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A B S T R A C T   

In order to effectively detect the detailed subsidence of tattered ground surface composed of many small frag-
ments with the distributed scatterer interferometric synthetic aperture radar (DSInSAR) technique, a fast and 
accurate distributed scatterer extraction (FADSE), as an improved distributed scatterers extraction algorithm, is 
proposed and demonstrated in this paper. The emphasis of FADSE is on the improvement of accuracy of extracted 
DSs and detection efficiency as well. For the purpose, nonparametric estimation and parametric estimation 
methods are combined into FADSE to fast identify as many accurate statistically homogeneous pixels (SHP) as 
possible. Then the thresholds of homogeneous pixel number and coherence coefficient are adjusted to select DSs 
from SHPs. The validation of FADSE was performed in the case of loess subsidence detection in Tongren county, 
Qinghai Province of China, using 20 Sentinel-1A SAR images acquired between February 2016 and June 2017. 
Moreover, FADSE was compared with the Kolmogorov-Smirnov algorithm and Fast Statistically Homogeneous 
Pixel Selection method. Results show that FADSE is capable of efficiently extracting more DSs that are accurate 
and the detailed subsidence of tattered ground surface can be accurately detected.   

1. Introduction 

Loess landforms and Karst topography are two types of special 
landforms on Earth. Tattered surface caused by stream erosion and 
human activities, shallow vegetation coverage, and homogeneous rock 
and soil are their typical common characteristic (Wang and Lin, 1990). 
Furthermore, many geological disasters due to geological disturbances 
and surface erosion usually develop in tattered slope regions, for 
example, slide, landslide, rockfall and collapse. Effective detection of 
tattered surface deformation is critical to disaster monitoring and pre-
vention in this kind of geomorphological area (Liu et al., 2014). 

Differential interferometric synthetic aperture radar (DInSAR) is a 
priority technology for tattered surface deformation monitoring as 
DInSAR is capable of detecting minor deformation of the earth’s surface 
in a large scale and has been successfully applied to monitoring hazards 
(Liu et al., 2000; Liu et al., 2012a,b; Massonnet et al., 1993; Zebker et al., 
1994; Amelung et al., 2007; Sowter et al., 2013). However, DInSAR is 
often limited by spatial and temporal decorrelation (Liu et al., 2019) and 

atmospheric inhomogeneity (Zebker and Villasenor, 1992; Jehle et al., 
2009; Gomba et al., 2016; Meyer et al., 2006). Time-Series InSAR, such 
as Persistent Scatterer Interferometry (PSI), is an efficient technique in 
overcoming both decorrelation and atmospheric delay, as only the 
coherent radar targets exhibiting high phase stability over the entire 
observation time period are used to derive surface deformation (Ferretti 
et al., 2000; Ferretti et al., 2001). Particularly, PSI is applicable to the 
deformation detection of areas with sufficient persistent scatterer tar-
gets, for instance urban areas (Hooper et al., 2004; Mora et al., 2003). 
However, in the area with low population of the persistent scatterer 
targets, for example in a rural area, PSI may not bring meaningful results 
(Liu et al., 2012a,b). Distributed Scatterer InSAR (DSInSAR), as one of 
time-series InSAR approaches, overcomes the limits of PSI (Ferretti 
et al., 2011). In DSInSAR technology, every DS is an object or a collec-
tion of targets with moderate coherence, low signal-to-noise ratio (SNR) 
but relatively stable reflection on a period, usually corresponds to debris 
areas, non-cultivated land with short vegetation or desert areas. The 
pixels of the same distributed object generally share the similar 
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reflection characteristics. Although the average temporal coherence of 
these natural radar targets is typically low, due to both temporal and 
spatial decorrelation (Berardino et al., 2002; Hooper, 2008), the number 
of pixels sharing the same statistical behavior can be high enough to 
make it possible for a few of them to exceed the coherence threshold and 
become PS (Mullissa et al., 2018; Goel and Adam, 2012; Guarnieri and 
Tebaldini, 2008). Then DS and PS can be jointly processed in the 
traditional PSI processing chain (Ferretti et al., 2011). Consequently, the 
combination of DS and PS will increase the coherent point density and 
improve the quality of deformation estimations (Lu et al., 2019). 

