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Abstract: It is difficult for single time-series Interferometric Synthetic Aperture Radar (InSAR)
processing to guarantee the accuracy and efficiency of continuous track monitoring in regions of
differential subsidence. This paper proposes a new method, integrating the Persistent Scatterer
InSAR (PS-InSAR) with high precision and the Small Baseline Subset INSAR (SBAS-InSAR) with high
efficiency for continuous track monitoring in regions of differential land subsidence rates. Based on
PS-InSAR processing, the Iterative Self-Organizing Data Analysis Techniques (ISODATA) algorithm
is adopted to search the boundary of differential subsidence between slow and fast subsidence rates.
The SBAS-InSAR processing with high frequency is used to continuously track and monitor the
regions with fast subsidence rates incorporating original data and newly added data into small data
sets from time to time according to SAR data updating, the monitoring results of which are obtained
from the weighted average of the added results of SBAS-INSAR processing and the original results
of PS-InSAR processing. The impact of SAR data updating on the slow subsidence rate region is
so weak that it is not necessary to simultaneously update the corresponding monitoring results to
improve global efficiency. If the slow subsidence rates region must be remeasured in relation to its
previous subsidence, or the proportion of new data capacity alters compared with the original data
set, PS-INSAR processing is used to analyze the whole monitoring region again using the complete
data set. A case study performed on the west region of the Qinhuai River in Nanjing, China, indicates
that the density of monitoring points in the fast-subsidence region is greatly improved, increasing
from 711 points /km? to 2760 points/km?—an increase of 288.2%.

Keywords: differential land subsidence; continuous track monitoring; PS-InSAR; SBAS-InSAR; data
fusion

1. Introduction

The long-term compression and consolidation of loose surface formations can cause
urban land subsidence due to the influences of underground construction, as well as the
exploitation of groundwater and gas, which may threaten buildings and infrastructure
in lower mainland, delta, and coastal urban areas [1-4]. For the spatial differentiation of
structural form, construction disturbance, and stratum distribution, the land subsidence
rates of metropolitan areas present significant local differences. The entire region can be
divided into several fast and slow rates of subsidence region [5-11]. Therefore, it is essential
to monitor the differential land subsidence, assess the hazards, and predict the subsidence
trend to mitigate damage and provide measures for urban buildings and any infrastructure.

Interferometric Synthetic Aperture Radar (InSAR) is a powerful technique for extract-
ing information related to ground deformation, which is an effective method for measuring
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land subsidence by exploring data archives that allow us to study the past, with all-weather
and day/night imaging capability, a wide range of spatial coverages, extremely high spatial-
temporal resolutions, and remote access to data [12-17]. Differential INSAR (D-InSAR)
utilizes the temporal baseline to monitor the ground deformation and to estimate such small
deformation. However, the accuracy of D-InSAR measurement results is very sensitive
to spatial-temporal decorrelation and is always affected by atmospheric delay [18,19]. To
solve this problem, time-series INSAR techniques are widely employed in the monitoring
of surface deformation. The persistent scatter (PS-InNSAR) technique [20-22] and Small
Baseline Subset INSAR (SBAS-InSAR) technique [23-28] are the principal time-series INSAR
analysis used for the continuous monitoring of land subsidence. On the one hand, SBAS
is the typical method of DS interferometry (DSI) [29], which attenuates the influences
of decorrelation by selecting interferograms with short temporal and spatial baselines.
On the other hand, Intermittent SBAS (ISBAS) is applied to minimize the decorrelation
influences [30,31].

As an accurate deformation observation method, PS-InSAR enables continuous moni-
toring within a multi-image framework that analyzes spatial-temporal development. For
improving the accuracy of slow ground deformation monitoring and high coherence of
those persistent scatterers, PS-InSAR is not limited by the temporal and spatial baselines
and can observe deformation over large ranges or long periods with the accumulation
of large amounts of data [32-34]. As a result, PSInNSAR can revise and optimize defor-
mation measurements from 10 to 20 mm to 2-3 mm [35]. Compared with the PS-InSAR,
the SBAS-InSAR technique has the advantages of overcoming the de-correlation of high
distortion rate regions and decreasing the number of SAR images needed to process [36,37].
SBAS-INSAR employs interferogram networks with temporal and vertical baselines with
length and time constraints to acquire effective and continuous deformation data with
high efficiency.

In a large region of differential land subsidence rate, continuous track monitoring
by PS-InSAR operates via batch-stacking processing, thus, with SAR image data updates,
the original data, and the newly added data must be processed again, which will bring
enormous many operations and induces low-efficiency problems. SBAS-INSAR has an
efficient solution by a small baseline consisting of a small amount of data but is less
reliable than PS-InSAR due to the lack of public images, which cannot guarantee the global
accuracy requirement of a large region [5,38—40]. In regions of accelerated subsidence, the
monitoring accuracy of PS-InSAR may be limited by which the rate of SAR data updating
cannot keep up with the land subsidence rate. SBAS-InSAR is able to overcome incoherence
and attain higher data density in the accelerated subsidence region, but the monitoring
accuracy in the area of slow subsidence is lower than that of PS-InSAR. Therefore, it is hard
to guarantee the accuracy and efficiency of data updates and InSAR calculations when
using a single-time-series INSAR, and when facing differential land subsidence rates in an
urban center.

