALOS/PALSAR を

用いた SAR 干渉法および GNSS 観測によっては、

2010年初頭から新燃岳の西北西 5kmを中心とするよ

うな、噴火の前駆的な膨張変動が生じていたことが

明らかとなっており、また、準プリニー式噴火およ

び溶岩流出を挟む期間においては、同じ場所での収

縮変動が捉えられている[1]。2011年 9月の噴火発生

以降、噴火活動は静穏化したが、TerraSAR-Xの SAR

データを用いた SAR干渉解析により、火口内におい

て、局所的な膨張が継続的に生じていたことが明ら

かとなっている[2]。火山活動はしばらく静穏な状況

が継続したが、2017 年夏頃から山体の膨張変形が観

測され、2017 年 10 月 11日に噴火が発生した。本噴

火においては、火山灰の放出が連続的に約 1 週間継

続した。2018 年の噴火は、3 月 1 日から活動を開始

した。3月 6日には火口内で溶岩の流出が確認され、

9 日にはその一部が火口外に流出した。その後、比

較的小規模な噴火が断続的に発生したが、6 月の噴

火発生以降においては、火山活動は静穏化傾向にあ

る。 

3.解析方法

PALSAR-2 の解析においては、防災科研が開発して

いる SAR干渉解析ツール(RINC)を用いて、SAR干渉

法による地殻変動検出を行った[3]。本解析では、だ

いち 2 号のパス 23（南行軌道、右方向視）とパス

131（北行軌道、右方向視）において、2020 年末ま

でに取得されたデータを使用した。大気遅延誤差は、

気象庁が公表している数値気象モデル（メソスケー

ルモデル）の解析値から、大気遅延量を推定する手

法を用いて軽減した[4, 5]。電離圏遅延誤差は、SAR

画像が持つ周波数帯域を分割して、異なる周波数の

SAR 干渉画像を作成し、電離圏遅延成分と地殻変動

成分の周波数に対する応答の違いから、それらを分

離するスプリットスペクトラム法を用いて軽減した

[6, 7, 8]。時間間隔が 2年以下のデータペアをすべて

解析し、SBAS 法[9]を用いて得られた地殻変動デー
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タからスラントレンジ変化の時系列データを求め、

時間方向に短波長、空間方向に長波長の成分は非地

殻変動成分であると仮定して、スペクトル解析を用

いてその成分を分離するフィルター[10]を適用した。

さらに、DEM誤差に起因する誤差成分を軽減するた

め、垂直基線長の時間変化に相関する成分を推定し

て除去した。 

 

4. 2017年新燃岳噴火直前までの地殻変動 

 

前述した通り、新燃岳の火口内においては、2011

年噴火の活動が静穏化した以降においても、局所的

な膨張が観測されていた。Sentinel-1 データを用いた

SAR干渉解析からは、その変化は 2016年中頃まで継

続し、それ以降はわずかに収縮する傾向に転じてい

たことが明らかになっている[11]。Figure 2, 3は、だ

いち 2 号のパス 23 とパス 131 から取得された

PALSAR-2 データを解析して得られたスラントレン

ジ変化時系列であり、火口内の変動が膨張から収縮

に転じる時期から 2017年新燃岳噴火発生直前までの

広域的な地殻変動を示すものである。2017 年初頭ま

では、火口外において若干のスラントレンジ変化が

見られるが、周辺のノイズと同レベルであり、地殻 

 

 

Fig. 2 だいち 2号のパス 23（南行軌道、右方向視）で取得された PALSAR-2データを解析して得られた、

2015年 2月 9日から 2017年新燃岳噴火直前までのスラントレンジ変化時系列。コンターは、50m

毎の標高を示す。 
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Fig. 3 だいち 2号のパス 131（北行軌道、右方向視）で取得された PALSAR-2データを解析して得られ

た、2014年 9月 30日から 2017年新燃岳噴火直前までのスラントレンジ変化時系列。コンターは、

50m毎の標高を示す。 

 

Fig. 4 Sentinel-1の北行軌道と南行軌道に関する SAR干渉解析結果から求めた、準東西成分（Quasi-EW）

と準上下成分（Quasi-UD）成分の 2017年 6月 2日からの時間変化。陰影は地形を示す。 

 

変動を示すものかは不明である。しかし、2017年夏頃

から、パス 23（東上空からの観測）では、東山腹にお

いて短縮変化、パス 131（西上空からの観測）では、

西山腹においてスラントレンジ短縮変化が明瞭に見ら

れ、さらに時間とともに増大する傾向が見られた。こ

れは 2017 年新燃岳噴火の前に、前駆的な山体膨張が

生じていた可能性を示すものである。一方、火口内に

おいては、沈降が大きくなっているように見える。そ

れを時間的により詳しく見るために、Sentinel-1 デー

タを用いた SAR 干渉解析結果を見たところ、明らか

に 2017 年夏ごろから沈降が加速している。また、そ

の沈降域は、2011 年噴火における溶岩流出地点[12]に

一致することが特徴の一つである。この解釈にはより

詳細な検討を要するが、火口直下へのマグマの貫入に

より膨張が生じ、その直上に位置する火口では、弾性

論的な変形から沈降が生じたことによる可能性が考え

られる。 

 

4. 2017年新燃岳噴火以降の地殻変動 

 

Figure 5, 6は、だいち 2号のパス 23とパス 131から

取得された PALSAR-2 データを解析して得られた、

2017年新燃岳噴火以降のスラントレンジ変化時系列を

示す。2017 年噴火と 2018 年噴火の間の期間において

は、火口内においては 2017 年噴火直前から見られて

いた沈降の継続が見られるが、火口外においては顕著

な地殻変動は見られない。2018年噴火発生時にも、火

口内を除いて、明瞭な変化は見られないが、それ以降

においては、火口周辺で収縮変形が時間とともに増大

する傾向が見られる。これは火口下のマグマだまりで

減圧が生じていると推測される。火口の西北西 1~2km

の付近においては、スラントレンジ短縮変化が見られ

る。これらは、パス 23 とパス 131 の解析結果におい

て、スラントレンジ短縮変化の場所は異なるが、おお

よそ同じ時期に発生しているように見えることから、

ノイズではなく、実際の地殻変動である可能性が考え

られる。もしかすると、新燃岳の西北西に位置する深

部マグマだまりとの結合部が変位源であるのかもしれ
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ない。これについては、今後の詳細な調査が必要であ

る。 

 

5. まとめ 

 

本報告においては、PALSAR-2データを用いた SAR

干渉解析から検出された、2017年新燃岳噴火前後の地

殻変動について述べた。特に、2017年噴火に関する前 

 

 

Fig. 5 だいち 2号のパス 23（南行軌道、右方向視）で取得された PALSAR-2データを解析して得られた、

2017年新燃岳噴火以降（2017年 9月 30日）のスラントレンジ変化時系列。コンターは、50m毎の

標高を示す。 

 

 

Fig. 6 だいち 2号のパス 131（北行軌道、右方向視）で取得された PALSAR-2データを解析して得られ

た、2017年新燃岳噴火以降（2017年 10月 24日）でのスラントレンジ変化時系列。コンターは、

50m毎の標高を示す。 

 

駆的な地殻変動を検出できたことは、火山活動メカニ

ズムの理解に大きく貢献することは言うまでもなく、

さらに、火山活動評価のための地殻変動モニタリング

としての利用においても、高い有用性を持つことを示

す結果と言える。このような結果は、この領域におい

て高い頻度で観測が行われていたことが、好条件であ

ったと考えられる。PALSAR-2 による観測が、これほ

どの高頻度に実施されている地域は限定的であるが、
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まもなく打ち上げられる PALSAR-3では、全国的に高

頻度に観測が可能な設計となっており、全国の火山に

ついての網羅的な地殻変動モニタリングが可能になる

と期待される。そこで、我々は、火山の地殻変動モニ

タリングに将来の SAR を利用するための、SAR 自動

解析システムを次世代火山研究推進事業において構築

しているところである。このように、PALSAR シリー

ズは重要な地表変動モニタリングツールになると考え

られるので、このような L-band SAR ミッションが継

続的に進められることを期待したい。 
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1. INTRODUCTION

In this report, we provide the main results related to 
the exploitation of ALOS-2 SAR data for the assessment 
and the evolution of the ground deformation affecting 
highly urbanized alluvial plains and coasts and 
mountainous regions of Italy and worldwide. In this 
framework, we focused on the analysis and interpretation 
of ground displacements caused by earthquakes and 
volcanic eruptions, thus taking advantage of the high 
spatial coverage and coherence of ALOS-2 data. 

2. CASE STUDIES

We exploited ALOS-2 SAR data to investigate the ground 
displacements caused by three events, i.e., the 21 May 
2016, Mw 6.1 Petermann Ranges earthquake (Australia); 
the 30 October 2016, Mw 6.5 Norcia earthquake (Italy); 
and the 24 December 2018 Mt. Etna volcanic eruption 
(Southern Italy) and the related Mw 4.9 seismic event. 
On 21 May 2016, an Mw 6.1 intraplate seismic event 
(hereinafter Australia 2016) occurred along the Petermann 
Ranges Orogen, in the southwestern part of the Northern 
Territory of the Australia state (Figure 1a) [1]. This 
reverse fault event represented a rare intraplate earthquake 
since general low seismicity characterizes the region. The 
architecture and kinematics of the shear zones in the 
Petermann Orogen are mostly unknown; thus, this 
earthquake represents a good case study for the 
investigation of both the geometry and kinematics of the 
fault system over the area. 
The 30 October 2016, Mw 6.5 Norcia earthquake 
(hereinafter Norcia 2016) represents the most powerful 
event registered during a still ongoing (at the time of 
writing) seismic sequence, which is spread over the towns 
of Accumuli, Amatrice, Visso and Norcia (Figure 1b). 
The sequence started on 24 August 2016, when an Mw 6.0 
earthquake nucleated between the towns of Accumuli and 
Amatrice (Figure 1b) [2]. Hundreds of aftershocks were 
recorded; these aftershocks gradually migrated away from 
the earthquake hypocenter, suggesting the possibility of a 
transient diffusive process [3], [4]. On 30 October 2016, 
the Norcia earthquake (Mw 6.5; Figure 1b) struck the town 
of Norcia and caused further damage. According to 
seismological and geodetic data, the entire sequence 
activated along a normal fault system striking 
approximately NW-SE and dipping 40 to 55 degrees 
towards SW, with a locally listric shape [5], [6] and 

involving a crustal volume of approximately 6000 km3 [7]. 
These main faults were recognized as the Mt. Vettore-
Bove fault system, which is characterized by 
extensional/transtensional kinematics and dissects the 
clayey/marly and carbonatic sedimentary layers of the 
Central Apennines. The possible local reactivation of an 
inherited NW-dipping thrust has been proposed, even if 
the literature does not consistently agree with this model 
[8], [9]. The exploitation of ALOS-2 SAR data allowed 
understanding better the geometry of the earthquake 
causative fault. 
On December 24, 2018, the Etna Volcano (hereinafter 
Etna 2018) (Figure 1c) began a very intense eruption, 
featured by massive ash and gas emissions, lava flows, 
and an intense seismic swarm characterized by hundreds 
of small-size earthquakes. Among them, the largest was 
an Mw 4.9 event that nucleated on December 26 at a depth 
of approximately 1 km and hit some villages on the 
volcano southeast flank (Figure 1c), close to the Catania 
city, causing damage and ground fractures. Employing 
SAR interferometry, we studied the surface deformations 
caused by both the volcanic inflation and the seismic 
event. 

3. DATA AND METHODS

For the Australia 2016 earthquake, we applied the 
standard SAR Interferometry (InSAR) technique to a pair 
of L-band ALOS-2 Synthetic Aperture Radar (SAR) data 
to image the coseismic ground deformation induced by 
the earthquake. The SAR dataset consisted of a pair of 
Single Look Complex (SLC) images provided by the 
ALOS-2 mission of the Japan Aerospace Exploration 
Agency (JAXA), acquired along ascending orbit on 12 
December 2015 and 14 June 2016, with incidence and 
azimuth angles of approximately 36° and −13° 
respectively from the north. The perpendicular baseline 
between the two acquisitions was ~90 m, whereas the 
pixel posting of the images was ~7.5 m × 4 m along range 
and azimuth. 
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Fig. 1 (a) Simplified geological map of the 

Australia 2016 earthquake area. The yellow star 
indicates the 21 May, Mwp 6.1 earthquake. For the 
other symbols, see Polcari et al. [1]. (b). Seismic 
sequence associated with the 30 October 2016 Norcia 
earthquake. (c) Overview of the Etna volcano and 
location of the Mw 4.9 earthquake (the yellow star). 

For the Norcia 2016 earthquake, the SAR data used to 
highlight the coseismic ground displacements consisted of 
two pairs of SLC images provided by the ALOS-2 
mission and acquired along both ascending (28 October 
2016 – 11 November 2016) and descending (31 August 
2016 – 9 November 2016) orbits. Two additional pairs 
were used to analyze the entire seismic sequence: 9 
September 2015 – 2 November 2016 and 25 May 2016 – 
9 November 2016, on ascending and descending path, 
respectively. 
For the Etna 2018 case study, we performed an InSAR 
analysis by exploiting one pair of ALOS-2 images, 
acquired on 18 December 2018 and 29 January 2019 
along the descending orbit.  
For the Australia 2016 and Norcia 2016 events, we 
calculated both the wrapped and unwrapped coseismic 
interferograms for all the available SAR images by 
employing the classical InSAR technique [10] using the 
GAMMA© SAR software package [11]. For the Etna 
2018 event, we used the SARscape® software package. 
For all the interferograms, the topographic phase has been 
removed by using the SRTM 1-arc second Digital 
Elevation Model [12], and phase noise filtering [13] has 
been applied before unwrapping the interferograms using 
the Minimum Cost Flow algorithm [14]. 
 