One of the most important procedure in DSInSAR is to detect all 
possible accurate DSs effectively. On the basis of the characteristics that 
pixels from a DS generally have the same statistical behavior, the current 
DS extraction methods are all derived from the homogeneity test theory 
and can be divided into two categories: nonparametric estimation 
methods, such as two samples Kolmogorov-Smirnov (KS) test (Razali 
and Wah, 2011) and Anderson-Darling (AD) test (Scholz and Stephens, 
1987; Pettitt, 1976), and parametric estimation methods, such as Fast 
Statistically Homogeneous Pixel Selection (FaSHPS) (Jiang et al., 2015). 
Nonparametric estimation method depends on the hypothesis that the 
two samples are drawn from the same probability distribution function. 
Practically, it is not necessary to know the specific class of probability 
distribution functions and to judge whether two samples come from the 
same population. The time-serial intensity vectors of pixels are used in 
nonparametric estimation method to detect pixel homogeneity. Because 
the time-serial vectors of pixels well represent their statistical charac-
teristics, therefore nonparametric estimation method ensures the accu-
racy of detected DSs. However, time consuming is a significant 
disadvantage of this method. FaSHPS, as a kind of parametric estimation 
method, utilizes the mean of pixel’s time-serial intensities as parameter 
to select homogeneous pixel through interval estimation. Because of its 

simple calculation, it can identify DSs more efficient than nonparametric 
estimation (Jiang et al., 2016; Jiang et al., 2013). However, due to the 
ignorance of pixel’s temporal characteristics in intensity average, pixels 
with similar intensity average but different temporal characteristics are 
very likely to be wrongly selected as DS, which consequently degrades 
the reliability of DSs or omits some DSs. 

In tattered ground surface, a disaster-developing slope usually con-
sists of massive small fragments. To correctly monitor deformation and 
disasters in this type of areas with DSInSAR technique, it is essential to 
fast extract as many accurate DSs as possible. For this purpose, a fast and 
accurate distributed scatterer extraction (FADSE), as an improved DS 
extraction algorithm, is presented for monitoring tattered ground sur-
face deformation. Nonparametric estimation and parametric estimation 
methods are combined into FADSE based on the characteristics of high 
accuracy of nonparametric estimation method and fast detection of 
parametric estimation method. The thresholds of homogeneous pixel 
number and correlation coefficient are adjusted to identify as many 
accurate DSs as possible. In the case of loess subsidence detection in 
Tongren county, Qinghai Province of China, the deformation detection 
experiment is carried out, and the comparison with KS and FaSHPS is 
performed to assess the result of the proposed FADSE approach. 

The paper is organized as follows. Section 2 introduces the general 
DS extract algorithms, i.e., the two samples KS test and interval esti-
mation. Section 3 describes the FADSE approach and its procedures. In 
Section 4, the experiment of DS extraction and deformation detection is 
implemented based on 20 Sentinel-1 SAR images in a selected loess re-
gion. The vegetation index NDVI is applied to assist the validation of DS 
selection results. The result comparison with KS test and FaSHPS is 
discussed in this section as well. Section 5 draws the conclusion and the 
follow-up research direction. 

Fig. 1. Detection window schematic diagram.  
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2. The general DS extraction algorithm 

2.1. Two-sample KS test 

According to the definition of DS, DS in SAR imagery is a set of ho-
mogeneous pixels characterized by the sharing of similar reflection 
characteristics, i.e. the same statistical behavior mathematically. Based 
on the reasonable hypothesis that pixels in a DS come from the same 
probability distribution function, the two-sample Kolmogorov-Smirnov 
(KS) test, which is a nonparametric testing, was introduced by Ferretti to 
homogeneous pixel identification. 

Given a set of N SAR images which are properly coregistered to a 
same master image, let x be the sorted list, or called vector of amplitude 
values of a certain image pixel: 

x(P) = [x1(P), x2(P), . . . , xN(P)]T (1)  

where T indicates transposition, P is a generic image pixel, xi(P) is the 
amplitude value of the ith amplitude image of the data-stack corre-
sponding to pixel P. The frequency histogram of x is the approximation 
of probability distribution function (pdf) and an unbiased estimator 
SN(x) of the cumulative distribution function (cdf) of the pdf can be 
drawn that 

SN(x) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0 , when x < x1

k
N

, when xk⩽x < xk+1

1 , when x⩾xN

(2)  

where xkis the kth element of the list of amplitude values. According to 
*Eq. (2), the cdf of any pixel, such as P can be noted as SPi

N (x). Using KS 
test, the similarity of two pixels, such as P1 and P2 is estimated by sta-
tistical parameter DN that denotes the maximum difference between the 
two cumulative distribution functions. 