In this study, a new method is proposed that can be used for continuous monitoring
in regions of differential land subsidence rates, based on the integration of PS-InSAR and
SBAS-InSAR. Based on PS-InSAR processing, the Iterative Self-Organizing Data Analysis
Techniques (ISODATA) algorithm is adopted to search the boundary of differential sub-
sidence between slow and fast subsidence rates. PS-InSAR is utilized to guarantee the
accuracy requirements of the slow-subsidence region by accumulating a large amount
of data. The SBAS-InSAR processing with high frequency is used to continuously track
and monitor the regions with fast subsidence rates incorporating original data and newly
added data into small data sets from time to time according to SAR data updating, the
monitoring results of which are obtained from the weighted average of the added results
of SBAS-InSAR processing and the original results of PS-InSAR processing. The impact of
SAR data updating on the slow subsidence rate region is so weak that it is not necessary to
simultaneously update the corresponding monitoring results to improve global efficiency. If
the slow subsidence rates region must be remeasured in relation to its previous subsidence,
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or the proportion of new data capacity alters compared with the original data set, PS-InNSAR
processing is used to analyze the whole monitoring region again using the complete data
set. The new method is applied in the case study of the western region of the Qinhuai River
in Nanjing, China to be verified its validity.

2. Methodology
2.1. Time-Series InSAR Processing

On PS-InSAR processing [41], the master image is chosen to optimize spatial-temporal
de-correlation. To all the chosen Persistent Scatterer Candidates (PSCs), p;, the interfero-
metric phase of a flattened differential interferogram, N, is given by a combination of the
various contributions expressed below [35]:

APk (pi) = APETE™ (p;) + APIP (pi) + AGA™ (pi) + Mo (pi) (1)

where s and k indicate the interferometric pairs, where s belongs to the slave image, k can
be defined as a master image [35]. Because of external DEM (Digital Elevation Model)
inaccuracies, Aqb?kelght(pi), AcpSkISp(pi) corresponds to DEM error and is expressed as a
linear rate of deformation. A¢i£m(pi) denotes the atmospheric phase delay, and A7 i (p;)
expresses the temporal and geometrical decorrelation noise.

The Amplitude Dispersion Index (ADI) identifies pixels of relatively low SAR ampli-
tude variation values to be candidates for PS-InSAR analysis, i.e., as PSCs. Hence, a higher
average coherence or a lower ADI is associated with superior phase quality. The particular
pixel ADI is denoted as

ADI = 7A 2)
Ha
where 04 and 4 represent the standard deviation and the mean value of the amplitude,

respectively.

The SBAS-InSAR process [42,43], involves four steps [44]:

Step 1: Select a small baseline subset.

Step 2: Set the interference processing of the defined baseline sets.

Step 3: Retrieve the unwrapped deformed phases with the three-dimensional phase
unfolding algorithms.

Step 4: Separate the components of error in the unfolding phase to derive the true
deformation. The SBAS-InSAR formula is presented below [45]:

N+1 N+1
<MK —_—
- <men(M) ©
¢; (x,7) = ¢(tg, x, 1) — P(ta, x,1) = Agbdisp + Athopo + Adatm + Adnoise 4

Equation (3) represents the number ranges of differential interferograms produced from
N + 1 SAR images of the same region in a given time period (to, t1,- - -, fn). Equation (4)
outlines the formation of the interferometric phase of the interferogram j (generated from two
images at tg and t4) in the pixel (x,r), in which x and r indicate the azimuth and distance
coordinates, separately. For each PS-InSAR or SBAS-InSAR, the deformation rates along
the line of sight (LOS) and the deformation time-series during acquisition can be efficiently
measured. When accounting for the direction of movement, the most suitable LOS for the
radar sensor is along the ascending track, via which it can measure the actual displacement
more reliably.

The deformations registered by PS-InSAR are distinguished by negative values. In
addition, the notations Adispr APorb, APtopo, APatm and A¢noise are produced by the ter-
rain, satellite orbit error, topography, atmosphere effect, and other noises, respectively.
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Furthermore, the M equations with N unknowns can be represented in the shape of the
matrix as follows.
Ap = o¢

¢ =[p(tr), d(ta), -, P(tn)]" )
8¢ = [0¢(t1),0¢(t2), -+, 6p(tn)]"

where A denotes the M x N coefficient matrix. ¢ is the N x 1 vector of unknown deformed
phase value, d¢ is the N x 1 vector of the unfolded phase value.