4. RESULTS AND DISCUSSION 
 
For the Australia 2016 case, the interferometric 
processing provides the displacements caused by the 
earthquake along the satellite Line of Sight (LOS). 
Despite the long temporal baseline between the SAR 
acquisitions, i.e., 182 days, the InSAR analysis detected 
the coseismic surface deformation clearly. Several 
interferometric fringes are visible on the wrapped 
interferogram (Figure 2a) in the proximity of the epicenter. 
Each fringe represents a deformation estimated along with 
the satellite LOS of approximately 12 cm. The ALOS-2 
displacement map shows two main deformation lobes 
opposed in sign (Figure 2b), where positive and negative 
values indicate ground movements towards and away 
from the satellite sensor. LOS displacements peak at 
approximately 60 cm on the northeastern side and 
approximately −14 cm on the southwestern side. The 
detected displacements are associated with the inverse 
movement of a thrust fault plane dipping towards the 
northeast, with a dip angle of approximately 40 degrees 
and a strike of approximately 303 degrees, as obtained by 
finite fault inversions [1]. 
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Fig. 2 Wrapped interferogram (a) and 

LOS displacement map (b) retrieved by ALOS-2 
ascending SAR data. Positive and negative LOS 
displacements indicate ground movements towards 
and away from the satellite, respectively. The yellow 
star indicates the mainshock epicenter. 

 
For the Norcia 2016 case, the LOS coseismic 
displacement maps along both the ascending and 
descending orbits are shown in Figure 3 a and b, 
respectively. The images highlight the dominant 
subsidence (negative values) of the hanging wall over the 
Norcia and Castelluccio area, and the mainly eastward 
movement of the footwall, to the east of the Castelluccio 
village. Such displacements allowed identifying the fault 
segment responsible for the earthquake by means of finite 
fault kinematic inversions [6]. The model identified a 
fault plane belonging to the Vettore-Bove fault system 
(Figure 1b) with a strike of approximately 160 degrees 
and a southwest dip of approximately 40 degrees, which 
explains most of the coseismic subsidence and the mainly 
westward movement of the Norcia plain (Figure 3a). 
The analysis of the Norcia earthquake has also been 
complemented by exploiting two additional ALOS2 
images that encompass the whole sequence (thanks to the 
high phase coherence of L-band), from August 24 to 
October 30. The ascending and descending data were 
elaborated to estimate the total amount of uplifted and 

subsided ground, aiming at calculating the rock volume 
displaced by the three mainshocks [7] and the complex 
fault propagation that developed during the sequence [15]. 
Figure 4 shows a 3D map of the vertical deformation 
obtained in Bignami et al. [7]. The volume estimates are 
equal to 0.12 km3 for the subsided part and 0.016km3 for 
the uplifted one. 

 
Fig. 3 Ascending (a) and descending (b) 

LOS displacement maps retrieved by ALOS-2 SAR 
data. Positive and negative LOS displacements 
indicate ground movements towards and away from 
the satellite, respectively. The red star indicates the 
mainshock epicenter. 
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Fig. 4 3D view of the whole deformation 

due to the seismic sequence occurred in Central Italy 
from August 2016 to October 2016. Figure modified 
from Bignami et al. [7]. 

 
For the Etna 2018 event, the whole deformation pattern 
revealed by the ALOS-2 data is reported in Figure 5. 
The wrapped interferogram (panel a) and the 
displacement map (panel b) identified three different 
phenomena that occurred during the eruption, namely, the 
deformation of the volcano edifice (n.1 in Figure 5a), the 
earthquake dislocation (n.2 in Figure 5a) and the landslide 
deformation (n.3 in Figure 5a).  
The volcano edifice presents a deformation field mainly 
developed in the east-west directions. Currently, we 
estimate peaks of LOS deformations up to 40 cm 
westward and more than 65 cm eastward, which widely 
spread over the volcano flanks (Figure 5 a and b).  
Because of the dike opening, an earthquake occurred on 
December 26, dislocating the Fiandaca Pennisi Fault (FPF 
in Figure 5a and b). The event mainly caused a right-
lateral ground displacement. Indeed, the LOS deformation 
pattern (Figure 6) shows an eastward motion of the 
northeastern part of the fault that reaches about 15 cm, 
and westward displacement around 20 of maximum 
value- The pattern is in agreement with the seismic data 
as highlighted by the moment tensor solution as indicated 
by the focal mechanism in Figure 6. 
It is well known that secondary effects can occur during 
earthquakes. In the present case, a small landslide is 
observed in the southwestern part of the wrapped InSAR 
map (n°3 in Figure 1a), at about 23 km from the event. 
The LOS displacement pattern (Figure 7) highlights that 
the landslide mass moved towards the east of 
approximately 4/5 cm. The ground-shaking in the area 
caused by the earthquake is slightly higher than 0.01g and 
could be the cause of the observed movement. 

 
Fig. 5 Wrapped interferogram (a) and 

LOS displacement map (b) retrieved by ALOS-2 
descending SAR data. The red lines identify the main 
fault segments; the yellow star indicates the mainshock 
epicenter. FPF: Fiandaca Pennisi Fault. 

 
5. CONCLUSIONS 

 
The exploitation of ALOS-2 SAR data highlighted the 
ground displacements caused by seismic and volcanic 
events. In detail, we identified the ground displacements 
caused by the Australia 2016 reverse-fault earthquake, the 
displacements caused by Norcia 2016 event and the 
associated seismic sequence, and the displacements 
caused by the Etna volcano eruption and the associated 
Mw 4.9 seismic event. 
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Fig. 6 Detail of the LOS displacement map 

over the area affected by the 26 December 2018, Mw 
4.9 earthquake (n°2 in Figure 5a). The red line 
identifies Fiandaca Pennisi Fault. 

 
Fig. 7 Detail of the LOS displacement map 

over the area affected by the earthquake-induced 
landside (n°3 in Figure 5a). 
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1. INTRODUCTION

This project focuses on using space-geodetic 
observations of vertical velocities derived from ALOS-2 
ScanSAR and GPS measurements to determine 
contributions from mantle dynamics at the Mendocino 
Triple Junction (MTJ), Northern California. We ask, 'what 
are the driving forces controlling active uplift around the 
MTJ?'. By better characterizing the dynamics between 
Earth's interior and present-day surface deformation, we 
can improve our capability to assess and respond to natural 
hazards. In approaching this problem with InSAR, we ask 
what present-day interseismic surface deformation tells us 
about the long-term driving forces responsible for building 
topography and stimulating seismic cycles of faults in the 
MTJ region.  

In Northern California, the Pacific, North American, 
and Juan de Fuca plates meet at the MTJ. To the north, 
convergence is accommodated by the Cascadia Subduction 
Zone (CSZ), where the Juan de Fuca plate dives below 
North America at ~30mm/yr. South of the MTJ, the San 
Andreas Fault (SAF) accommodates ~22mm/yr of dextral 
slip between the Pacific and North American plates, with 
the remainder of the ~50 mm/yr transform motion being 
accommodated by secondary strike-slip faults [1]. The 
Juan de Fuca and Pacific plates are separated by the 
oceanic Mendocino transform fault, slipping right-laterally 
at ~47 mm/yr [1, 2]. Both the SAF system and CSZ 
represent significant seismic hazards, with the potential to 
generate major earthquakes [3]. Recent microseismicity 
and geodetic studies have revealed repeating earthquakes, 
episodic tremor and slow slip (ETS), and aseismic 
transients associated with the three fault systems around 
the MTJ [2, 4, 5].  

The MTJ has undergone significant tectonic 
reconfiguration over the past 30 Myr. Between 29-27 Ma, 
the spreading ridge separating the Pacific and Farallon 
plates subducted below the North American plate 
establishing the SAF and MTJ systems [6]. Since its 
inception, the MTJ has migrated northward to its present 
location at a rate of ~50mm/yr [6, 7]. As the SAF grew, a 
void formed in the space previously occupied by the 
subducting plate producing a slab-window at the southern 
edge of the subducting Gorda plate [8]. High heat flow, 
volcanism, and north-south variations in crustal thickness 
have been interpreted as imprinted signatures resulting 
from the passage of the MTJ and associated slab-window 
[9, 10].   

For all that we do know from geological and 
geomorphic observations, there remain questions about the 
deeper dynamics at play around the MTJ. There is no 
resounding consensus supporting a single geodynamic 
model. Furlong and Govers [11] proposed the Mendocino 
Crustal Conveyor (MCC) model to test the hypothesis of 
an exposed slab-window. A key feature of the MCC model 
is a two-lobe pattern of uplift predicted along the north-
south migration path due to 1) mantle flow and 2) isostatic 
adjustment. However, the MCC’s 2D formulation is 
problematic, given the 3D nature of the system. An 
alternate conceptual model proposed by Bodmer [12] 
interprets a low-velocity anomaly north of the triple 
junction as a region of buoyant asthenosphere, which 
increases plate locking and leads to topographic growth.  

Through this project, we seek to illuminate the 3D 
structure and dynamics of the MTJ to improve our 
understanding of how long-term driving processes are 
related to present-day surface deformation rates and 
ultimately contribute to an improved understanding of 
seismic hazards in the region. In contrast to Furlong and 
Govers [11], where imprints of paleo-uplift constrained 
geodynamic modeling, this project will take a snapshot of 
the present-day surface deformation and use it to constrain 
the geodynamics of the MTJ. This requires separating 
contributions of earthquake-cycle deformation on the plate 
boundary faults from the deeper-seated geodynamic 
processes. Importantly, only now does the large 
compilation of data we have assembled allow for the 
science we hope to do. 

To begin, this effort requires the measurement of a 
precise 3D deformation field, with particular focus on the 
accuracy of vertical velocities, which will be achieved 
using interferometric synthetic aperture radar (InSAR) 
methods. InSAR can provide a spatially continuous and 
self-consistent vertical velocity field that rivals GPS 
estimates in accuracy. Comparisons by Johnson et al. [13] 
of five published and derived GPS velocity solutions for 
California found vertical rates differed as much as 5mm/yr, 
with systematic differences coinciding with regions 
undergoing the fastest vertical deformation. As this project 
aims to capture vertical deformation with magnitudes of 
only a few millimeters per year, the inherent uncertainty in 
the published GPS datasets adds uncertainty to any 
subsequent analysis. Processing of InSAR data and 
integration of datasets will be completed with care to 
reduce sources of error and produce a precise and accurate 
vertical velocity field.  
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2. DATA COLLECTION AND PROCESSING 

 
We really are in the ‘Golden Age of SAR’. Previously 

a project of this scope would have been limited by 1) the 
footprint size of the SAR frames being smaller than the 
spatial extent of the targeted signal, 2) poor coherence from 
scattering properties or long baselines, 3) short duration of 
data acquisition periods, and 4) computational capacity. 
Over the past five years, ALOS-2 has acquired ScanSAR 
L-band data with scene footprints of ~350x350 km with 
well-controlled orbit geometries, producing interferograms 
with excellent coherence. To date, our group has collected 
an extensive dataset of ALOS-2 ScanSAR spanning all of 
Northern California and Southern Cascadia and including 
both ascending and descending acquisitions [see Figure 1]. 
We have selected one main frame of interest centered 
onshore from the MTJ (T170F2800) for initial processing, 
this frame has 43 acquisitions for the period Feb 2015 -- 
Jan 2021. Complementing ALOS-2, publicly available C-
band data from Sentinel 1A/B satellites, with acquisition 
intervals as short as six days, will be utilized to increase 
temporal resolution and provide an additional look angle 
for deriving the 3D velocity field. With access to the 
Berkeley Research Computing (BRC) high-performance 
computing (HPC) clusters, we now have the capability to 
store and process such large datasets.  

 
Fig. 1.  Summary of WInSAR ALOS-2 ScanSAR 

data acquired over central and northern California. 
Red box highlights data used for preliminary analysis 
presented in Figures 2, 3, 4 and 5.   

 
InSAR data processing is completed with the JPL 

Interferometric synthetic aperture radar Scientific 
Computing Environment (ISCE) software, using new stack 
processing workflows for ALOS-2 [14]. Within ISCE, the 
range split-spectrum method of Liang and Fielding [15] 
and Liang [16] is applied to calculate and remove 
ionospheric delays directly from ALOS-2 data [see Figure 
2]. Interferometric pairs are selected to ensure satisfactory 
redundancy in the network, including long temporal pairs 
with short perpendicular baselines, and to maximize 

coherence by preferentially selecting summer-to-summer 
pairs [see Figure 3].  

Time-series analysis will be performed with the Miami 
INsar Time-series software in PYthon (MintPy) as a 
weighted least-squares inversion producing pixel ground 
displacement in the line-of-sight (LOS) direction [17]. 
Within MintPy, tropospheric delays will be removed using 
the ERA-5 weather model [18, 19], and residual 
topographically correlated delays will be removed with a 
phase term linearly correlated with elevation [20].  

 
3. PRELIMINARY RESULTS 

 
Figure 4 presents the trade-off between mean image 

coherence, perpendicular baseline distance and temporal 
separation. Of the 179 pairs in Figure 3, all have a mean 
coherence great than 0.2. As expected, interferometric 
pairs with short baselines (both spatial and temporal) have 
high coherence with a maximum value of 0.7. The decrease 
in image coherence is stronger with increased temporal 
separation compared with spatial separation.  