DN =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
N1 × N2

N1 + N2

√

× sup
x∈R

|SP1
N (x) − SP2

N (x)| (3)  

where sup is upper bound of the set. N1 and N2 is the number of samples 
in two sample sets. Given N SAR images, the amplitude vectors of two 
image pixels P1 and P2 are both N-dimensional, which means N1 = N2 =

N. Hence, the statistical parameter DN can be simplified as: 

DN =

̅̅̅̅
N
2

√

× sup
x∈R

|SP1
N (x) − SP2

N (x)| (4) 

The distribution of DN can be approximated by the KS distribution, 

P(DN⩽t) = H(t) = 1 − 2
∑+∞

N=1
− 1N− 1e− 2N2 t2 (5) 

The KS test considers the two image pixels P1 and P2 statistically 
homogenous if H(DN)⩾1 − α, where α is the required significance level. 
The level of significance α is generally set to 0.05. 

Practically, for each pixel individually, the KS test is performed on all 
the other pixels within a certain estimation window centered on the 
current pixel. In the estimation window, the central pixel, and other 
pixels that are directly or indirectly adjacent to the central pixel and 
have the same distribution as the central pixel constitute a SHP family. 
The SHP family is considered as distributed scatterers candidates (DSC) 
which will be further verified as DS by coherence estimation. The KS test 
requires heavy computational load and time consumption but it can 
deliver reasonably high-accurate DS selection result, because the KS 
method tests the pixel homogeneity by utilizing the time-serial vectors 
of all pixels. 

2.2. Interval estimation 

Interval estimation is a parametric estimation method. It is intro-
duced to DS extraction by Jiang et al. (2015) and was called fast sta-
tistically homogeneous pixel selection (FaSHPS). The key of interval 
estimation method is to construct at a certain confidence level a proper 
mean intensity estimation interval of the appointed pixel. A pixel whose 
intensity locates in the estimation interval is considered as homoge-
neous pixel of the appointed pixel. 

Given a data-stack of N SAR images, pixel P has N intensities that can 
be considered as N samples of the statistical population of pixel P. Ac-
cording to the central limit theorem, the intensities of pixel P have a 
Gaussian distribution under the condition that the number N is large 
enough. If N meets this condition, the Gaussian distribution parameters 
of statistical population of intensities can be estimated from the N in-
tensity samples. In interval estimation method, the Gaussian distribution 
parameters are referred to as the mean intensity estimation interval in 
which the average of statistical population of intensities locates. Given 
the 1-α confidence, the Gaussian distribution parameters of statistical 
population are estimated by interval estimation method as follows. 

P
{

E − z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var/N

√
< μ(p) < E + z1− α/2⋅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var/N

√ }
= 1 − α (6)  

Fig.2. The illustration of two types of estimation interval. Figure (a) illustrates 
the principle of identifying SHP with Eqs. (7) and (8). The pixel P2 is simply 
accepted as a member of SHP of pixel P1 because its mean intensity E locates in 
the estimation interval. Figure (b) indicates the method to identifying SHP with 
the vector estimation interval. The pixel P2 is rejected to the member of SHP of 
pixel P1. 

J. Bao et al.                                                                                                                                                                                                                                      



International Journal of Applied Earth Observations and Geoinformation 99 (2021) 102322

4

E =
1
N

∑N

i=1
Ii (7)  

where E and Var are respectively the mean and variance of time-serial 
intensities of pixel P, Iiis the intensity of pixel P in the ith image. 
z1− α/2 is the 1 − α/2 quantile of standard normal distribution, μ(p) is the 
mean intensity of the statistical population. According to Lee and Pottier 
(2017), 

̅̅̅̅̅̅̅̅
Var

√
/E ≈ 0.52 in a SAR amplitude image, then Eq. (6) can be 

rewritten as: 

P
{

E − z1− α/2⋅0.52⋅E/
̅̅̅̅
N

√
< μ(p) < E + z1− α/2⋅0.52⋅E/

̅̅̅̅
N

√ }
= 1 − α (8) 

Eq. (8) indicates the mean intensity of statistical population of in-
tensities locates in interval 

[
E − z1− α/2⋅0.52⋅E/

̅̅̅̅
N

√
,E + z1− α/2⋅0.52⋅E/

̅̅̅̅
N

√ ]
at 1 − α confidence. Consequently, the mean intensity interval can 

be further used to determine whether another pixel B comes from the 

same statistical population as A, that is, whether pixel P and B are ho-
mogeneous pixels. If the intensity average of pixel B is within the mean 
intensity interval of pixel P at a given confidence level 1-α, pixel B is 
considered as homogeneous pixel of A. 