2.2. Proposed Method

The proposed method is divided into two parts. First, the Iterative Self-Organizing
Data Analysis Techniques (ISODATA) algorithm is used to define the boundary between
the slow subsidence region and the fast-subsidence region by clustering the distribution
of land subsidence rates obtained by PS-InSAR. Second, when new SAR data are needed,
SBAS-InSAR is used to efficiently develop small SAR data sets that include partial time-
series SAR data and new SAR data. Moreover, the monitoring results are the sum of the
latest results of SBAS-InSAR and the original result of the PS-INSAR for the time-series
SAR datasets that are not included in the small SAR data sets. After updating with a
certain amount of SAR data, the boundary and the monitoring results will be recalculated
by PS-InSAR and SBAS-InSAR. The processed algorithm is partitioned into 10 steps, the
procedure of which is shown in Figure 1.

| ¥
The set of registered SBAS InSAR data
SAR images used for Newlyacquired SAR. . ]mnrpnmte new processing
— .. . # imagesinto exishng :
original PS InS AR image " deformation
" image data sets :
processng detection results
The number of SAR The latest SBAS
Take a SAR image imag e data sets is » InSAR deformation
vpdated to M detection msults
\’ Image coarse Take the small baseline set
registrfion * SAR image data st NO B LR R
The number of images meets (M-IN) image from the new daa sef,
l N0 proce ss the =mall baseline set data,
: and update the deformation
Get the coherence detection esults
coefficients of new images
and images in the data set
PS InSAR data
Droes the coherence coefficient processing upq.ates
s the deformafion |~
meet the criteria? . v
detection resultand :
sets N=M The latest PS InSAR Weighted average of
> deformation # average coherence
detection results coefficient

Deformation
detection results are
not updated

L4

Obtain the deformation
PS InSAR detection m=ulte afier the new
> deformation — data is updated
detection results

Figure 1. Flow chart of the method proposed.

Step 1: N SAR images are acquired from the SAR images set, for which N is more than
or equivalent to 20, the SAR image set is defined as depicting the identical observation
scenario, and the sets are aligned.
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Step 2: The SAR image set derived in Step 1 is used in PS-InSAR for land settlement
monitoring and to acquire the PSCs. The SBAS-InSAR also processes the SAR image set
acquired in Step 1 to perform ground deformation monitoring and acquire the Slowly
Decoherent Filtering Phase (SDFP) and the corresponding pixel coordinates.

Step 3: The acquired SAR image data are filtered and put into the image data set if
they meet the filtering conditions. The primary screening condition involves calculating the
coherence coefficient of the acquired image. If N1 of the calculated N coherence coefficient
exceeds the predetermined threshold value p, then the alighment results satisfy the preset
coherence conditions, where N1 > N x 0.6; P > 0.6.

Step 4: If the number M of images in the current image datasets meets the conditions
(M — N)/N > 50%, go to Step 5, Otherwise, go to Step 6.

Step 5: PS-InSAR processing is performed on the image data from Step 4, the PS
surface deformation results are calculated, the PS deformation results calculated in Step 2
are updated, and the maximum comprehensive coherence coefficient derived via PS-InSAR
processing p1 and the number of PS-INSAR images are updating, return to Step 3.

Step 6: N2 SAR images are selected from the image data set in Step 4 to form M1 small
baseline sets and SBAS-InSAR processing is performed on the small baseline sets of the
SAR image data newly acquired in Step 3 to obtain new SBAS surface deformation results,
The average comprehensive coherence coefficient p2 is updated.

Step 7: The ISODATA algorithm is used for the cluster analysis of the solution results de-
rived in Step 6 to divide the deformation area and extract the most strongly developed region.

Step 8: The new SAR images of the strongly developed land subsidence area are
acquired and screened again for SBAS-InSAR processing.

Step 9: The distribution of the accelerated land subsidence area is determined through
the SBAS-InSAR monitoring results derived in Step 8.

Step 10: The SBAS deformation results from Step 6 and Step 8 are fused by the method
of the weighted average for the accelerated land subsidence area. The PS deformation
results from Step 5 and the SBAS deformation results from Step 8 are fused by the weighted
average method for the slow land subsidence area. The weighted average method’s formula
is as follows:

R= (Rl -wl+R2 - w2)/(wl+ w2) (6)

where, R represents the fused land subsidence monitoring results, R1, and R2 indicate the
ground settlement monitoring results of PS and SBAS-InSAR, separately, and w1 and w2
are weighting factors.

2.3. Land Settlement Rate Classification and Division

The ground settlement rate classification is an important basis for designing ground
settlement monitoring networks and selecting ground settlement prevention methods. The
principle of classifying strong and weak areas in this paper is that if the annual average
settlement rate is less than 10 mm-a !, the area is classified as a weakly developed area of
ground settlement, if the annual average land subsidence rate is between 10 and 30 mm-a~!,
the area is defined as a moderately developed area of ground settlement, and if the annual
average land subsidence rate is >30 mm-a_!, then the area is categorized as a strongly

developed area of ground settlement, as listed in Table 1.