 

 
Fig. 2.  Example interferogram from T170F2800 

processed with ISCE, demonstrating the importance of 
accurate ionosphere correction. From left: original 
wrapped interferogram, estimated ionosphere 
contribution, and ionosphere-corrected wrapped 
interferogram. Troposphere correction is yet to be 
applied to this example.   

 
Fig. 3.  Baseline distance plot for Track 170 Frame 
2800. Black lines show pairs selected to ensure 
sufficient redundancy of network linking one 
acquisition to the subsequent two. Red lines show pairs 
selected to maximize season-to-season pairs, connecting 
one acquisition to acquisitions within 1 year +/- 30 days 
and 2 years +/- 30 days. Summer-to-summer pairs have 
the highest coherence values while winter-to-winter 
have the lowest.   
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Fig. 4. Mean image coherence compared with 

perpendicular and temporal baseline separation. Slight 
trade-off between increased perpendicular baseline 
distance and coherence. Strong decrease in mean 
coherence with increased temporal baseline. 
 

A preliminary ALOS-2 stack, together with GPS 
velocities projected into the LOS direction, is presented in 
Figure 5 to show the velocity field’s spatially continuous 
nature. 100 pairs were manually selected to remove “poor” 
images with large regions of low coherence or strong 
tropospheric noise. These results show a good agreement 
between the GPS and InSAR derived velocities although 
topographically correlated noise remains in the InSAR 
mean velocity field. 

 
Fig. 5. Mean velocity field for T170F2800 from stack of 
~100 images show agreement with GPS (negative LOS 
is motion away from satellite). Near continuous 
observations across target region. Missing signal 
corresponds to regions with agriculture or seasonal 
snow cover. 
 

We have only recently compiled a large enough 
dataset to adequately address our research objectives and 
can now complete batch processing of all data in Figure 1. 
Once all InSAR processing is completed following the 
methods outlined above, we can begin to address our 
broader science objectives. The next sections outline future 
work to fully investigate the active deformation at the MTJ 
and interrogate the underlying processes driving.  
 

3. DECOMPOSING 3D VELOCITY FIELD 
 
To extract the three-dimensional deformation field 

from the LOS velocity fields, we will use at least two 
observations for each resampled pixel from ALOS-2 and 
Sentinel 1 A/B. As the spatial coverage varies between the 
datasets from different satellites, careful spatial 
interpolation will be required. Given the near polar-orbit 
geometry of both ascending and descending tracks, all 
InSAR observations are effectively insensitive to 
measuring north-south motions. For this reason, the north 
component of the continuous GPS (cGPS) velocity field 
will be interpolated across the InSAR frame, and only the 
east and up components will be solved for using the InSAR 
LOS velocity measurements. Following the method of 
Shirzaei and Bürgmann [21], half the cGPS velocities will 
randomly be assigned as tie points for the three-
dimensional decomposition of the velocity field. The 
remaining cGPS velocities will be used for independent 
comparison to determine the agreement and average 
absolute deviation between the InSAR and GPS derived 
velocity fields. 

 
4. CORRECTING FOR NON-TECTONIC AND 
POST-SEISMIC DEFORMATION SOURCES 

 
Vertical velocity gradients will first be reconciled with 

contributions from glacial isostatic adjustments (GIA), 
hydrological loading, time-dependent viscoelastic 
deformation from large earthquakes, and then finally with 
fault-related deformation sources. As we expect lateral 
variation in the viscosity structure around the MTJ, we will 
test multiple published GIA models and proceed with 
caution as local anomalies may be created from this 
correction. Along the Coastal Ranges of central California, 
seasonal and multi-year uplift and subsidence from 
hydrological loading have been observed (e.g., [22], [23], 
[24]). We will use Terrestrial Water Storage (TWS) 
estimates from NASA's GRACE satellite gravity mission 
with the SPOTL package to compute the solid Earth elastic 
response to surface mass loading [25].  

Post-seismic viscoelastic relaxation modeling, 
following the method of Pollitz et al. (2008, 2010) [26, 27], 
will be applied to model and remove contributions from 
large events, including the Mw 7.2 1992 Petrolia 
earthquake.  
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5. MODELLING CRUSTAL EARTHQUAKE 
CYCLE DEFORMATION SOURCES  

 
Although the regional deformation field of the 

Western United States (WUS) has been modeled with 
traditional block modeling approaches (e.g., [28], [29]), 
much of the deformation may occur outside of block 
boundaries spanning several hundred kilometers [30]. As 
our target signal may have a similar spatial gradient, 
constraining the off-fault deformation contributions is 
integral to accurately capture fault-driven deformation. We 
will therefore apply the block-like fault network method of 
Zeng and Shen [30] to develop a crustal deformation model 
that allows for incorporating secondary and finite faults. 
Faults and block boundaries are modeled as buried 
dislocations in a homogeneous half-space, and fault slip 
rates are constrained by inverting both geodetic and 
geologic slip-rate constraints. To resolve first-order surface 
deformation from known faults, we will first apply the six-
block WUS model of Zeng and Shen [30]. Subsequently, 
we will test the addition of local fault sources to resolve 
short-wavelength residuals in regions with known faulting 
activity. Once contributions from crustal sources are 
modeled and removed, we consider the residual velocity 
field solely due to deep-seated geodynamic driven 
deformation.  

 
6. MODELLING GEODYNAMICALLY DRIVEN 

DEFORMATION SOURCES  
 
Our key aim for geodynamic modeling is to determine 

the role of the lithospheric structure and mantle dynamics 
of the MTJ in driving the seismic cycle. The residual 
vertical velocity field will provide a surface boundary 
condition constraining the underlying mantle process. We 
will use a three-dimensional finite-element mantle 
convection model to determine how small-scale mantle 
flow, and isostatic adjustments to variations in crustal 
thickness, drive dynamic topography. Our research group 
has previously used both the commercial Abaqus and 
community PyLith FEM codes to model 3D deformation 
problems with viscoelastic rheologies. Shear wave splitting 
studies will be used to constrain the first-order structure of 
the mantle flow directions and estimate the three-
dimensional upper mantle density field [31, 32, 33, 34]. 
The inclusion of our new vertical velocity field will allow 
us to better constrain contributions due to mantle flow, 
including a strong vertical flow component as expected 
around the slab-window [11]. We aim to resolve finer 
details of the small-scale mantle flow patterns and slab-
mantle coupling on the exposed southern edge of the Gorda 
plate. We will test the surface deformation field's 
sensitivity to changes in the lower crust and upper mantle's 
viscosity, the thickness of the elastic layer, and the 
dimensions and orientation of the slab-window. In this 
process, we will compare and contrast geodynamic drivers 
presented in the literature, with our new vertical velocity 
field to determine the optimal model solution.  
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1. INTRODUCTION
Destructive earthquakes often lead to serious casualties and 
to the loss of property. After the disaster, quickly and 
effectively obtaining the building collapse information is 
essential to reduce casualties and loss. Although ground 
surveying provides the most accurate information of 
building collapse, it is time-consuming and dangerous. 
Alternatively, remote sensing is an excellent tool for 
collapsed building extraction because it can provide a 
quick response and allows monitoring of large areas after 
the disaster. Compared with optical remote sensing, 
synthetic aperture radar (SAR) is more suitable for 
extracting collapsed building immediately following a 
disaster, because it did not depend on sun illumination for 
imaging so that can work all day and even in poor weather 
conditions. Therefore, developing reliable and effective 
collapsed building extraction method based on SAR data is 
very important. Under RA-6 ALOS-2 project (PI NO. 
3319), we carried out a series researches for collapsed 
building extraction from multi-mode and multi-
polarization SAR image. This report summarizes the main 
achievements obtained from our researches. 

2. ACHIEVEMENTS 1: A ROBUST METHOD FOR
COLLAPSED BUILDING EXTRACTION FROM A

SINGLE POST-EVENT FULL POLARIZATION 
SAR DATA 

As an active remote sensing technology, SAR has shown 
strong potential for collapsed building extraction because 
it can provide a quick response and large area monitoring 
after a disaster. Many SAR-based collapsed building 
extraction methods have been proposed. Among them, 
most of methods were proposed using both pre- and post-
event SAR images. Although these methods are effective, 
they usually have higher requirements for the acquisition 
of SAR data. Generally, the pre-event SAR images must 
have the same imaging geometry and the appropriate 
baseline with the post-event SAR images for these methods. 
For unpredictable natural disasters, suitable pre-event SAR 
images that meets all of these requirements sometimes are 
not available. In this circumstance, developing collapsed 
building extraction methods that use only post-event SAR 
images is important and necessary. Therefore, in this 
research, a new method of collapsed building extraction 
using only a single post-event fully polarimetric SAR 
(PolSAR) image was proposed [1].  

For this research, because there is no pre-event SAR image, 
the prior information before the disaster was absent, which 
arouses some new problems for collapsed building 
extraction. For example, the misclassification between 
non-building areas and collapsed buildings, and the 
confusion between obliquely-oriented standing buildings 
and collapsed buildings. To well address these problems 
and improve the extraction accuracy, two sub-researches 
were carried out in this research. 
2.1 Sub-Research 1: Non-building Area Removal in 
Post-event PolSAR Image 
Due to the absence of prior information before the disaster, 
collapsed buildings in a single post-event PolSAR image 
are not confused only with standing buildings, but also 
confused easily with non-building areas. Therefore, the 
classification between non-building areas and built-up 
areas is important before extracting collapsed buildings, 
which could well reduce the interference of non-building 
areas to collapsed building extraction. Although several 
methods have been proposed to remove non-building areas 
from post-event PolSAR image, they usually only effective 
for a part of non-building areas, and some non-building 
areas, such as mountain vegetation and farmland areas, 
cannot be easily distinguished from built-up areas in post-
event PolSAR image. Therefore, in this sub-research, more 
effective classification features were selected and a new 
classification method for non-building area removal in 
post-even PolSAR image were developed. 
Study area and data sets: Two study sites were used to 
conduct experiments and analyses for this research. The 
first one is the Ishinomaki city in Japan after the 2011 
Tohoku earthquake and tsunami; the second one is Mashiki 
town in the Kumamoto area of Japan after the 2016 
Kumamoto earthquake. The detailed information of the 
experimental data sets in these two study sites is shown in 
Table 1. The Pauli RGB image of these two PolSAR data 
are shown in Figure 1 and Figure 2. 

Table. 1 Experimental data in two study sites 
Study 
Site 

Imagi
ng 

Time 

Sensor Pola
rizat
ion 

Resolution 
(azimuth 
ⅹrange) 

Incide
nt 

Angle 
Ishinom-
aki city 

2011-
04-08 

PALSAR Quad 4.45 m ⅹ
23.14 m 

23.8° 

Mashiki 
town 

2016-
04-21 

PALSAR-2 Quad 4.30 m ⅹ
5.10 m 

30.8° 
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Fig. 1 The Pauli RGB image of the ALOS PALSAR 

PolSAR data in Ishinomaki city. 

 
Fig. 2 The Pauli RGB image of the ALOS-2 PolSAR 

data in Mashiki town. 

Method: According to the visual feature analysis, three 
features: the π/4 double-bounce scattering component of 
the Pauli decomposition (Pauli π/4 feature), radar 
vegetation index (RVI) and the intensity component of the 
Shannon entropy (SEI) feature were found having good 
ability to separate non-building areas from built-up areas, 
as shown in Table 2. 

Table. 2 Experimental data in two study sites 

 

Furthermore, a series of probability density function (pdf) 
analyses were carried out to analyze the detailed ability of 
each feature in distinguishing non-building areas and built-
up areas, as shown in Figure 3-5. 

  
(a) (b) 

Fig. 3 The pdf analysis of Pauli π/4 feature of built-up 
area and different kinds of non-building area samples 
in different study sites: (a) Ishinomaki study site; (b) 

Mashiki town study site. 

  
(a) (b) 

Fig. 4 The pdf analysis of RVI feature of built-up area 
and different kinds of non-building area samples in 
different study sites: (a) Ishinomaki study site; (b) 

Mashiki town study site. 

  
(a) (b) 

Fig. 5 The pdf analysis of SEI feature of built-up area 
and different kinds of non-building area samples in 
different study sites: (a) Ishinomaki study site; (b) 

Mashiki town study site. 

The analyses demonstrated that the Pauli π/4 feature, RVI 
feature, and SEI feature are sensitive to different types of 
non-building areas. The Pauli π/4 feature has good ability 
in separating built-up areas from water, road, and bare soil 
areas in post-event PolSAR image; the RVI feature is good 
at distinguishing built-up areas from vegetation areas; and 
the SEI feature is effective for distinguishing between 
built-up areas and farmland areas in post-event PolSAR 
image. This revealed that if these features can be used 
together in a suitable way, most kinds of non-building areas 
could be accurately removed. Therefore, a three-feature 
based random forest (RF) classification method was 
proposed in this sub-research. The flowchart of the 
proposed non-building area removal method is shown in 
Figure 6. 
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Fig. 6 Flowchart of the proposed non-building area 

removal method in post-event PolSAR image. 

Results: The proposed method was compared with two 
classical non-building area removal methods: 𝐻𝐻 − 𝛼𝛼 
method [2] and 𝐻𝐻 − 𝛼𝛼 −𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑎𝑎𝑎𝑎𝑎𝑎  classification method 
[3]. Figure 7 and Figure 8 show the compared results in 
Ishinomaki study site and Mashiki town study site 
respectively. In these figures, the base map was the Pauli 
RGB image of the PolSAR data in the corresponding study 
site, and the blue areas show the retained built-up areas 
after removing non-building areas by each method. 