In the process of identifying DS from time-serial SAR imagery using 
interval estimation method, starting from the first pixel, a certain esti-
mation window is centered on the current pixel and the mean intensity 
interval 

[
E − z1− α/2⋅0.52⋅E/

̅̅̅̅
N

√
,E + z1− α/2⋅0.52⋅E/

̅̅̅̅
N

√ ]
of this pixel is 

estimated at a given confidence. Then the interval estimation is carried 
out for other pixels in the window. Those pixels directly or indirectly 
adjacent to the central pixel and homogeneous with it constitute a SHP 
family of the central pixel. The SHP family is DSC who will be further 
detected as DS by coherence estimation. 

In interval estimation method, the mean intensity interval can be 
easily estimated from the N intensity samples of the central pixel and the 
homogeneity test is essentially simple comparison between two singular 

Fig.3. (a) Study area and satellite SAR image coverage, (b) DEM of study area and location of the typical tattered surface present in Fig. 4, (c) NDVI of study area. 
Symbol ⓐ, ⓑ, ⓒ and ⓓ in DEM figure mark sites of four typical tattered surfaces corresponding to (a), (b), (c) and (d) shown in Fig. 4. 
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average intensities. Therefore, interval estimation can save a lot of time. 
However, the error of estimated average intensity E will degrade the 
accuracy of SHP. Although K-means algorithm is introduced to 
compensate this drawback by Jiang et al. (2015), another deficiency that 
temporal characteristics of pixel intensity is lost in intensity average E 
cannot be ignored. 

3. The FADSE approach 

Considering the advantages of KS and interval estimation method, 
we combine the two methods and propose the FADSE approach. The 
process of the FADSE approach can be divided into three sequential 
procedures. The first procedure is to detect the local SHPs with KS test 
algorithm in a small window called KS window (KSW). The second 
procedure is to identify SHPs, i.e. the DSC with interval estimation 
method in a big window called interval estimation window (IEW) 
around KSW. The third step is to extract the DS from DSC with coherence 
coefficients thresholds and SHP number thresholds. In the following, we 
elaborate three procedures. 

3.1. Detecting local SHPs with KS test 

Taking N time-serial coregistered SAR images as an example, two 
windows with different sizes are centered on each pixel. As illustrated in 
Fig. 1, the inside window, i.e. KSW is much smaller than the outside 

window. The local SHP detection with KS test is implemented in this 
window. The outside window, i.e. IEW is applied to the SHP selection 
with interval estimation algorithm. 

Once estimation windows were defined, two-sample KS test algo-
rithm is applied to amplitude data vectors of each pixel in KSW. All 
pixels that can be considered as statistically homogeneous with central 
pixel P are selected out under a given level of significance. Among these 
pixels statistically homogeneous with central pixel P, those directly or 
indirectly adjacent to central pixel P are finally selected as SHPs of P. 
Because the SHPs are confined to KSW and only part of SHP family of 
central pixel P, they are called local SHPs and denoted as Sp

KS. 

After Sp
KS was detected, the time-serial mean intensity vector E→ and 

time-serial variance vector Var̅̅→of Sp
KS is calculated, 

Ei =
1
m

∑m

k=1
Ii,k , i = 1, 2, 3,⋯,N (9)  

E→= {Ei|i ∈[1,N] } (10)  

Vari =
1

m − 1
∑m

k=1
(Ii,k − Ei)

2
, i = 1, 2, 3,⋯,N (11)  

V→ar = {Vari|i ∈[1,N] } (12) 

Fig.4. Typical tattered surface, (a) tattered surface caused by landslide, (b) surface composed of massive thin stormed attacks, (c) surface composed of micro- 
topography units and small-scale rocks, (d) mining area. 

Table 1 
Acquisition time of sentinel 1-A images over Tongren county (YYYY/MM/DD).  