Table 1. Land subsidence area division principles and corresponding division ranges.

Developed Degrees
Criterion
Strongly Developed Moderately Developed Weakly Developed
Average land subsidence rate >30 10~30 <10

in recent 5 years (mm-a~1)
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The ISODATA algorithm is a spatial clustering algorithm based on image segmentation
and it is an unsupervised classification method. The ISODATA algorithm can use spatial
information to identify and segment regions in images with highly similar target values
and large differences between targets and achieve classification in a stepwise evolutionary
manner. This study is used to classify land subsidence rates using three data layers
simultaneously, such as SDFP, the corresponding pixel coordinates, and SABS InSAR-
based ground subsidence values [46]. The ISODATA algorithm employs the following
procedure [47]:

(1) Select initial parameters.

(2) Compute the distance index function for each of the clusters.

(3) Merge or split clusters in accordance with the given requirements.

(4) Loop iteration. Calculate the new index and define whether the result matches the
clustering demands [47].

The ISODATA algorithm proceeds as follows, as shown in Figure 2:

Neighborhood
clustering

|

Calulate the
center and mean

Yes

Last

a8 . 5
Leiei=t interative

N =2k Splitting
Or Even algorithm
¥
Yes
No Mergjng No
condition -+ True or False
Yes
Merging
algorithm

Last
iterative

Figure 2. Flow chart of ISODATA algorithm.

Based on the unsupervised classification tool in the Arctoolbox of ArcGIS, the initial
value N, of the clustering center can be chosen randomly and is set to 1 here. 05, 6. and
I are considered the default values for the ISODATA clustering algorithm in ArcGIS, 6,
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is given as 20, and the size of the neighborhood window R is a 20 x 20 grid. The input
parameters are described in Table 2.

Table 2. Involving the input parameters of the ISODATA clustering algorithm.

Input Parameters

N¢

K 0s 0. 0, I R

Value

1

3 10 20 20 10 20 x 20 grids

2.4. New SAR Data Filtering, Updating, and Integrating

Due to the high temporal and spatial sampling rate, SBAS-INSAR requires few satellite
images, but generally, more than eight images, to ensure monitoring accuracy [6,48]. The
fast-rate region can be searched for by applying SBAS-INSAR to small SAR data sets,
including partial time-series SAR data and new SAR data from strongly developed ground
deformation areas. To avoid the event of low coherence between the new SAR data and the
original SAR data, the coherence coefficient is applied to screen the new SAR data.

The maximum temporal resolution of the Sentinel-1A data is 12 days, with a critical
time baseline of 4a, a critical Doppler center frequency difference of 486.486 Hz, and a
critical spatial baseline of 6448 m. The screening criteria for the new SAR data are listed in
Equations (7) and (8), and the master image is chosen according to the stacked coherence of
the interferogram using Equation (7).

'y”'l = F(BT,Bcr> X F(Tn’l/TmM) X F(ftii/lc’l’fdfmax> @)
1- &l x| < a

F(x,a) =1— x 8

(x,2) { 0% > a ®

where 1, 1 is the serial number of the master and slave images. T/ represents a temporal
baseline for the master and slave images. B ’j_’l indicates the spatial baseline of the master and

slave images. f;c’l expresses the Doppler center frequency difference between the master
and slave images. B, indicates a critical effective baseline. Ty, is a critical temporal
baseline. f;.  denotes the critical Doppler center frequency difference. Nj is the set of
images meeting the filtering criteria (N; > 8). 7! is the master-slave image coherence
coefficient (7! > 0.6) [32,49,50].

When the SDFPs from the SBAS-INSAR data set with higher spatial coverage are
applied to the subsidence regions with rapid rates, two sets of SDFPs data are superimposed
according to the sampling times of the two adjacent phases of SBAS-InSAR results, due to
the different time scales of the two phases. The low-quality and low-density PSCs from
the rapid-subsidence regions are removed from ArcGIS, and the updated SDFPs in the
rapid-subsidence regions and the PSCs in the slow-subsidence regions are overlaid to
obtain the fusion results for the areas of intensely different subsidence.

3. Case Study
3.1. Research Region

The research region is the western region of the Qinhuai River, Nanjing City, Jiangsu
Province, China, which is located southwest of Nanjing’s main city, with the Qinhuai
River, the South River, the Qinhuai New River, the Yangtze River, and the Sancha River to
the southeast and northwest, respectively, and a land area of 56 km?, as seen in Figure 3.
In the past decade, the accelerated urbanization of this research region has triggered
regional ground deformation, and the differences in geological units, structural forms,
and construction disturbances have caused drastic differences in ground deformation [51].
The LOS deformation from the tracks should be projected to the vertical. Meanwhile,
considering the flat topography of the plain in this case study, the displacements obtained
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from InSAR (along the LOS direction) are directly interpreted as vertical deformations in
this study.