 
(a) 

 
(b) 

 
(c) 

Fig. 7 The results of non-building area removal in 
Ishinomaki city with different methods: (a) the 𝑯𝑯− 𝜶𝜶 

method; (b) the 𝑯𝑯− 𝜶𝜶 −𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘 classification 
method; (c) the proposed method. 

  
(a) (b) 

 
(c) 

Fig. 8 The results of non-building area removal in 
Mashiki town with different methods: (a) the 𝑯𝑯− 𝜶𝜶 

method; (b) the 𝑯𝑯− 𝜶𝜶 −𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘 classification 
method; (c) the proposed method. 

From the figures, it is notable that compared to the other 
two methods, the proposed method could well correct the 
misclassification in mountain vegetation and farmland, 
which results in clear outlines of urban areas; and the 
method could identify rivers and roads more finely, as 
shown by the northeast–southwest road in the Ishinomaki 
city in Figure 7c, and the east–west narrow road in Mashiki 
town in Figure 8c. In addition, the built-up areas in the two 
study sites are almost completely retained by using the 
proposed method, which proves that the proposed method 
could well avoid affecting built-up areas. 
To further evaluate the performance of the proposed 
method, the quantitative analyses were conducted. By 
visually interpreting the Google Earth images, 1000 non-
building area test samples and 1000 built-up area test 
samples were selected in Ishinomaki study site; and 500 
non-building area test samples and 500 built-up area test 
samples were selected in Mashiki town study site. Based 
on these test samples, the confusion matrix was calculated 
for each study site, as shown in Table 3 and Table 4. 

Table. 3 Confusion matrix of built-up and non-
building area classification in two study sites with 

different methods. 

  𝑯𝑯− 𝜶𝜶 method 

𝑯𝑯− 𝜶𝜶 −
𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘 

classification 
method 

Proposed 
method 

  
Non-

building 
area 

Built-
up 

area 

Non-
building 

area 

Built-
up 

area 

Non-
building 

area 

Built-
up 

area 

Ishin
omak
i city 

Ground truth    
Non-building 

area 
508 492 828 172 848 152 

Built-up area 59 941 121 879 32 968 
Prod. accu. 50.8% 94.1% 82.8% 87.9% 84.8% 96.8% 

 OA: 72.5% OA: 85.4% OA: 90.8% 

Mash
iki 

town 

Ground truth    
Non-building 

area 
52 448 461 39 499 1 

Built-up area 14 486 30 470 19 481 
Prod. accu. 10.4% 97.2% 92.2% 94.0% 99.8% 96.2% 

 OA: 53.8% OA: 93.1% OA: 98.0% 
It could be observed that the proposed non-building area 
removal method has the highest accuracy for built-up and 
non-building area classification in post-event PolSAR 
image, which is around 5%-10% higher than other methods. 
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And for different study sites, the classification accuracy for 
built-up and non-building area in post-event PolSAR 
image can keep over 90% by using the proposed method. 

2.2 Sub-Research 2: Collapsed and Standing Building 
Classification in Post-event PolSAR Image 
After removing the non-building areas, the most important 
task for collapsed building extraction in post-event 
PolSAR image is the classification of collapsed and 
standing buildings in post-event PolSAR image. For this 
sub-research, there are two problems usually influencing 
the extraction accuracy according to the previous 
researches [2-4]. The first one is the confusion between the 
obliquely-oriented standing buildings and the collapsed 
buildings. The second one is the misclassification of the 
collapsed buildings in “special” seriously damaged areas. 
The “special” seriously damaged area means the seriously 
damaged area that contains a few typical orthogonally-
oriented buildings, whose structure is retained after the 
disaster and arrangement direction is almost completely 
parallel to or perpendicular to the satellite flight path. To 
address these problems, a new polarization feature was 
proposed and a multi-feature-based RF classification 
method was developed to classify the collapsed and 
standing buildings in post-event PolSAR image. 
Study area and data sets: The experimental data and 
study sites for this sub-research are same with that of the 
sub-research 1, whose detailed information could be found 
in Table 1, Figure 1 and Figure 2. In addition, to provide a 
reference for verification, the block/grid-level reference 
maps of building damage were also produced in 
Ishinomaki city and Mashiki town respectively for this sub-
research, which were produced respectively by referring to 
the interpreted damage map in Ishinomaki city [5] and the 
field survey damage map in Mashiki town [6-7]. The 
produced reference maps are shown in Figure 9 and Figure 
10. 

 
Fig. 9 The block-level reference map of building 

damage in the Ishinomaki study site. 

 
Fig. 10 The grid-level reference map of building 

damage in Mashiki town. 

Method: For the problem of the classification of obliquely-
oriented and collapsed buildings, a new polarization 
feature – MaxC feature was first created specifically via 
development of the optimization of polarimetric contrast 
enhancement (OPCE) matching algorithm. The schematic 
diagram of OPCE matching algorithm is shown in Figure 
11, where 𝐶𝐶𝐶𝐶  denotes the sample set of the collapsed 
buildings, and 𝐾𝐾𝐶𝐶𝐶𝐶 denote the average Kennaugh matrix of 
the sample set 𝐶𝐶𝐶𝐶, 𝑥𝑥(𝑤𝑤, 𝑗𝑗) represents an arbitrary pixel in 
PolSAR image 𝐿𝐿 , 𝐾𝐾𝑥𝑥(𝑖𝑖,𝑗𝑗)  corresponds to the Kennaugh 
matrix of 𝑥𝑥(𝑤𝑤, 𝑗𝑗). 

 
Fig. 11 The schematic diagram of the OPCE matching 

algorithm. 

For simultaneously addressing the misidentification 
problem of some seriously damaged urban areas, eight gray 
level co-occurrence matrix (GLCM) [8] texture features 
were used together with the proposed MaxC feature and a 
multi-feature-based RF classification method was 
developed. The complete flowchart of the proposed 
collapsed building extraction method is shown in Figure 12. 

 
Fig. 12 Flowchart of the proposed collapsed building 

extraction method. 

Result: The pixel-based results of collapsed building 
extraction in Ishinomaki and Mashiki town study sites are 
shown in Figure 13. It can be seen that the main collapsed 
areas, which are shown with yellow circles in Figure 13, 
are all correctly detected in the three study sites. The 
obliquely-oriented buildings, shown with the blue 

Post-event PolSAR image

Pre-processing RVI feature

OPCE Matching

Feature 1：MaxC

Built-up area

Random forest classifier

Standing buildings Collapsed buildings

Building damage detection result

GLCM texture extraction

Feature 2–9：GLCM texture features

Step1:  Non-building area removal

Step2:  Collapsed and standing 
building classification

Non-building 
areaPauli π/4 feature

SEI feature

Random 
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rectangles in Figure 13, are almost all correctly classified 
as standing buildings in the three study sites. 

 
(a) 

 
(b) 

Fig. 13 Pixel-based results of collapsed building 
extraction in different study sites: (a) the result in 

the Ishinomaki study site; (b) the result in the 
Mashiki town study site. 

The results demonstrate the ability of the proposed method 
to extract collapsed buildings in a single post-event 
PolSAR image. To further quantitatively evaluate the 
performance of the proposed method, the pixel-based 
results were converted into block/grid-level damage map 
[1] and compared with the reference maps, as shown in 
Figure 14, Figure 15 and Table 4.  

 
(a) 

 
(b) 

Fig. 14 Block-level reference map and damage map in 
Ishinomaki: (a) reference map; (b) damage map from 

the proposed method. 

  
(a) (b) 

Fig. 15 Grid-level reference map and damage map in 
Mashiki town: (a) reference map; (b) damage map 

from the proposed method. 

Table. 4 Accuracy evaluation results of the proposed 
method in different study sites. 

Study site 

Detection rate of different damage 
level (%) of the proposed method OA 1 

(%) Slight 
damage 

Moderate 
damage 

Serious 
damage 

Ishinomaki 100.0 26.0 86.3 97.4 
Mashiki 

town 
88.3 35.7 64.8 78.5 

The figures and table show that the proposed method is 
effective and reliable. The overall accuracy of the collapsed 
building extraction was more than 78% in the two study 
sites, and up to 97% in the Ishinomaki study site.  
(More information about this achievement could be found 
in paper [1].) 
 
3. ACHIEVEMENTS 2: A NOVEL MODEL-BASED 
POLARIMETRIC DECOMPOSITION METHOD 

FOR THE EXTRACTION OF COLLAPSED 
BUILDING 

Polarimetric decomposition is a common way to analyze 
the scattering mechanisms of the target, and is widely used 
in features extraction, target identification and 
classification of PolSAR image. There are many 
polarimetric decomposition approaches for scattering 
mechanisms analysis. For example: Pauli decomposition, 
Freeman decomposition, Yamaguchi decomposition and so 
on. However, most of these decomposition methods were 
not proposed specifically for extracting collapsed buildings 
and cannot be well used for collapsed building extraction. 
For this reason, a new model-based polarimetric 
decomposition method was proposed in this study 
specifically for the application of collapsed building 
extraction. The proposed decomposition approach is able 
to fit different type of buildings with appropriate scattering 
model, which will decrease the confusion of orientation 
leading to in collapsed building extraction. 
Study area and data sets: Two study sites: Ishinomaki 
city and Mashiki town were chosen for this research. And 
the parameter of the PolSAR data sets in these two study 
sites are shown in Table 5. 

Table. 5 Parameters of PolSAR data used in research 
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Study 
Site 

Imagi
ng 

Time 

Sensor Pola
rizat
ion 

Resolution 
(azimuth 
ⅹrange) 

Incide
nt 

Angle 
Ishinom-
aki city 

2011-
04-08 

PALSAR Quad 4.45 m ⅹ
23.14 m 

23.8° 

Mashiki 
town 

2016-
04-21 

PALSAR-2 Quad 4.30 m ⅹ
5.10 m 

30.8° 

Method: The proposed model-based Polarimetric 
decomposition approach formulated as: 

𝑻𝑻 = 𝑃𝑃s𝑻𝑻s + 𝑃𝑃𝑑𝑑𝑻𝑻d + 𝑃𝑃v𝑻𝑻(𝑛𝑛,𝜙𝜙) + 𝑃𝑃asy𝑻𝑻(𝜏𝜏), (1) 

where 𝑃𝑃s  is the surface scattering contribution, 𝑻𝑻𝐬𝐬  is the 
surface scattering model; 𝑃𝑃d  is the double-bounce 
scattering contribution, 𝑻𝑻𝐝𝐝 is the double-bounce scattering 
model; 𝑃𝑃v  is the volume scattering contribution, 𝑻𝑻(𝑛𝑛,𝜙𝜙)  is 
the volume scattering model; 𝑃𝑃asy  is the asymmetry 
scattering contribution, 𝑻𝑻(τ)  is the asymmetry scattering 
model; and 𝜏𝜏,𝑛𝑛,𝜙𝜙  are the adaptive parameters, 
corresponding to symmetry property, cross-pol structure 
and orientation direction, respectively. Figure 16 shows 
how these three adaptive parameters respond to targets’ 
physical properties. High value of 𝜏𝜏  suggests that the 
symmetry scattering is predominate. Low value of 𝑛𝑛 
indicates that cross-pol scattering is stronger than co-pol 
scattering. And low value of 𝜙𝜙 signify the large orientation 
angle between radar propagation direction and targets. 

 
Fig. 16 The physical meaning of the three adaptive 

parameters τ, n and Φ. 

Compared with Freeman three component decomposition 
(FFD), the improvement of the proposed approach is 
displayed in Figure 17, which can be concluded as adding 
four output features by replacing the volume scattering 
model with the adaptive volume scattering model and 
asymmetry scattering model. 

 
Fig. 17 The improvements of the proposed 

decomposition approach compared with FDD 

Results: The eight components of the proposed 
decomposition method were used together to extract 
collapsed buildings. With the RF classification method, the 
results of collapsed building extraction in Mashiki town 
and Ishinomaki city study sites are shown in Figure 18 and 
Figure 19. The results indicate that the proposed 
polarimetric decomposition approach improves the 
extraction accuracy over 90% in block level (Fig. 18) and 
over 80% in building level (Fig. 19) using ALOS and 
ALOS-2 PolSAR data. 

 
Fig. 18 Damage ratio in Mashiki town study site using 
the proposed decomposition approach. The subgraph 

shows reference data from Kyoto University. 

 
Fig. 19 Collapsed building extraction result in 
Ishinomaki city study sites using the proposed 
decomposition approach. The subgraph shows 

reference data from Tokyo University [5]. 

 
4. ACHIEVEMENTS 3: DATA EVALUATION FOR 

COLLAPSED BUILDING EXTRACTION 
For comparing and choosing the most suitable PolSAR 
data for collapsed building extraction, in this project we 
also conducted the research about the data evaluation. The 
PolSAR data sets from the main PolSAR satellite: ALOS-
2, Radarsat-2 and GF-3 were collected and compared from 
many aspects. Since the performance of PolSAR data is 
impacted by many factors, like sensor parameters, image 
acquisition situations and so on, a novel three-hierarchy 
evaluation method was proposed to make an adequate 
evaluation [9]. 
Study area and data sets: Two study sites: Beijing, China 
and Wuhan, China were chosen to conduct the data 
evaluation. And 13 PolSAR images in these two study sites 
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were collected, Table 6 show the parameters of these 
PolSAR image. 