Image Number Acquired Time Image Number Acquired Time Image Number Acquired Time Image Number Acquired Time 

1 2016/02/06 6 2016/07/23 11 2016/11/20 16 2017/04/01 
2 2016/03/01 7 2016/08/16 12 2016/12/14 17 2017/04/13 
3 2016/04/18 8 2016/09/09 13 2017/01/07 18 2017/05/31 
4 2016/06/05 9 2016/10/03 14 2017/01/31 19 2017/06/12 
5 2016/06/29 10 2016/10/27 15 2017/02/12 20 2017/06/24  
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where Ei and Vari are respectively the mean intensity and variance of Sp
KS 

in the ith image, m is pixel number contained in Sp
KS, Ii,k represents the 

intensity of the kth pixel of Sp
KSin the ith image. 

As we know from above, local SHPs Sp
KS is detected with KS test, 

which naturally ensures the precision of local SHPs because of the high 
accuracy of KS test. Furthermore, Ei is the mean intensity of local SHPs in 
the ith image but not the scalar E in Eq. (7). It is approximately the 
unbiased estimation of the average of the intensity distribution popu-
lation of central pixel P because local SHPs have the same probability 
distribution function with central pixel P. Therefore, the substitution for 
E in Eq. (8) with Ei will naturally improve the accuracy of the mean 
intensity estimation interval. Correspondingly, the accuracy of SHP 
identification will be upgraded in the subsequent interval estimation 
procedure. 

3.2. Identifying SHPs with interval estimation 

After the local SHPs Sp
KS of central pixel P and the time-serial mean 

intensity vector E→ were determined, interval estimation method is 
applied to identifying the SHPs within IEW. Different from the interval 
estimation algorithm of FaSHPS, in the process of the FADSE approach, 
the time-serial mean intensity vector E→ is substituted for the mean in-
tensity scalar E in Eq. (6). Correspondingly, the variance vector Var̅̅→ is 
also substituted for the variance scalar Var in Eq. (6). Then Eq. (6) can be 
rewritten as: 

P
{

E→− z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

< μ→(p) < E→+ z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√ }

= (1 − α)⋅ I→

(13)  

where 
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

means the square root of each element in vector Var̅̅→
/N, 

μ→(p)is the time-serial mean intensity vector of the statistical population 
of pixel intensities, I→is N dimensional unit vector. 

According to Eq. (13), the estimation interval can be expressed in 

vector form as
[

E→− z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

, E→+ z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√ ]

. Therefore, 

identifying SHPs with interval estimation method is to test whether the 
time-serial intensity vectors of pixels in IEW fall within the vector esti-

mation interval 
[

E→− z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

, E→+ z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√ ]

at given1- 

Fig. 5. DS identified with the three methods. Green points denote the DS. (a) FADSE; (b) KS; (c) FaSHPS; (d) average coherence image. The background is optical 
image from Google Earth of study area and the red dotted box refers to an area with high vegetation coverage and low coherence. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 2 
Quantitative comparisons of DS detected with three methods.  

Methods Total DS 
pixel 
number 

Inaccurate 
pixel number 
(NDVI greater 
than 0.2) 

Inaccurate 
pixel 
proportion 

Refined 
DS pixel 
number 

Time cost 
(Seconds) 

KS 249,604 46,131 18.48% 203,473 244 
FaSHPS 324,044 59,178 18.26% 264,866 67 
FADSE 328,411 55,083 16.77% 273,328 75  
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α confidence. Specifically, only when each element of the time-serial 
intensity vector of the pixel in IEW falls within the mean intensity 
estimation interval of the central pixel P, the pixel can be considered as 
statistically homogeneous with the central pixel P. Eq. (14) shows the 
calculation expression of this principle. 

P
{

Ei − z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Vari/N

√
< μ(pi) < Ei + z1− α/2⋅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Vari/N

√ }
= 1 − α (14) 

Let us further illustrate this principle with a diagram. The vector 

estimation interval 
[

E→− z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

, E→+ z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√ ]

can be 

graphically represented as Fig. 2. Vector E→− z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

and 

E→+z1− α/2⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var̅̅→
/N

√

are displayed with polylines that respectively 
correspond to upper bound and lower bound of the estimation interval. 
Consequently, the pixels whose time-serial intensity vector represented 
by a polyline locates in the range between upper bound and lower bound 
is selected as statistically homogeneous pixels of central pixel P. 