118°0'E 118°30'E 119°0"E 119°30'E

32°30'N 32°30'N

32°0'N 32°0' N
31930'N m
0 4 km
L1 1 1 1
0 40 km
1 |
118°0'E 118°30' E 119°0'E 119°30'E

Figure 3. Position of the research region in the western region of the Qinhuai River, which is defined
with black lines.

3.2. SAR Datasets

The archived Sentinel-1A (2017-2020) datasets and the accessorial data from ALOS
World’s three dimensions with 30 m resolution are used to evaluate ground surface
settlement. The 38 images are contained within the interferometric wide-swath for-
mat, single-view complexes of the image pairs, together with the VV channels from
https:/ /scihub.esa.int/, (accessed on 1 June 2017) [14,35]. The primary parameters of
the satellite systems are outlined in Table 3 [35].

Table 3. Primary parameters of the satellite systems.

Satellite Sensor Revisit Period/d Wave Band Wavelength/cm Incident Angle/° R;ﬁg;::n
Sentinel-1A Sun synchronous 12 days C-band 5.6 38.9 5 x 20

In total, 38 images from the Sentinel-1A data set, covering the research area in the
period from 2017.06 to 2020.07, have been chosen for both PS and SBAS-InSAR processing
through the SARscape software. To be able to simultaneously satisfy the demands of PS
and SBAS-INSAR calculations, the temporal-spatial baselines of the INSAR data sources
had to be as small as reasonably possible. Two stacked C-band Sentinel-1A SAR data have
been adopted for this study. The scenes are collected at a central frequency of 5.605 GHz
(i.e., 5.6 cm wavelength, A) in the right-view mode and the Interferometric Width (IW)
imaging modes. This was modeled on the Terrain Observation with Progressive Scans
(TOPS) method, with the LOS incidence angle of 38.9° at the scene’s center. The IW imagery
is characterized by a 250 km swath width, the use of the VV channel, and a 5 m ground
distance and 20 m azimuth single-view resolution [6]. Sentinel-1A has wide coverage and
a short revisit period of 12 days. After carefully identifying the track distribution of each
SAR image, the SAR images of one month were picked for the experiments, the parameters
of the interferometric wide (IW) TOPS acquisition mode and the experimental data are
shown in Table 4 below.
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Table 4. Dates of Sentinel-1A 38 SAR images captured between 2017 and 2020.

Month
2 3 4 5 6 7 8 9 10 11 12
Year\ Day
2017 / / / / / / 2 19 24 18 23 29
2018 22 27 23 28 22 3 9 26 19 25 18 24
2019 5 22 6 23 29 22 16 9 2 20 25 19
2020 24 29 24 29 23 16 22 3 / / / /

4. Single Interferometry Procedure
4.1. PS-InSAR Processing

Master image are obtained from a 2D center consisting of temporal-spatial baselines
during PS-InSAR processing (accessed on 22 February 2019). Then, 38 ascending Sentinel-1
images were co-aligned with the master image, moreover, a sum of 37 interferograms was
derived from the data sets via interferometric processing. The produced spatial baselines
were primarily distributed over the range of —130 m to —110 m, the longest spatial baseline
was 121.802 m with a time baseline maximum of 600 d (Figure 4).

Time-Position Plot
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Figure 4. Temporal-spatial baselines distribution of PS-InSAR interference processing.

The first-order differential calculations for 37 interferograms is performed using the
exact orbit of Sentinel-1A datasets to calculate the reference ellipsoidal phase and derive
it from the original interferometric phases. The topographical phases are modeled with
ALOS World three-dimension data and deduced from the first differential interference
phase to achieve the interferometric phase images after two differential interference phases.
The topographical phases are modeled with ALOS World 3D data and inferred from the
first-order differential interference phase for obtaining the interferometric phase image
following the two differential interference phases. To identify stable scattered targets, the
coherence coefficient images exported from the interferometric processing are integrated
with the amplitude images from the 38 Sentinel-1A data sets, furthermore, the minimum
coherence threshold is fixed to 0.75 by the ADI method. The DEM correction coefficients and
the average deformation rates of the candidate points are evaluated, and the atmospheric
phases of PS candidate points are eliminated to obtain the final average deformation rate,
as well as to gain the cumulative surface deformations, as shown in Figure 5.
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Figure 5. Deformation rates map from 2017.7 to 2020.8 using PS-InSAR processing.