Table. 6 Specifications of the used PolSAR images. 

 Imaging 

Time 

Abbrevi

ation 

Incidence Angle 

(deg) 

Beijing    

GF-3 2017-03-08 GF-1703 46 ~ 47 

GF-3 2017-10-02 GF-1710 36 ~ 38 

GF-3 2017-12-09 GF-1712 19 ~ 22 

ALOS-2 2016-03-08 A2-1603 38 ~ 39 

ALOS-2 2016-10-27 A2-1610 26 ~ 28 

ALOS-2 2016-12-22 A2-1612 26 ~ 28 

RADARSAR-2 2009-03-08 R2-0903 39 ~ 40 

Wuhan    

GF-3 2017-02-12 GF-1702 35 ~ 37 

GF-3 2017-05-29 GF-1705 35 ~ 37 

GF-3 2017-08-24 GF-1708 35 ~ 37 

ALOS-2 2015-04-03 A2-1504 35 ~ 37 

ALOS-2 2016-01-08 A2-1601 35 ~ 37 

RADARSAR-2 2016-07-06 R2-1607 45 ~ 46 
 
Method: The proposed three-hierarchy evaluation 
framework consists of histogram-based analysis, pixel-
based analysis and classification assessment, as shown in 
Figure 20. The histogram-base analysis involves two 
hypotheses: 1) PolSAR image satisfies backscatter 
reciprocity (𝑆𝑆ℎ𝑣𝑣 = 𝑆𝑆𝑣𝑣ℎ) [10]; and the intensity difference 
between HV and VH should reach zero for most of the 
pixels if the data had insignificant polarimetric distortion; 
2) PolSAR images with similar Equivalent Number of 
Looks (ENL) should have similar statistical distributions in 
the same area [11]; and the polarimetric distortions of the 
data of GF-3 and other sensors keep in a similar level if 
those data have similar histogram. The pixel-based analysis 
is under the hypothesis that polarimetric distortion enlarges 
the polarimetric decomposition error [12-13]; and the 
polarimetric distortion is considered insignificant when the 
polarimetric decomposition result of different types of 
samples presents specific backscattering features and 
significantly separated. The hypothesis of the classification 
assessment assumes that polarimetric distortion decreases 
the classification accuracy [14]; and considering the impact 
of image acquiring situation operational band, incidence 
angle and resolution, higher classification accuracy 
indicates better polarimetric fidelity and image quality. 
Overall, the three-hierarchy framework starts at the bottom 
of data, through the middle of polarimetric decomposition 
feature and ends at the top of application. 

 
Fig. 20 Framework of the proposed three-hierarchy 

evaluation method for evaluating the quality of 
PolSAR data 

Results: The comparison and evaluation results of 
backscattering coefficients are shown in Table 7. PolSAR 
data from three satellites show high similarity in 
distribution of backscattering coefficient. 

Table. 7 Comparison and evaluation of backscattering 
coefficients for GF-3, ALOS-2, and RADARSAT-2 

PolSAR data. 

 
The polarimetric performance of target for GF-3, ALOS-2, 
and RADARSAT-2 PolSAR data are shown in Table 8. 
From the table, it can be noted that in GF-3 PolSAR data, 
the model-based polarimetric decomposition performed 
better; in Radarsat-2 PolSAR data, the Pauli decomposition 
performed better; and in ALOS-2 data, eigenvalue-based 
Decomposition performed better. 

Table. 8 Evaluation of polarimetric performance of 
target for GF-3, ALOS-2, and RADARSAT-2 PolSAR 

data. 

 
The classification performances of different PolSAR data 
are evaluated by confusion matrix, as shown in Figure 21. 
For the same study area, the classification accuracies for 
GF-3 PolSAR data, Radarsat-2 PolSAR data and ALOS-2 
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PolSAR data were 77.34%, 77.77% and 80.07% 
respectively.  

  
(a) (b) 

 
(c) 

Fig. 21 Confusion matrix of classification results for 
different PolSAR data: (a) GF-3 PolSAR data; (b) 
RADARSAT-2 PolSAR data; (c) ALOS-2 PolSAR 

data. 

Overall, GF-3, ALOS-2 and RADARSAT-2 PolSAR data 
almost present similar performance in backscattering 
analysis, decomposition result and classification result, and 
for collapsed building extraction, all the three PolSAR data 
are available and also may be collaborated for data fusion. 
(More information about this achievement could be found 
in paper [9].) 
 

5. SUMMARY 
In this project, a series researches were carried out and 
many achievements were obtained for collapsed building 
extraction based on ALOS PALSAR and ALOS-2 
PALSAR-2 SAR data. Specifically, a robust method for 
collapsed building extraction using a single post-event 
PolSAR image was developed, which could be well used 
in collapsed building quick extraction and the extraction 
accuracy can stably over 78% for most cases; a novel 
model-based polarimetric decomposition method for the 
extraction of collapsed buildings was proposed, which can 
well improve extraction accuracy of collapsed buildings 
based on SAR data; a reliable non-building area removal 
method was developed based on post-event PolSAR data, 
which could well reduce the interference from non-
buildings to collapsed building extraction. In addition, a 
comparison and evaluation were conducted for ALOS-2, 
GF-3 and Radarsat-2 PolSAR data, all three PolSAR data 
were found be suitable for collapsed building extraction 
and have similar performance in backscattering, 
polarimetric decomposition and classification result. 
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1. INTRODUCTION

This project ALOS RA-6 was aiming to study earthquake 

cycle in relation to subduction zones using differential 

SAR interferometry technique with ALOS-2 and Sentinel-

1 data. The earthquake cycle on subduction zones is not 

only determined by physical processes occurring on the 

subduction interface like transient slow slip events, but also 

by surrounding earthquakes in the uppercrust or intraplate 

events. Such events have to be investigated to better 

understand seismic hazard in subduction area. In this 

project, we investigated two case study :  The 2018-09-28 

M. 7.5 Palu Earthquake, a crustal strike-slip fault

connected to the Minahassa Trench, North of in Indonesia,

and the Mexican subduction zone over the period 2015-

2018 when both large interface and intraplate earthquakes

occurs at the same time than a large Slow Slip Event (SSE)

in the Guerrero area.  Since 20 years, observations of SSE

have increased world-wide, like in New-Zealand (e.g [1],

[2]), in Ryukiu [3], in Northeastern Japan [4], [5], in Alaska

[6], [7], in Costa Rica [8], [9], in Equator [10], [11], or in

Chile [12], [13]. These observations have shown that

transient slow slip is a relatively common feature in

subduction zones with a broad range of behaviors [14]–

[17]. The Mexican subduction is the place where some of

the largest recorded SSE occur in world[18]–[24] . The

surface deformation of the large Mexican SSE are located

mainly on-land, that is favorable for space geodesy.

Fom a methodological point of view, InSAR processing of

data from the L-band ALOS-2 satellite (2015-2020) is

relevant and complementary to Sentinel-1 for the

measurement of coseismic deformations. However, for the

study of interseismic and SSE, it proved to be more

difficult due to ionospheric disturbances (much larger than

in C-band). The ionospheric phase delay can indeed be

very important in L-band interferograms, up to several

decimeters  [18], [19], whereas the tectonic signal is of the

order of the centimeter.

We will first present the results of the coseismic study of

the Palu Earthquake with ALOS-2 data, and then results on

the Mexican subduction zone using ALOS-2 and Sentinel-

1 data.

2. THE 2018 M7.5 PALU EARTHQUAKE

The 2018-09-28 M7.5 earthquake in Palu, Indonesia, offer 

the interesting opportunity to study an earthquake on a 

crustal strike-slip fault (the Palu fault) connected with a 

subduction zone (the Minahassa Trench) which is part of 

the complex Indonesian tectonics setting. This case study 

is complementary to the Mexican case where it has been 

proposed that some crustal faults could interact with slip 

activity on the subduction interface.     

The Palu earthquake occurred on the strike-slip fault Palu-

Koro, which is the main plate boundary structure that 

accommodates the relative motion between the Makassar 

block to the west and the North Sula block to the east. The 

strike-slip fault connects to the Minahassa subduction zone 

to the North, and to the Matano strike-slip fault to the south 

(Fig. 1 Left). Given paleoseismological data and GNSS 

measurement, a large earthquake was expected on this fault 

[20]. 

Figure 1 : Surface displacements associated with Mw 

7.5 Palu earthquake from InSAR (left) and optical 

image correlation (right). The colored dots represent 

one month of foreshock (blue) and aftershock (yellow 

and red) seismicity (different temporal color scales are 

provided on each panel to show the detailed evolution 

of the seismic sequence). A), Unwrapped ALOS-2 

interferogram. The surface trace of the ruptured fault 

is shown as a red line. b) Map of the horizontal surface 

displacement computed by the correlation of Sentinel-2 

images. from [21]. 
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We investigate the coseismic deformation of the 

Earthquake using ALOS-2 PALSAR2 SAR interferometry 

complemented by optical image correlation using Sentinel-

2 and Landsat-8 imagery (Fig. 1 and Fig. 2) [21]. ALOS-2 

data are in observation mode WD1 (ScanSAR, Beam W2, 

Path 26, Frame 3650), along a descending path. We 

processed only the first scan (over five) as the other scans 

are offshore to the west. The ALOS interferogram was 

processed using GMTSAR (open-source InSAR 

processing code [22]) using images acquired on the 21 

August 2018 and on the 2 October 2018, separated by a 

perpendicular baseline of 60 m, and the ALOS 30 m 

resolution digital elevation model from the Global Digital 

Surface Model52 (AW3D30) computed from JAXA 

(www.eorc.jaxa.jp/ALOS/en/aw3d30/data/index.htm) 

(Fig. 2).  

 

This study of the 28 September 2018 Mw 7.5 Palu 

earthquake in Sulawesi, Indonesia is a representative 

example of deep trend in remote-sensing analysis of large 

earthquake showing surface rupture: the systematic 

combination of optical images correlation with InSAR. In 

the past 10 years, the number of optical satellites suitable 

for surface displacement measurement has significantly 

increased, ranging from constellations of high resolution 

(<1 m) satellites like QuickBird, Pleiades, WorldView or 

Geoeye, to satellites with medium-resolution (10 m) and 

global coverage archives like Landsat-8 and twin Sentinel-

2 satellites.  This wide range of data makes it possible to 

use these satellites to measure localized (<1km) decimetric 

or more surface displacements. This capacity is very 

complementary to that of InSAR, which tends to have 

decorrelation for such gradient of displacement (see near 

field noise in interferogram shown in Fig. 2) and to be more 

sensitive to vertical displacement. 

In the case of the Palu earthquake, the combination of 

the two techniques gives a detailed images of the fault trace 

and secondary structures and at the same time far field 

measurement that constraints inversion of slip distribution 

at depth. Results show that the slip initiated on a 

structurally complex and previously unknown fault to the 

north, extended southwards over 180 km and passed 

through two major releasing bends. Although this study did 

not involve seismological data, we propose that the Palu 

earthquake probably ruptured a 30 km fault section south 

of Palu city at supershear velocities. This conclusion was 

mainly based on observation from satellite geodesy 

showing that this section of the rupture is very linear and 

slightly offset from the mapped geological fault at the 

surface and shows large and smooth surface slip of 4–7 m 

with almost no aftershock seismicity, which are 

characteristics similar to those from known supershear 

segments.  

This has been confirmed by other studies including 

seismic data, teleseismic array and regional broadband 

stations [23]–[25]. Fang et al. propose a supershear model 

quite similar to Bao et al. with a persistent supershear 

rupture from early on. On the other hand, Zhang et al. 

obtains a model with a slow start of the rupture and a 

supershear acceleration only around 20 seconds. 

 

 

 
 

Fig 2: Wrapped ALOS2 SAR interferogram (with 

DEM in background, showing the details of the 

Deformation. Note the decorrelation of the signal in 

near field close to the black line that represents the 

main fault surface rupture. One can also notice a 

reactivation of a secondary fault ~50km west of the 

main rupture (green Arrows).  

 

 

 

 

 

 
584



3. THE MEXICAN SUBDUCTION 

 

The Mexican subduction zone extend along about 

1000km at the Pacific coast of southern Mexico (fig. 3 and 

fig. 4). The slip on the plate boundary interface between the 

subducting Cocos oceanic sea plate and the North America 

plate due to the plate convergence range from about 5 to 7 

cm/yr. Instrumental seismicity has recorded several major 

(Mw>7) earthquakes since the beginning of the 20th 

century related to the subduction (fig. 3) (e.g. [26]).  

Since 1911, whereas the seismic cycle in the Mexican 

subduction zone have an average recurrence time of 30-60 

years for large subduction earthquakes [27]. In its broadest 

definition, if the seismic gap were to rupture, it could give 

rise to a Mw 8 earthquake [28], [29]. The question of 

whether slow earthquakes release a significant part of the 

stress in the seismogenic zone or, on the contrary, are 

downdip the seismogenic zone (deeper than 20-25 km) and 

load it on each event is therefore crucial [30], [31]. This 

question is related to the more general issue of interaction 

between Slow slip events (SSE)  and large earthquakes. To 

address this question a good spatial resolution of the slip 

distribution is necessary. 

Slow slip events (SSE) are transient slip events that, like 

earthquakes, propagate over a fault but are much slower 

and last longer and therefore radiate little or no measurable 

seismic energy. In this sense, they are mainly aseismic; 

however, they can be associated with certain seismic 

signals such as tremors and interact with « classical » 

seismicity. In the Mexican Subduction zone large SSE 

occur regularly in the Guerrero area (fig. 3 and fig. 4). 