The improved interval estimation method is applied to each pixel in 
IEW, given the same level of confidence. All pixels that are statistically 
homogeneous with P and adjacent to Sp

KS directly or indirectly are 

selected to form the SHPs Sp
IE. Then, Sp

KS and Sp
IE constitute the SHP family 

Spof central pixel P. Finally, the decision of whether Sp is DS or not is 
made according to the coherence coefficient and the pixel number of Sp. 

3.3. Screening DSC with the coherence coefficient and SHP number 

After extracting the DSC according to the above two steps, the last 
step is to screen the DSCs according to the coherence coefficient 
threshold and the SHP number threshold. The equation for calculating 
the coherence coefficient is as follows 

γ =

∑N
n=1

∑M
m=1μ1(n,m)μ∗

2(n,m)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

n=1

∑M

m=1
|μ1(n,m)|

2 ∑N

n=1

∑M

m=1
|μ2(n,m)|

2

√ (15)  

where M and N is the window size for calculating the coherence coef-
ficient, m and n is the internal row and column number of the window, 
μ1 and μ2 is the complex value of the corresponding coordinates of the 
master and slave images, * means conjugate form and |⋅|2 means the 
second-order paradigm. 

The DSCs larger than the given threshold coherence coefficients and 

Fig.6. Comparison of identified DSs in the area marked by the red dotted box in Fig. 5(d) using the three methods. This area is covered by flourishing vegetation 
(NDVI > 0.2). Left column is the original results identified by three methods, and right column is the corresponding results refined by NDVI threshold 0.2. The 
patches noted as red ellipses indicate the significant difference between original result and refined result. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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SHP number pass the screening. 
As can be seen from the procedure of FADSE, only a few pixels are 

tested in KSW with time-consuming but accurate KS algorithm to iden-
tify local SHPs i.e. the seed pixels, which ensures the accuracy of local 
SHPs and correspondingly improves DS detecting efficiency for the 
whole image. A large number of pixels are tested by fast interval esti-
mation method to identify DSCs, while temporal characteristics of pixel 
intensity is considered to guarantee the accuracy of DSCs. Therefore, the 
FADSE method can theoretically improve the efficiency and accuracy of 
DSs detection. 

4. Experiment results and discussion 

To evaluate the improvements related to the FADSE approach, we 
selected a loess region as an example to implement the experiment. The 
experiment includes two topics. One is the DS extraction and its validity 
comparison between the FADSE approach, KS test and FaSHPS. Another 
is the loess deformation detection and further validation of DS extracted 
with FADSE approach. 

4.1. Study area and data description 

The selected loess region shown in Fig. 3 locates in Tongren county of 
China. Loess is a special geological body covered on the bedrock. It is 
widely distributed in Northwest China where is characterized by arid 
and semi-arid climate. Loess is commonly composed of unconsolidated 
silt particles and easily eroded by water. Geological disasters, such as 
collapse, landslide, mudslide, crack, loess sinkhole are frequent and 
widespread in loess area. All above factors bring the loess the charac-
teristics of tattered surface shown in Fig. 4 that make it suitable to use 
DSInSAR technique to comprehensively monitor loess deformation and 
disasters. 

However, an area or a disaster within the tattered loess surface is 
usually composed of many small fragments. Only where a DS distributed 
on small fragments is identified accurately, surface deformation and 
geological disasters can be monitored accurately. As a result, it is rela-
tively challenging to select loess surface as a case to assess the im-
provements of the FADSE approach. 

Twenty Sentinel 1-A images in ascending orbit acquired from 
February 6, 2016 to June 24, 2017 were processed. The specific imagery 
information is listed in Table 1. All data were registered to the same 
master image acquired on October 27, 2016 and resampled according to 
multi-look ratio of 10:2. Then 1000 × 1000 pixels image was cropped 
and the corresponding area is approximately 67 × 51 km. Furthermore, 
three Landsat-8 OLI images which spatial resolution is 30 m acquired on 
April 17, 2016, September 8, 2016 and January 14, 2017 were used to 
derive NDVI. The NDVI map was applied to the interpretation and 
validation of DSs. 