4.2. SBAS-InSAR Processing

In the SBAS-InSAR technique, the algorithm is used to calculate the INSAR time-series
according to a single-master network. First, the master image is picked by means of
Equation (1) on the basis of the superimposed coherence of the interferogram. The super-
imposed coherence is an equation of the temporal baseline and the perpendicular spatial
baseline. According to this process, the 2018-08-19 images are picked as the master image,
and the temporal-spatial baseline thresholds are set after resampling all SLC image registra-
tions (Figure 6). The experiment has a long-time span of roughly 38 months, and to decrease
the adverse influence of orbital deviation, atmospheric delay, and topographic errors on the
interferometric dataset generation, the temporal baseline length is bounded to 365 d and
the spatial baseline length is limited to 645 m, which will yield 197 interferometric pairs.

Time-Position Plot
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Figure 6. Spatial-temporal baseline distribution of SBAS-INSAR processing.

Minimum cost flow (MCF) based on coherence calculation, flatting, filtering, and min-
imum phase unwrapping [52-54] have been tested on 272 interferometric pairs. Residual
phase removal and Orbital refinement were applied to the unwrapping results, the orbital
parameters were accurately estimated using GCP points, and the residual flat phase and
orbit errors were deducted. In conjunction with the calculated high coherence point, a
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modeling solution has been derived to build the equations matrix, after which the elevation
error and a linear deformation rate were evaluated by the matrix singular value decompo-
sition (SVD) approach. The participating phases had to be separated, and the atmospheric
phase composition of the residual phase was evaluated and removed from the residual
phase. The de-correlation noise phases were eliminated with a filtering technique to derive
the non-linear distorted phases. Eventually, the linear and non-linear deformation phases
were superimposed to obtain the most accurate deformation results, as demonstrated in
Figure 7.

As presented in Figures 5 and 7, the annual mean deformation rates in the PS-InSAR
monitoring results ranged from —24.3 to 24.5 mm-a~!, while the annual average defor-
mation rates in the SBAS-InNSAR monitoring results varied from —32.1 to 19.8 mm-a~'.
The number of PSCs in the fast-subsidence region in the PS-InNSAR monitoring results
decreases as the subsidence rate increases until becoming incoherent. In the SBAS-InSAR
monitoring results, the incoherence areas occur primarily where the subsidence rate is
greater than 20 mm-a~!. The regions of rapid subsidence are mainly located near the
south of Mochou Lake, which should be monitored as a priority for residential areas and
transport infrastructure.

ey , 7 Average deformation
32°0' s v rate/mgm‘ﬂ"
B -32.1--200
[1-20.0--10.0
[1-10.0-0.0
: [ 0.0-100
i~ : : M 10.0-19.8

118°40'E 118°44'E 118°48'E
0 8km
|

L | | |

Figure 7. Distribution of deformation rate based on SBAS-InSAR for the years July 2017 to August
2020.

5. Result
5.1. Land Subsidence Zoning Result

The ISODATA algorithm was used to derive the group of raster data in the multi-
dimensional attribute space using the SBAS-INSAR monitoring results. The number of
categories was set to 3 in the ISODATA algorithm. The zoning results derived using
the ISODATA algorithm include weakly developed land subsidence areas, moderately
developed land subsidence areas, and strongly developed land subsidence areas as shown
in Figure 8. Strongly developed land subsidence mainly covers areas with land subsidence
rates greater than 10 mm-a~!, and moderately ground land subsidence areas occur in areas

with land subsidence rates between approximately 0 and 10 mm-a~".
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Figure 8. Land subsidence zoning.

5.2. Searching for the Fast Rate of Land Subsidence Region

Sentinel-1 SAR data have been collected regularly in Nanjing, China, since June 2017.
According to the Earth Data Center classification standard, the SAR data with the same path
and boundary after 3 August 2020 has been selected. The results of multi-temporal INSAR
processing show that the path number of the new SAR data is 69, the boundary number is
99, and the time stamp is 8 September 2020. Coherence coefficients are calculated for the
new SAR data and the original SAR data, the results of which are shown in Figure 9. A
total of 16 sets of SAR data with coherence coefficients greater than 0.6 satisfy the screening
criteria. All original SAR data and new SAR data with coherence coefficients greater than
0.6 are merged to form a new data set Q and processed by SBAS-InSAR.

The number of PSCs in the fast-subsidence region in the PS-InSAR set decreases as
the subsidence rate increases until becoming incoherent. Therefore, areas with subsidence
rates greater than mm-a ! are considered the fast-subsidence regions within the strongly
developed ground settlement areas. Areas with subsidence rates more than 20 mm-a~!,
as monitored by two phases of SBAS-InSAR are plotted in the zoning map of ground
subsidence, as depicted in Figure 10. Answer: We confirmed
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Figure 9. Cont.
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Figure 10. Development of accelerated subsidence areas: (a) Areas with a land subsidence rate of
more than 20 mm-a~! in the first stage, (b) Areas with a land subsidence rate of more than 20 mm-a~!
in the second stage.

The red area is the region with a subsidence rate greater than 20 mm-a~—!. Compared
with the two adjacent phases of SBAS-INSAR results, there is a clear trend of expansion in
the red area, which indicates a rapid rate of subsidence in the area of strongly developed
ground subsidence. SBAS-InSAR can search for areas with settling rates greater than
20 mm-a~! via the continuous monitoring of fast-settling areas.