 

The last large SSE to occur in Guerrero lasted from 

2017 to 2018. During that period 3 major earthquakes 

occurred in the ara (Fig. 3) :  

• The 08/09/2017 Chiapas Earthquake (Mw 8.1) 

• The 19/09/2017 Puebla Earthquake (Mw 7.1)  

• The 16/02/2018 Oaxaca Earthquake (Mw 7.2) 

 

 

 
 

Figure 3: Settings of the Mexican Subduction zone. The 

Mexican subduction is at the convergence of the Cocos 

Plates and the North American Plate. (From Maubant 

PhD Thesis 2020.) 

 

 

 
Figure 4 : continuous GPS record (North component) 

since 2005 of the CAYA station (red triangle on fig. 3) 

located on the shoreline of the Guerrero State. This 

record shows the 5 main slow slip events occuring in the 

area (2002, 2006, 2010, 2014, 2017-2018). Source : 

LaGeoS (Laboratorio de Geodesia Satellital) UNAM. 

 

The first two were intraslab earthquakes, and the last one 

occurred on the subduction interface. We used Sentinel-1 

and ALOS-2 mission to measure the coseismic ground 

displacement. Figure 5 and 6 show two examples for the 

Chiapas and Oaxaca earthquake. Those measurement can 

be used to invert slip distribution (e.g. [32]), or to give 

constraint in time series analysis when looking for slow slip 

events.  

 

 
Figure 5: Example of ALOS-2 Coseismic unwrapped 

interferogram (20170831 – 20170928, ScanSAR-F3 

beam) of the 2017-09-07 Chiapias Earthquake. Insert: 

Shake map from USGS. 

 

 
Figure 6 : InSAR measurement of the surface 

displacements caused by the 16 February 2018 (Mw 

7.1) earthquake in the Oaxaca region of Mexico 

captured by two tracks of Sentinel-1. Left: 

interferogram. Right: unwrapped interferogram 

showing the coseismic surface displacement (blue color: 

toward the satellite, red:  away from satellite).  
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We investigate the 2017-2018 SSE by InSAR  and GPS 

with the aims to get the full benefit of the wide coverage of 

InSAR data (fig. 7). One difficulty is to separate the 

different sources of signal present in InSAR time-series. 

With a strategy taking into account the context of the 

Mexican subduction zone, that is large topographic 

gradients and atmospheric perturbations, mixing of 

coseismic, postseismic and SSE tectonic signal, and low 

spatial density of permanent GPS stations with uneven 

distribution. We used parametric decomposition of InSAR 

time series with constraint from GPS zenithal tropospheric 

delay (fig. 8) and Independent Component Analysis to 

extract the SSE signal. A first-order slip distribution is 

inverted giving consistent results with respect to previous 

SSEs (fig. 9) [33]. 

 

 
Figure 7: Sentinel-1 coverage for INSAR interseismic 

and SSE studies 

 

 
Figure 8: Surface displacement due to the 2017-1018 

Slow Slip Event in the Guerrero region ( from Sentinel-

1 time series analysis. 

 

 

 

 

 
Figure 9 : Cumulative slip distribution on the 

subduction interface for the 2017-2018 SSE inverted 

from independent component analysis (ICA) results of 

Sentinel-1 time series. The color scale shows the slip 

amplitude in meters for the 2017-2018 SSE with blue 

contours representing iso-contours every 5 cm. This slip 

distribution has an equivalent magnitude Mw=7.2. The 

green contours represent the 5 and 10 cm iso-contours 

of the average slip distribution of the last 3 SSEs (2006, 

2010, 2014) estimated by GPS. The light blue contours 

show the approximate rupture zones of major historical 

earthquakes that occurred on the subduction interface. 

The stars represent the epicenters of the Puebla (MW 

7.1, 19/09/2017, in red) and Pinotepa (Mw 7.2, 

16/02/2018 in yellow) earthquakes. The orange and 

dark blue rectangles represent the footprints of the two 

(respectively ascending and descending) Sentinel-1 

swaths used. The thin black lines represent the plate 

interface iso-profiles every 10 km, the medium black 

line represents the coastline, and the thick black one 

represents the subduction trench  (from [33]) 

 

InSAR results allow to give a better view of the spatial 

distribution of the large SSEs of Guerrero and to highlight 

lateral variations along the subduction. Why large SSE 

occur in Guerrero and not further West in the Michaocan 

area? The reason for such lateral variations is still debated 

and hypothetical. Several authors rather favors the 

hypothesis that such variations are permanent over many 

seismic cycles, based on the spatial correlation with 

seismological observations such as the presence of an ultra-

slow velocity layer [34], seismic anisotropy [35], or 

magnetotelluric and geological observations [36](Husker 

et al., 2018). Husker et al. propose that past magmatic 

activity may have "produced an impermeable gabbroic 

layer in the lower crust within the Guerrero gap" and that 

"this body acted as a seal to trap fluids and over-pressurize 

the plate interface". Rousset et al. [37] based on the 

observation of inter-SSE coupling and the coast-to-trench 

distance, which represents a long-term feature, propose that 

persistent frictional asperities partly control the inter-SSE 

coupling.  
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However all those explanations remain debatable and it 

cannot be excluded that geodetically observed lateral 

variations are not stable on the time-scale of a few seismic 

cycles. They may be representative of very large transient 

slow slip at longer time scales (decade to centuries), as 

proposed by Meade & Loveless [38], based on the scaling 

law of Ide et al. [39]. 

The SSEs in the Mexican subduction are indeed not 

restricted to Guerrero. In Oaxaca region (see  location in 

Fig. 3), periodic SSE with duration of about 3-6 months 

and slip of about 10 cm (Mw 7-7.3), repeat every  1-2 years, 

more frequently than in Guerrero [40]–[42]. The 

relationship and spatial connection between this two zones 

of slow slip are still in discussion, but several studies 

suggest that there is no gap between these two regions [42], 

[43] and that there are interactions between them [42], [44]. 

More systematic searches for tremor activities all along the 

Mexican subduction zone show that tremors occur up to the 

Jalisco area [45], [46] (Brudzinski et al., 2016; Husker et 

al., 2019). Maury et al. [43] suggest a continuity of a tremor 

band all along the subduction but with changes in terms of 

slow slip behavior West of Guerrero, where only short-

term SSEs would occur, which could be linked to change 

in the subduction geometry. 

Even if so far InSAR cannot contribute to measure short-

term SSE (because of noise threshold issue), this highlight 

the interest to investigate the seismic cycle at the scale of a 

whole subduction zone, like the Mexican one, where 

different portions of the subduction are at different stages 

of their seismic cycle. There are mixing of SSE, post-

seismic and co-seismic signal and the ability to establish a 

budget of seismic and aseismic slip at that spatial scale is 

fundamental in term of seismic hazard assessment.  

 

 

4. CONCLUSION 

 

ALOS-2 and Sentinel-1 data proved to provide useful data 

to study earthquake cycle in the two subduction zones we 

investigated. ALOS-2 are particularly useful for coseismic 

earthquake studies, but more difficult to use for measuring 

interseismic signal due to ionospheric noise. Sentinel-1 

have shown its capacity to measure slow slip event signal 

in the Mexican subduction zone through time series 

analysis, even in the challenging environment of the pacific 

coast of the Guerrero region.  
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1. INTRODUCTION

The Ya’an-Linzhi section of the Sichuan-Tibet Railway is 
active in geological structures, with high drop and steep 
terrain conditions. It also passes through the rainfall center 
in southeastern Tibet. This section is the region with the 
largest number, largest scale and most complete types of 
mountain disasters in China. The disaster reduction route 
selection of the Sichuan-Tibet Railway often fails to 
completely avoid the risk of mountain disasters[1,2]. 
Therefore, based on the mountain disaster risk analysis to 
guide the line selection planning of linear projects, 
distinguish acceptable and unacceptable risks. For the early 
selection of the Sichuan-Tibet Railway, the collision of the 
Indian plate and the Eurasian plate caused strong 
geological tectonic activities along the railway and 
adjacent areas. And the formation of significant 
topographical undulations and climate differences, making 
the geological conditions along the Sichuan-Tibet Railway 
and adjacent areas complex and fragile geological 
environment. The area has steep slopes and deep valleys, 
and various internal and external dynamics are very active. 
It is one of the regions with the most developed, largest 
scale, most complete types and the most serious damage to 
geological disasters in China[3]. 
As a space-to-earth observation technology with great 
potential, Synthetic Aperture Radar Interferometry 
(InSAR) has shown outstanding advantages in large-scale 
deformation monitoring, and can overcome the limitations 
of major geological disasters that conventional expert static 
identification of collapses, landslides, huge mudslides, and 
glacial lake outburst disasters, have gradually become 
important data sources and technical research hotspots for 

the early identification of major disasters[4] . Compared 
with C-band SAR data, the longer-wavelength L-band has 
a stronger penetration. Transparent and large-scale 
deformation monitoring capabilities have certain 
advantages in disaster deformation monitoring[5] . 
The team downloaded 164 scene L band ALOS/PALSAR-
2 data covering the entire Linzhi-Ya’an section. Using 
Stacking-InSAR and SBAS obtained the time series 
deformation of the study area from 2014 to 2020, and 
combined with google earth optical image to carried the 
early identification of landslide along the route. The results 
show that there are 377 landslide hazards along Linzhi-
Ya'an. The spatial distribution has the characteristics that 
the west is larger than the east and develops along big rivers. 
The analysis of typical disaster points near tunnel entrance 
and bridge shows that some disaster points have large 
accumulative deformation, and there is a tendency to 
accelerate deformation, it is a great threat to railway 
construction. Monitoring should be further strengthened. 
The research results of this paper will provide scientific 
support for the construction and operation of Linzhi Ya'an 
section of Sichuan-Tibet Railway. 

2. DATASET OVER STUDY AREA

For identifying and monitoring the potential landslides 
along Ya’an-Linzhi railway, 164 ALOS-2/PALSAR-2 
images with 5 ascending orbits are collected in this study, 
as shown in Table 1. Among the collected datasets, 162 
images are with SM3 mode and 2 images are with SM1 
mode. Based on these data, it is capable to obtain the time 
series deformation over the study area from from 2014 to 
2020 .

Table 1 Parameters of collected PALSAR-2 images over the study area 

Order Path Frame Mode Name Time 
1 151 580 SM3 10 20160818-20190926 
2 151 590 SM3 18 20140908-20190926 
3 151 590 SM3 14 20141002-20190523 
4 151 590 SM3 10 20141103-20181011 
5 150 600 SM3 10 20160618-20200516 
6 150 600 SM3 9 20160730-20200530 
7 150 600 SM3 8 20160702-20200502 
8 149 610 SM3 12 20160711-20200511 
9 149 600 SM3 12 20160222-20200525 

10 149 590 SM3 9 20160613-20200427 
11 148 590 SM3 13 20140917-20190508 
12 148 590 SM3 8 20170719-20200520 
13 148 590 SM3 11 20160608-20200422 
14 147 590 SM3 9 20160212-20200515 
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15 147 590 SM3 9 20160226-20200529 
16 147 590 SM1 2 20181130-20190628 

 
Fig.1 The coverage of the collected ALOS-2/PALSAR-2 images. 

 
 

3. METHOD 
The stacking and Small baseline subsets (SBAS) InSAR 
techniques were employed to estimate the annual and time 
series deformation over the study area. Prior to this 
processing, the conventional differential InSAR processing 
were carried out. Firstly, we preprocessed the data to obtain 
Single-Look Complex(SLC) images; then, we produced 
the interferograms by setting a certain temporal and spatial 
baseline; after that, external DEM was used to remove the 
topographic phase; finally, adaptive filtering and minimum 
cost flow(MCF) methods were used to filter the noise and 
unwrap the interferograms. Based on the produced 
interferograms, high-quality unwrapping interferograms 
were selected to obtain the annual average rate by using 
stacking method. Combing of the annual deformation, time 
series deformation and optical images, the potential 
landslides were detected over the study area. The specific 
method principle is as follows: 

3.1Stacking InSAR  

The stacking interferograms method can be used to acquire 
the average deformation rate with high accuracy. As the 
atmospheric delay often causes temporally random errors 
in interferograms, it can be reduced by averaging the 
unwrapped interferograms as follows [6,7,8]: 

𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
∑ ∆𝑡𝑡𝑖𝑖𝜙𝜙𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ Δ𝑡𝑡𝑖𝑖2𝑁𝑁
𝑖𝑖=1

 (1) 

where 𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  is the average deformation rate in phase, 
𝜙𝜙𝑖𝑖  and 𝛥𝛥𝑡𝑡𝑖𝑖  represent the unwrapped phase and the 
temporal interval of 𝑖𝑖-th interferogram, respectively, and 𝑁𝑁 
is the number of interferograms. In this study, the 
unwrapped interferograms with high coherence are 
selected to calculate average deformation. 