4.2. DS extraction and evaluation 

Based on these preprocessed data, FADSE, KS test and FaSHPS were 
respectively applied to extracting DS. In order to compare the three 
methods at the same level, significance level α, thresholds of coherence 
coefficient and pixel number of SHPs were respectively given the same 
value. The significance level α was set to 0.05, as usual. The threshold of 
coherence coefficient for the DS identification was set to the moderate 
value 0.7 based on the statistics of coherence coefficient of SHPs. Refer 
to Ferretti et al. (2011), the threshold of pixel number of SHPs, i.e. the 
minimum pixels contained in a DS was appointed as 100. Moreover, in 
the process of the FADSE approach, the size of KSW was moderately 
designated as 5 × 5 pixel and the size of IEW was 15 × 15 pixel, which 
were the same as the estimation window of KS and FaSHPS respectively. 

Fig. 5 shows the distribution of extracted DS with three approaches. 
Rough visual comparison shows the trends of DS detected by the three 
methods are almost uniform and consistent with high coherence 

coefficients displayed in Fig. 5(d). Actually, the number of pixels iden-
tified as DSs is significantly different. As shown in Table 2, the number of 
pixels selected as DSs by FaSHPS method is the largest, followed by the 
FADSE approach, and KS test is the least. The more accurate pixels are 
identified as DSs, that is, the more correct the detected DS is, the more 
detailed and reliable surface deformation can be detected. Therefore, we 
introduced the NDVI to evaluate the quality of DS detection. 

In order to evaluate the correctness of extracted DS, investigating the 
objects of DS is an effective way. In the research area, vegetation cover is 
the main variation that affects the accuracy of DS. DSs distributed in 
flourishing vegetation area should not be selected as reliable DSs. Taking 
the red dotted box in Fig. 5 as an example, its magnified illustration 
shown in Fig. 6 shows that many DSs extracted by KS and FaSHPS locate 
in the flourishing vegetation area, whereas in the result of the FADSE 

Fig. 7. The loess deformation rates detected based on the DS extracted with 
three methods: (a) FADSE, (b) KS, (c) FaSHPS. 
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approach, few DSs fall within this area. The qualitative analysis and 
comparison indicate that some incorrect pixels were recognized as DSs 
using the KS and FaSHPS methods. 

For further quantitative assessment of the correctness of extracted 
DS, three NDVI images were respectively derived from three multi- 
spectral images acquired by Landsat OLI on April 17, 2016, September 
8, 2016 and January 14, 2017. Then the average NDVI image demon-
strated as Fig. 3(c) of three-temporal NDVI images was used as reference 
to evaluate the reliability of DSs. According to Gandhi et al. (2015), the 
pixels with NDVI greater than 0.2 can be regarded as vegetation. In 
addition, pixels with NDVI greater than 0.2 in DSs were considered 
unreliable and were excluded accordingly. Right column of Fig. 6 shows 
the refined DS with NDVI lower than 0.2 in red dotted box in Fig. 5. The 

patches noted as the red ellipses shown in Fig. 6 indicate that many 
pixels were eliminated by NDVI larger than 0.2 in KS and FaSHPS re-
sults, which verify that many pixels were wrongly identified as DSs in 
the two methods. The further detailed comparisons for the whole image 
of the three methods are exhibited in Table 2. The FADSE approach 
achieves the best scores in the total DS pixel number, the proportion of 
incorrect DS pixels and the number of refined DS pixels except for its 
slightly more computation time than FaSHPS. The lowest number of 
inaccurate pixels is identified as DS by KS method. However, KS method 
acquired the least number of refined DS pixels and highest inaccurate 
pixel proportion, which is due to its lowest total DS pixel number and 
accordingly cannot defect its characteristic of accurately extracting DS. 
However, it is clear that KS method cost the most time. FaSHPS acquired 

Fig. 8. The highlighted eight deformation regions with absolute deformation rate larger than 0.5 cm/yr: (a) FADSE, (b) KS, (c) FaSHPS.  

Table 3 
The Features of eight deformation regions.   

A B C D E F G H 

Geomorphology steep 
slope 

steep 
slope 

steep slope steep slope steep slope steep 
slope 

plain slope 

Components loess loess loess and soft 
mudstone 

loess and soft mudstone loess and soft 
mudstone 

loess farmland slag stacking 
field 

Deformation 
reason 

landslide landslide surface erosion landslide and surface 
erosion 

surface erosion landslide cultivation mining  
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the moderate scores in the original DS pixel number, inaccurate pixel 
proportion and refined DS pixels. However, it wrongly detected the most 
number of pixels. However, FaSHPS is the fastest method. 