5.3. Data Update and Integrate

The time span of dataset N is from 2 July 2017 to 3 August 2020, and the time span
of data set Q is from 29 May 2019 to 8 September 2020. Since the time node of fusion is
determined by the temporal beginning of the new image data set, 29 May 2019 is used as the
node to fuse the two sets of SDFP pixel data and update the SDFP pixels in the subsidence
region at a rapid rate. The results are given in Figure 11. The highest subsidence rate after
the data update is 32.5 mm-a~!, which is slightly higher than the 32.1 mm-a~! shown in
Figure 7. This is because the time interval of only one new image phase is updated, and the
variation in the annual average subsidence rate is relatively small. Answer: We confirmed.
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Figure 11. Accelerated deformation area SDFP.

Figure 12 shows the maximum annual average subsidence rate increased from
32.1 mm-a~! to 32.5 mm-a~! as a result of the continuous monitoring of rapid-subsidence
regions in highly developed ground subsidence areas. In addition, the maximum uplift
rate decreased from 24.5 mm-a~! to 10.5 mm-a~! due to the removal of misclassified uplift
PSCs from the accelerated settlement region after the adoption of SDFP pixel points.

32°4'N

32°0'\
Average deformation
rate/mm-a’'

§ °-32.5--20.0

-20.0--10.0
-10.0-0.3

118°40'E 118°44'E 118°48'E

Figure 12. Data fusion result.

6. Discussion
6.1. Pixel Points Variation Pattern in Land Subsidence

The statistical analysis of the PSCs yielded by PS-InSAR and the SDFPs yielded by
SBAS-InSAR indicates that there are 86,578 PSCs and 149,366 SDFPs, and the total number
of SDFPs is much greater than that of PSCs. The maximum deformation rates in the
LOS direction for the PS and SDFP pixel points are —12 and —7 mm-a~!, respectively.
Meanwhile, the frequency distribution pattern of the PS and SDFP pixel points is more
similar in terms of the values of the deformation rates, as displayed in Figure 13.
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Figure 13. Frequency distribution pattern of subsidence rate in the LOS direction.

The 2761 PSCs and SDFPs with the same geographical coordinates in the research
region have been screened, and the correlation analysis of the subsidence rates at the
screened points indicates, that the linear correlation coefficient R exceeds reaches above
0.93, as displayed in Figure 14.
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Figure 14. Correlation between PSCs and SDFPs.

6.2. Time-Series Analysis of Land Subsidence

After comparing the variation in cumulative land subsidence over time in areas show-
ing rapid land subsidence, characteristic points in the regions 0~10 mm-a~!, 10~20 mm-a~!,
and 20~30 mm-a~! has been selected for plotting the time-series variation curves of cumu-

lative land subsidence, where the characteristic points Al and A2 are located in the region
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with a land subsidence rate of 20~30 mm-a~!. In addition, the characteristic points B1 and
B2 are located in the region with a land subsidence rate of 10~20 mm-a~!, and C1 and C2
are located in the region with a land subsidence rate of 0~10 mm-a~!, as shown in Figure 15.
The time-series variation profiles of accumulated subsidence at the feature points over set
time are presented in Figure 16. The deviations in the accumulated subsidence monitoring
values given by the two techniques have also been statistically analyzed.

N

Rate/mm

320 - 200
[1-200--10.0
[1-100-00
B 0.0 - 100
Il 100-19.8

118°48'E
0 8km
]

118°40'E 118°44'E

Figure 15. Feature point distribution of the annual average subsidence rate.

From Figure 16, we see that the two monitoring technologies identified a sharp increase
in the cumulative settlement at feature point C as time proceeded, and their trends are
relatively comparable. When the density of PS points decreases, PS-InNSAR’s removal of
the atmospheric phase will produce relatively large errors, and at this time, SBAS-InSAR’s
results can complement the PS-InNSAR monitoring values. The time-series analysis results
and the deviation statistics are shown in Table 5. In the region with land subsidence rates
of 0~10 mm-a~!, the cumulative land subsidence deviations of PS- and SBAS-InSAR were
—0.7 and 0.6, respectively. The deviations in cumulative land subsidence between PS- and
SBAS-InSAR were, respectively, found to be —1.1 and 1.7 in the region with subsidence
rates of 10~20 mm-a—!. In the region with the land subsidence rates of 20~30 mm-a~!,
the deviations of the cumulative land subsidence between PS- and SBAS-INSAR were,
respectively, 5.6 and 4.0. In summary, as the land subsidence rate increased, the deviation
also increases due to the loss of coherence caused by the dramatic land subsidence in the
fast-subsidence region.

Table 5. The cumulative time-series analyses and deviation results.