3.2 SBAS InSAR 

SBAS InSAR combines SAR images to form the 
interferograms within the limits of spatial and temporal 
baselines to depress the decorrelation phenomenon [9]. In 
this study, the spatial baseline and temporal baseline 
thresholds were set to 300 m and 500 days. The multi-look 
ratio was 5:2 in range and azimuth directions, and the 
coherence threshold was 0.3 to select the targets. In order 
to remove the ramp phase error, a quadratic polynomial 
was used during the processing: 

𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑥𝑥, 𝑦𝑦) = 𝑎𝑎0 + 𝑎𝑎1𝑥𝑥 + 𝑎𝑎2𝑦𝑦 + 𝑎𝑎3𝑥𝑥𝑦𝑦 
+𝑎𝑎4𝑥𝑥2 + 𝑎𝑎5𝑦𝑦2 (2) 

where 𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑥𝑥, 𝑦𝑦)  is the unwrapped phase at 
coordinates (𝑥𝑥,𝑦𝑦) , 𝑎𝑎0 , 𝑎𝑎1 , 𝑎𝑎2 , 𝑎𝑎3 , 𝑎𝑎4 , and 𝑎𝑎5  are the 
unknown coefficients. We subtracted the unwrapped 
atmospheric phase by estimating the linear model between 
the residual phase and elevation. Finally, we calculated the 
accumulative deformation and deformation time series 
through SVD method. 
  

4. RESULT 
 
The annual surface deformation rate of the study area 
obtained from 2014 to 2020 is shown in Figure 2. Green is 
the stable area, red and blue are the deformation area. It can 
be seen from the overall annual average velocity map that 
the east is generally more stable than the west, and most of 
the deformation areas are distributed along the large rivers. 
Combination of InSAR deformation, optical images, 
geological and geomorphological information, 377 
potential landslides was identified over the study area, as 
shown in Figure 3. We carried out the detailed statistics for 
the identified landslides and found that the number of 
potential landslides in the western part of the railway is 
larger than the east, particularly for the Luolong-Batang 
section, which has a total of 202 potential landslides, 
accounting for 54% of the total landslides. The Batang-
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Yajiang and Kangding-Ya'an sections are relatively stable, 
where 34 landslides were detected. 

 

 

 
Fig.2 SAR-derived deformation velocity over the study area 

 
Fig.3 Potential landslide by combing of InSAR deformation, optical images, geological and geomorphological 

information over the study area 
 
In order to show the detailed information about the detected 
landslide, the time series deformation as well as 
corresponding optical images are further analysis. Fig.4 
shows four potential landslides over the study area. These 
four disaster points are mainly due to the reduction of slope 
stability and human activities. The four landslides are all 
large in area (Fig. 4-b, 4-e, 4-f, 4-h). The mean deformation 
can reach 97mm/year, 102mm/year and 137mm/year 
respectively. The maximum cumulative deformation are -

330mm,-209mm, -322mm and -400mm for four potential 
landslide (Figure 4-c, 4-f, 4-I, 4-l). Moreover, the 
continuous trend of deformation is obvious. There are 
many tensile cracks on the trailing edge of the slope. It is 
judged that the range will gradually expand with the 
increasing deformation, and it is in an extremely unstable 
state. Therefore, the continuous monitoring is needed on 
these landslides. 
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Fig.4 Mean and time series deformation for four potential landslides. 
 

5. CONCLUSION

164 scenes of ALOS-2 data were processed by stacking and 
SBAS InSAR methods to detect and monitor the potential 
landslides over Linzhi-Ya'an Railway. Compared with the 
short-wavelength SAR data, L-band SAR data was used for 
better penetration through the surface vegetation. Through 
the combined interpretation of InSAR and optics, a total of 
377 potential landslides were detected. The results showed 
that the total number of landslides in the Luolong-Batang 
section was relatively large. There is a strong positive 
correlation between the landslides and the distance of the 
river as well as the fault zone. In addition, four typical 
landslides are selected to analyze the evolution. It is found 

that some disasters have greater threats to the railway. For 
the study of geological disasters along the Railway, the 
follow-up should focus on the relationship between the 
distribution of landslides and the geological factors such as 
slope, aspect elevation, etc., to find out the main controlling 
factors of the landslides. 
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1. INTRODUCTION

The objectives of our RA6 project are to develop an 

advanced multi-temporal InSAR (MTInSAR) framework 

and related processing procedures to accurately retrieve 

coseismic displacements from a set of radar images (rather 

than one or two image pairs). At the beginning stage, we 

thoroughly analyzed the limitations of conventional 

DInSAR method for coseismic deformation mapping and 

then developed a novel multi-temporal InSAR processor 

where the coseismic, interseismic, orbital and DEM error 

parameters are simultaneously taken as parameters. By 

jointly modelling the signals of interests, the proposed 

method has the ability to better isolate the coseismic 

deformation from the DEM error, orbit error and even the 

atmospheric delays. The proposed method that was 

validated by the ALOS-1 data over the 2008 Mw6.3 

Dangxiong, Tibet event and ALOS-2 data over 2016 

Mw6.4 Meinong, Taiwan event respectively was 

published in [1] in 2021. The main research outputs are 

summarized as follows. 

. 

2. SELECTED RESEARCH OUTPUTS

2.1 MTInSAR model for coseismic deformation 

mapping 

A. Observations
We refer to a set of preseismic and only one

postseismic SAR images. Interferograms with short spatial 

and temporal baselines are formed to reduce the effect of 

phase decorrelation. Persistently coherent points can be 

identified from the selected interferograms and the 

analysis will be based on phase differences between pairs 

of neighboring coherent points (i.e., the arcs) to mitigate 

the effect of spatially correlated atmospheric signals. It is 

worth noting that the purpose of using only one post-

seismic image is to reduce the number of modelling 

parameters and also enable a quick response to the seismic 

event.  However, the algorithm is flexible to jointly model 

more images acquired after the event by adding a suitable 

model for the post-seismic displacements. When assuming 

that M interferograms are formed from N SAR images and 

G arcs are constructed from P coherent points, the number 

of observations (phase differences) thus obtained is 

. It is obvious that some of the observations contain 

phase ambiguities. 

B. Parameterization of orbital errors
Satellite orbital errors usually exhibit two distinct

characteristics in SAR interferograms, i.e., smoothly 

varying in spatial domain and random in temporal domain. 

The errors in any interferogram can therefore be spatially 

modeled by a low-order polynomial. Considering that an 

interferogram is the linear combination of two SAR 

images, an orbital error polynomial for the interferogram 

can be represented by two orbital error polynomials, one 

for each of the SAR images To reduce the number of 

unknown parameters, we arbitrarily assume that one of the 

images (i.e., the reference image) is free from orbital 

errors. The assumption will not affect the estimation of 

orbit errors in interferograms. The orbital error of pixel p 

with coordinates (X,Y ) in the jth SAR image can be 

modeled as 

     (1) 

The number of orbital error parameters for all the SAR 

images is therefore . The phase differences 

along the arcs of all the interferograms contributed by the 

orbital errors  can be expressed as 

(2) 

where  is the design matrix relating the phase 

difference observations of the arcs and the orbital error 

parameters ( ). Higher order polynomials can also be 

considered when necessary. It is worth noting that the 

polynomials associated with SLC images have no physical 

meaning and they are purely employed to model orbital 

errors in interferograms. By doing this, the number of 

unknowns can be reduced significantly [2]. 

C. Parameterization of seismic deformation and

DEM errors
When a set of preseismic images and only one 
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postseismic image are available, the preseismic and 

coseismic deformations can be jointly estimated. For 

simplicity, we consider the mean preseismic deformation 

rates and coseismic deformations as deformation 

parameters. When topographic errors are considered also 

there are 3 unknown parameters in total for any coherent 

point p, i.e., the preseismic deformation rate ( ), 

coseismic deformation ( ) and topographic error ( ), 

 

                      (3) 

 

where B is the design matrix and M is the number of 

interferograms. The phase differences along all the arcs in 

the interferograms can therefore be expressed as 

 

       (4) 

 

where  contains the topographic error and 

deformation parameters of all the coherent points except 

the reference point.  is the design matrix indicating 

the relationship between the unknowns and observations. 

Considering that the contribution of coseismic 

deformation to the phase observations is in general much 

larger than those of the other two parameters, a scale 

factor is applied to the columns of the design matrix 

corresponding to the coseismic deformation parameters to 

enhance the stability of the solution. 

D. Observation model and solution 
An observation model for the multi-temporal InSAR 

that involves preseismic deformation rates, coseismic 

deformations, and topographic and orbital errors can be 

constructed based on (2) and (4), 

 

 

                            (5) 

 
 

where vector W is the unmodeled phase components 

including, e.g., the spatially uncorrelated atmospheric 

delays and noise. Eq. (5) is a large sparse linear system 

and can be solved using the method of LSQR proposed by 

Paige and Saunders. As mentioned above, some of ΔΦ 

have non-zero phase ambiguities, which must be reliably 

detected and removed to ensure a valid solution. It has 

been shown that the least squares residuals resulted from a 

direct solution of the observation model can be used to 

distinguish arcs with and without ambiguities. Figure 1 

shows examples of effects of phase ambiguities on least 

squares residuals where for simplicity only one parameter 

in a linear regression model is considered. When an 

observation (i.e., phase difference along an arc) contains 

modulo 2 , the least squares residual of the observation 

will become abnormally large. Therefore, a phase 

ambiguity detector can be designed by examining the 

maximum absolute residual against a predefined 

threshold. After the removal of arcs on which some of 

observations (i.e., the phase differences) are with modulo 

2 , the parameters can be computed finally with the 

remaining observations. It has been shown by Zhang et al. 

[3,4] that the joint least squares model can discriminate 

between the deformation parameters and orbital errors 

even when the deformation and the errors have similar 

spatial patterns.    

  
Fig. 1 Illustration of effect of phase ambiguities on parameter 

estimation. The red dots are the wrapped differential phases on a given 

arc. (A) when the MTInSAR observations (i.e., phase differences) at a 

given arc have no phase ambiguities, the residuals after parameter 

regression are small; (B), (C) and (D) when the observations contain 

different portions of ambiguities, the regression residuals become large. 

It indicates that phase ambiguities can be detected according to the 

regression residuals.     

 

2.2  Coseismic deformation associated with Dangxiong 

earthquake 

 

The Mw 6.3 earthquake occurred in Dangxiong county, 

southern Tibetan Plateau, China on October 6, 2008. 

There are 6 preseismic ALOS/PLASAR images acquired 

over the area starting from December 29, 2006 and the 

first postseismic image was acquired on January 3, 2009, 

about 3 months after the earthquake. We select all the 

preseismic images and 1 postseismic image as the input of 

the proposed model. When using 1500 m and 800 d 

respectively as the thresholds of the spatial and temporal 

baselines, 12 interferograms are generated among which 

several show apparent orbital ramps. The coseismic 

deformation along with the preseismic de-formation rates, 

orbital error polynomial coefficients and topographic 

errors are resolved based on the phase differ-ence 

observations on the arcs. The estimated topographic errors 

and the preseismic deformation rates are shown in Figures 

2(A) and 2(B) respectively. It should be noted that the 

preseismic deformation rates shown in Figure 2(B) are 
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likely caused by seasonal freeze/thaw transition of the 

frozen soil. As a comparison we also plot the coseismic 

deformation obtained from the image pair 20080703-

20090103 with a perpendicular baseline of 860 m (Figure 

2(D)). The interferogram is unwrapped with the sparse 

minimum cost flow method and a best fitting plane has 

been applied to remove the orbital error ramp. It is seen in 

Figure 2(B) that although topographic errors have been 

estimated there are still clear height-dependent signals in 

the results, which are believed to be caused by 

atmospheric artifacts. The topography dependent 

atmospheric delays are approximated with a linear 

regression model and removed from both the MTInSAR 

and DInSAR derived results. The refined results of 

coseismic deformation along the line of sight (LOS) 

direction from these two approaches are respectively 

shown in Figures 2(C) and 2(E). The difference between 

the results is presented in Figure 2(F) where the residual 

topography and long wavelength phase pattern can be 

clearly seen. The results indicate that the estimation of the 

best fitting plane from a single interferometric pair is not 

reliable and can be affected by other signals, e.g., 

atmospheric artifacts and deformation signals. The poorly 

determined orbital and topographic errors can degrade 

significantly the accuracy of the estimated coseismic 

deformation. 

 
Fig. 2 Estimated topographic errors (A), preseismic deformation rates 

(B) and coseismic deformation (C) from the MTInSAR model, and 

coseismic deformation interferogram obtained from conventional 

DInSAR (D) and coseismic deformation from the interferogram (E). (F) 

is the difference between (C) and (E). 

2.3  Coseismic deformation associated with Meinong 

earthquake 

 

The proposed MTInSAR method was also applied over 

ALOS-2 images to retrieve the coseismic deformation 

associated with 2016 Mw6.4 Meinong, Taiwan 

earthquake. A total of 9 images acquired from 20151017 

to 20160309 was collected. A portion of interferograms 

generated from these images are shown in Fig.3, where the 

orbital errors together with atmospheric delays can be 

clearly seen.  Fig. 4 are the by-products of the proposed 

MTInSAR model. Fig. 5 shows the coseismic deformation 

associated with Meinong earthquake retrieved by the 

proposed method and the correlation with GPS 

measuremets. The details on slip inversion using the 

MTInSAR derived coseismic deformation can be found in 

[1]. 

 
Fig. 3 Interferograms generated from ALOS-2 images. 

 

Fig. 4 Interferograms after correcting the orbit errors by the proposed 

MTInSAR model. 