The DS extraction experiment shows that the FADSE approach is able 
to identify the largest number of reliable DSs by contrast with KS and 
FaSHPS. The reason is that the FADSE approach uses KS test to identify 
local SHPs, which improves the accuracy of the parameters to be used in 
the subsequent interval estimation. When SHPs are detected with in-
terval estimation method, the time-serial characteristics of pixels are 
fully utilized. These measures ultimately improve the accuracy of DS 
identification. Furthermore, because only a few of pixels i.e. the local 
SHPs in KSW are tested by time consuming method KS but most of pixels 
i.e. the SHPs in IEW are measured by the fast interval estimation algo-
rithm adopted in FaSHPS, therefore, the speed of the FADSE approach is 
significantly faster than KS and slightly lower than FaSHPS. 

4.3. Loess deformation detection and analysis 

Based on the final refined DS obtained with three methods, three 
deformation results of the loess area are achieved by using DSInSAR 
technique. Fig. 7 displays the annual average deformation rates in sat-
ellite line of sight (LOS) direction deduced on the basis of three cate-
gories of DS. It can be seen that eight blue regions with significant 
deformation spread on both sides of the valley extending along the 
north–south direction. In order to focus on the eight deformation re-
gions, the districts whose absolute deformation rate is lower than 0.5 
cm/yr (centimeter per year) are masked. The highlighted eight defor-
mation zones are shown in Fig. 8. It is clear that six of the eight defor-
mation regions are distributed along the steep slope on the west side of 
the valley. The area marked as G is located in the farmlands of the plain, 
and the one denoted as H mainly consists of the slag stacking field. 

Analyzing by combining geology and geomorphology demonstrates 
that the eight deformation areas are just located in the districts prone to 
deforming. Table 3 elaborates the geological and geomorphological 
features of the eight regions. These features are the critical factors that 
cause the deformation in the research area. 

By counting the residual DSs masked by absolute deformation rate 
lower than 0.5 cm/yr, the number of remained DSs extracted by KS, 
FaSHPS and FADSE are 2647, 2975 and 3219 respectively. It shows that 
the FADSE approach detects more DSs than the other two methods, 
which proves that the FADSE approach can more meticulously monitor 
the deformation distribution. Taking the deformation region A, an 
occurred landslide for example, its amplified figure shown as Fig. 9 

distinctly demonstrates the distribution of three categories of DSs and 
corresponding subsidence in this area. The visual comparison from five 
red ellipses shows that more DSs along slide boundary are extracted by 
FADSE. Consequently, deformations of more tattered ground surfaces 
and more detailed deformation features are meticulously revealed by 
FADSE. 

This study found that whether FADSE, KS or FaSHPS method was 
used, the DSs were mainly distributed on the slopes where aspects are in 
the direction of radar illumination, while a handful of DSs were 
extracted on the slopes towards the direction of radar illumination. This 
occurrence could be mainly due to the geometric distortion, such as 
foreshorting and layover in the radar imaging. 

5. Conclusion 

In this paper, we have presented the FADSE approach that combines 
KS test and interval estimation algorithms. It is potential to monitor the 
deformation of tattered ground surface such as loess. A few of pixels are 
tested by time consuming but accurate KS method to form reliable local 
SHPs. Subsequently, time-serial information of pixel is fully measured 
on most of pixels by the fast interval estimation algorithm to derive 
SHPs. The DS detection experiment and the application in the moni-
toring of loess deformation show that FADSE is able to fast identify the 
largest number of reliable DSs by contrast with KS and FaSHPS. In the 
whole study area we detected 34.33% more DSs than the KS method and 
3.19% more than the FaSHPS method; in the region of high deformation 
rate we detected 21.61% more DSs than the KS method and 8.20% more 
than the FaSHPS method. Also, using NDVI as an accuracy index, the KS 
and FaSHPS methods did have 10.20% and 8.88% more erroneous 
points, respectively, than FADSE. Consequently, deformations of more 
tattered ground surfaces and more detailed deformation features are 
meticulously revealed by FADSE. 

Our future work will focus on the extraction of DSs from the joint 
ascending and descending track data to resolve the DS detection prob-
lem resulted by geometric distortions generated in steep slopes, and thus 
more comprehensively extract the ground surface subsidence. 
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Fig.9. Deformation and DS distribution of region A. (a) FADSE, (b) KS, (c) FaSHPS. More DSs are extracted and more detailed deformation features are revealed 
by FADSE. 
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