 

Fig.5 The coseismic deformation of Meinong earthquake (left) The 

comparison with GPS measurements (right). 
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3. CONCLUSION 

 

Via RA6 project, we have the opportunity to use the 

ALOS-1 and ALOS-2 SAR data either for algorithm 

testing or real applications. We really appreciate this 

generous data support from JAXA. Taking this chance, we 

also thank JAXA for the continuous data support in future. 
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1. INTRODUCTION

Land surface movement includes natural land movement 

and man-made land movement. The land movement 

always cause destruction of buildings and production 

facilities and the impact on the construction and resource 

development [1]–[3], governments have expenditure lots 

of  budget in governance. Land subsidence mainly occurred 

in the plain and inland industrial developed cities and 

mining areas, while landslides mainly occurred in the 

cloudy and rainy mountainous and hilly areas. Generally, 

landslides are more serious compared with city subsidence 

which has fatal impact to people who lives in mountain 

area, and especially those suddenly happened landslides 

caused by deep slope under heavy rains [4], [5]. The 

understanding of the characteristics of the landslides are 

important to prevent the hazardous accidents.  

The movement characteristic of the land surface is one of 

the most important indicator factors of the land surface 

movement, and it is always a precursor of happening of the 

disaster. The traditional technique like leveling and GPS 

network have been applied to the land surface movement 

monitoring but it is labor, financial consuming and not 

efficient [6], [7], especially in mountain area, it is difficult 

to reach and apply leveling or GPS measurements. Satellite 

remote sensing data can be more effective in monitoring 

the movement of the ROI area, with their textual and 

magnitude information. We do not need to arrive at the site 

where displacement happens.  

Compared with optical remote sensing, Synthetic Aperture 

Radar (SAR) is an effective remote sensing technique for 

surface movement monitoring, and it has been recognized 

as the only technique that could provide area monitoring 

capability by now especially in cloudy and rainy area [8]–

[11]. Although many advantages, due to the de-correlation 

effect of the plant on the slope, the X and C band SAR data 

will not performance well in low latitude area. The research 

project under the ALOS Research Announcement (RA) by 

the Japan Aerospace Exploration Agency (JAXA), was 

intended to use L-band SAR data acquired from ALOS-1 

and ALOS-2 satellites for earth surface subsidence 

monitoring. And we will exploit the capability of the L-

band SAR data time series capability in the surface 

movement information extraction and the real data from 

Advanced Land Observing Satellite-1/2 (ALOS-1/2) will 

be used as demonstration. 

2. STUDY AREA

Fig. 1 The location of the study area which covers the 

Baige landslide area is the west bank of Jinsha River. 

The barrier lake, about 5,600 meters long, more than 70 

meters high and 200 meters wide, was formed after 

landslides blocked the main stream of the Jinsha River in 

Baige Village (Fig. 1), Jiangda County, Tibet Autonomous 

Region on October 10, 2018. The Baige landslide volume 

is large, the water level rose rapidly. The barrier lake 

endangers the safety of villages nearby, leading to the Polo 

Town through the bridge and part of the farmland was 

inundated by the river, the Polo local government 

headquarters and downstream Bo Gong Village was 

flooded, many roads and mass housing, farmland, 

grassland and other affected. From the perspective of 

geological conditions, the disaster area is characterized by 

steep terrain, complex geological conditions and dense 

population. The region is constantly uplifting due to the 

mutual extrusion of the Indian Ocean plate and the 

Eurasian plate, resulting in intense activities around it and 

the formation of fault zones. It is a region with frequent 

earthquakes in history, and countless geological disasters 

such as landslides and collapses caused by earthquakes 

have destabilized the hillside. 

Chongqing is one of the geological disaster areas in China 

with severe geological disasters such as landslides and 

landslides ranks first among the 70 cities in China. 

Chongqing is the largest industrial and commercial center 

in southwest China. Especially after chongqing becomes 

the municipality directly under the central government. 

Landslide, collapse and other geological disasters are 

mainly determined by geological structure, stratigraphic 

Final Report on the 6th ALOS-2 Research Announcement 

599



lithology, hydrology and meteorology. Chongqing is 

located in the eastern Sichuan basin, mountain and basin 

margin slope zone with deep creek, complex geological 

structure, the surface of the weak layer, and sometime with 

heavy rain, make the geological disasters in this area wide 

spreaded and great harm. 

 

Fig. 2 The location of the study area which covers the 

Chongqing area. The yellow color area is about one 

scence of PALSAR-2 stripmap dataset. 

 

Fig. 3 The location of the study area which the blue 

block covers the Danba area. 

Danba is located in the upper Yangtze river, belong to 

Minshan Qionglai mountains of the high mountains, the 

Dadu river passes from north to south throughout the whole 

territory, Danba County is a Qinghai-Tibet Plateau 

monsoon climate, a vertical belt distribution. Danba is rich 

in tourism resources, there are only 166 ancient 

blockhouses in the county at present. Jiaju Tibetan Village 

is located in Danba County, Ganzi Prefecture, Sichuan 

Province, about 8 km away from the county, however it is 

seated on an ancient landslide and still active. 

 

3. DATA SET AND METHODOLOGY 

 

The data set used consists of ALOS-1 and ALOS-2 SAR 

data, both datasets were acquired in strip map mode, part 

of them are bi-polarimetric dataset. The format of the 

single complex looking data of ALOS-1 and ALOS-2 has 

very small different, so most part of the code for read-out 

software for them are the same. This reduce lots of works 

to migrate code from ALOS-1 data to ALOS-2 data. 

In this report, 18 scenes of ALOS-2 dataset acquired from 

2014-Oct-06 to 2019-Jul-22 were obtained in Baige 

landslide area, the polarimetric mode is HH, the fly 

direction is ascending. And nine scenes of ALOS-2 dataset 

acquired from 2015-Jul-11 to 2018-Oct-27 were obtained 

in Chongqing area, the polarimetric mode is HH, and the 

fly direction is ascending. While in Danba landslide area, 

we obtained 16 scenes of ALOS-1 data from 2006 to 2010, 

the fly directions are ascending, and the polarimetric mode 

are HH. The external DEM used is from Shutter Radar 

Topography Mission (SRTM). 

Since the SAR uses the synthetic method to image the 

surface, ideally the surface deformation of the land surface 

can be clearly reflected on the radar interferogram, so as to 

realize the monitoring of the surface subsidence or 

landslide activities [12]–[17]. The SAR interferometric 

phase map contains information about the difference in the 

length of the propagation path from the radar antenna to the 

target during two imaging periods. The length of the 

propagation path is generally affected by the change of 

satellite measurement position, the change of measurement 

time and the change of atmospheric conditions. In the case 

of ignoring the influence of the atmosphere, the 

deformation interference phase can be obtained by 

removing the topographic interference phase caused by the 

change of satellite measurement position through a certain 

algorithm, so as to realize the monitoring of the surface 

movement. For L-band radar sensors such as PALSAR 

deformation interference phase change one period 

corresponds to the surface change of 11.75 cm. 

Commonly the time series of SAR images are obtained and 

processed so as to understand the movement of the land 

surface during some time period. Several processing 

strategies could be used, such as persistent scatterers (PS) 

[18] with one master image, or Small baseline Subset 

(SBAS) [19], [20] method which used SVD method and 

multilink of SAR images. In the mountain area, the SBAS 

method is preferred due to decorrelation in these areas. For 

SBAS First the SAR images are coregistrated on the super 

master image, then the images pairs are formed so as to 

obtain interferograms, here we should take care that the 

SAR image pairs with heavy atmospheric effect should be 
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removed from the list. In common situation, the phase 

model could write as: 

φmodel(𝑥) = −
4𝜋

𝜆
(𝑣(𝑥)𝛿𝑡 +

𝐵𝑘
𝑟sin𝜃

𝛿ℎ) 

Then stable points candidates with significant deviation are 

removed from the stable point’s subset. After selected these 

stable points the height error phase of each point from its 

observed phase is removed. After this processing we could 

be estimated the ensemble phase coherence so as to 

estimate the error of the results, and after that, the networks 

are established and the deformation are estimated at last. In 

this study we only estimated the linear deformation. 

Another method which is always used for large movement 

estimation [21], [22], which is called pixel-track or offset 

track. Based on the intensity correlation, the geometric 

relationship change between the two SAR images is 

obtained through the one-to-one correspondence between 

the point features or surface features of the non-movement 

area of the two remote sensing images, so as to realize the 

registration of two or more remote sensing images and 

extract the two-dimensional movement distribution of the 

moving area. 

 

4. EXPERIMENTS AND RESULTS 

 

In Baige landslide area, 18 scenes of ALOS-2 dataset were 

obtained and processed with pixel-track method. From the 

results we could see that the landslide has been active 

sometime before 2014, and during the year of 2014 the 

velocity is about 0.8 meters/month, and the active area is 

showed clearly in fig. 4(a). During the period of 2015 and 

2016, the landslide movement is kept in a stable velocity 

about 1 meter/month, which showed in fig. 4 (b) and (c). 

But the land movement is accelerated from 2017, the 

velocity increased to about 1.5 meter/month during the first 

half of 2017 and increased to about 2.0 meter/month during 

the second half of the year, showed in fig.4 (d) and (e). In 

2018, before the landslide happened, the velocity increased 

to about 8-9 meter/month, and all the part of the landslide 

area is active in a quick moving state, fig.4 (f) and (g). 

Fig.6 shows the result after landslide happened, we could 

see that the velocity of the landslide decreased rapidly, the 

velocity of most of the part on the landslide is below 1 

meter/month, while the bottom of the landslide still in a 

velocity about 4 meter/month. 

In Chongqing region, 9 scenes ALOS-2 SAR data are used 

and the image acquired in November 2017 is selected as 

the master image. Fig.7 shows the baseline distribution of 

the images, the whole period is about three years of the 

acquired ALOS-2 dataset, and the maximum perpendicular 

baseline is about 300 meters. Generally speaking, the 

spatial and temporal baseline distribution is relatively 

uniform, but the data volume is small. 

 

 

 

(a) 

(c) 

(b) 
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Fig. 4 The velocity before landslide per month in Baige 

landslide. (a) 20141006-20141215 (b) 20150727-

20151005 (c) 20151214-20161212 (d) 20161003-

20170724 (e) 20170724-20171124 (f) 20170724 -

20180528 (g) 20170724-20180723. 

 

 
 

 

Fig. 5 3D view of the velocity field 20170724-20180723. 

 

 

 

(d) 

(e) 

(g) 

(a) 
(f) 
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Fig. 6 The velocity after landslide per month in Baige 

landslide. (a) 20181224-20190527 (b) 20190527-

20190722 

 

Fig. 7 The baseline distribution of the ALOS-2 images 

acquired in Chongqing area. 

 

Fig. 8 The SBAS deformation results around 

Chongqing City, where the area is relatively stable 

without large area subsidence. 

 

 

Fig. 9 The enlarge image of the middle region in the 

central area of image. 

A total of 72 SAR interferogram pairs can be formed by 

using 9 scenes SAR images, some of which are of low 

quality, and 30 of which have high quality are retained after 

selection. To a certain extent L-band SAR can keep good 

coherence within ground changes in 2 to 3 years. During 

the process we found that although the accuracy of the orbit 

data is ok, due to the large time interval of the provided 

orbit data, it is easy to be unstable in the process of 

interpolation, which is easy to cause errors of the orbit, 

which has a certain impact on the unwrap. As the terrain in 

this area is not flat, it is not convenient to carry out the 

analysis of orbital characteristics, which may be considered 

in the later work. 

The whole area of the image coverage is about 60 km 

south-north and 60 km east to west. On the whole, the 

situation of the whole region is relatively stable. There are 

5 obvious surface movement areas, and the movement rate 

is basically within 3 centimeters per year. 

Fig. 9 is an enlarged image of two deformation regions in 

the central region. The deformation region on the right is 

located in JiangYin village. This sliding region is mainly 

located on a relatively large terrace with an area of about 

0.5 square kilometers. The left deformation area is 

XianYing village, we found that the topography in this area 

is flat and with an altitude difference of about 100 meters, 

it may not cause rapid movement and disaster. 

 

 

Fig. 10 The baseline distribution of the ALOS-2 

images acquired in Danba area. 
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In Danba region, 16 scenes ALOS-1 SAR data are used to 

obtain the land movement information. Fig.10 shows the 

baseline distribution of the images, the whole period is 

about three years of the acquired ALOS-1 dataset, and the 

maximum perpendicular baseline is about 3500 meters.  

 

 

Fig. 11 The enlarge image of the middle region in the 

central area of image. 

Considering the Danba area has dense woods, the 

decorrelation effect is series. Two methods are used when 

handle the dataset in Danba region for the experiment, the 

SBAS and DS method. Fig.11 (a) shows the results of 

SBAS method, the maximum velocity in this area is about 

12 cm/year, which locate in the bottom of the bank which 

close to the Dadu river. Compared with the SBAS method, 

the DS method could identify more candidate points. But 

we could see the trend of the results are almost the same. 

At the meantime we obtain some C band SAR dataset, the 

result shows fewer stable points in such dense wood area 

due to shorter wavelength. 

 

 

5. CONCLUSIONS 

 

In this study, we used time series SAR to monitor land 

movement of Baige, Chongqing and Danba area. Baige 

landslide has a quick movement so a pixel-track method is 

used, the results shows the land movement velocity 

increased very quickly pre the landslide happened. The 

Chongqing is a mountain city, where the terrain is 

complicated and the elevation error is large, we found that 

the land subsidence in this area is not obvious, however 

there exists a few areas with slow subsidence, the 

deformation area needs further observing in the later works. 

In Danba landslide area, the land movement is relatively 

slow than that of Baige, SBAS and DS methods are used to 

obtain the slow movement of this area, and both gives 

detailed information. In general, L-band radar data can be 

used to obtain better results not only in mountainous areas, 

but also in non-urban areas.  
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