SBAS-InSAR

PS-InSAR Cumulative . Cumulative Land The Average Annual
. . Cumulative Land . . .
Point Land Subsidence Subsidence Monitorin Subsidence Monitoring Subsidence Rate
Monitoring Value/mm v 8 Value Deviation/mm Deviation/(mm-a~1)
Value/mm

Al 53.0 70.9 17.9 5.6

A2 52.5 65.1 12.6 4.0

B1 479 443 —-3.6 1.1

B2 43.2 48.5 5.3 1.7

C1 20.1 17.9 2.1 -0.7

C2 17.1 19.1 2.0 0.6
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Figure 16. Time series of ground subsidence rates measured from PS and SBAS-InSAR monitoring.

The numbers of PSCs and SDFPs in the fast-subsidence regions are shown in Table 6.
In the regions with rapid subsidence rates, there are 4036 low-quality and low-density PSCs
and 15,667 updated SDFPs. Simultaneously, the density of monitoring points increased
from 711/km? to 2760/km?, an increase of 288.2%. In other regions, because of the low
ground subsidence rate and high feature coherence, the density of existing PS points meets
the demands of high precision in land subsidence monitoring. The data fusion results in
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the more rational deployment of monitoring points, thus significantly increasing the den-
sity of monitoring points in areas of accelerated subsidence and precluding misclassified
uplift monitoring points. The method in this paper makes full use of all satellite observa-
tions while improving monitoring efficiency, enabling the timely capturing of accelerated
subsidence areas within strongly developed ground settlement areas and the continuous
monitoring of accelerated deformation areas.

Table 6. Monitoring data statistics.

Monitoring Area

Fast Rate of Subsidence Slow Rate of Subsidence
Regions Regions
Data Type
PS points/piece 4036 47,054
SDFP pixels / piece 15,667 133,699

Even though the PS-SBAS integration results in this study are encouraging, a large
error of more than 1 cm/year still occurs in certain regions of the research region. The
results from existing continuous GPS stations in these regions may reduce these large errors.
The concept is to model atmospheric delays using continuous GPS measurements and
subsequently apply the GPS measurements to regulate the atmospheric impacts within
radar interferograms.

6.3. Induced Causes of Land Subsidence

Many prior studies have adequately documented the exploration of land subsidence
and the triggering factors in Southeast regions of China, which also lie in the southern
part of Jiangsu Province, around the lower reaches of the Yangtze River, and east of
Shanghai City. These regions have various types of groundwater, an uneven distribution
of groundwater, and complex burial conditions, with distinctive regional characteristics.
It was found that the Suzhou-Wuxi-Changzhou area has suffered severe land subsidence
due to long-term excessive exploitation, ground fissure activity and pumping [55,56].
Based on long-term measurement data, the uneven land subsidence and the differential
settlement of infrastructure in Shanghai were caused by groundwater exploitation and
artificial recharge in an alternated multi-aquifer-aquitard system [57]. In most cases, the
pattern of land subsidence might be even more complicated when it is induced by a
combination of multiple factors at different scales. This paper focused on groundwater
exploitation and the industry or underground construction, along with the effects on the
spatio-temporal changes of groundwater exploitation and ground displacements. However,
considering the complexity of the land use and the geological conditions in different
districts of Nanjing City, the land subsidence may not be only induced by groundwater
extraction and surface construction, but also by the integrated factors of numerous natural
situations and anthropogenic processes. Therefore, future work should include a more
comprehensive analysis of triggering factors to remove some of the limitations of this study.

7. Conclusions

This paper proposes a new land subsidence monitoring algorithm, formed by fusing
PS-InSAR and SBAS-InSAR interferometric data from zones with differential land subsi-
dence rates. This integrated method can ensure the accuracy and efficiency of data updates
and InSAR calculation, and address the low local accuracy of using single interferometry
to assess differential land subsidence in an urban center.

The SDFPs are acquired by SBAS-InSAR, and the land subsidence rates of the SDFPs
are clustered and analyzed using the ISODATA algorithm to identify the most strongly
developed ground subsidence areas. The new SAR data in the strongly developed ground
land subsidence areas are obtained and filtered, and then SBAS-InSAR processing is per-
formed again. Meanwhile, the results of the second phase of SBAS-INSAR monitoring



Remote Sens. 2023, 15, 3298 19 of 21

are applied to rapidly determine the subsidence region. Finally, the SBAS-INSAR data of
two phases are fused for the fast-subsidence region, and PS-InNSAR monitoring data are
adopted for the slow-subsidence region. The monitoring results are the sum of the latest
results of SBAS-InNSAR and the original results derived from PS-InSAR or SBAS-InSAR
taken from the temporal region of SAR data which is not included in the small SAR data
set. Application of the western area of the Qinhuai River, Nanjing, China has indicated
that the proposed method eliminates the PSCs, reducing the monitoring accuracy in the
fast-subsidence region. When the SDFPs are used in the fast-subsidence region, the density
of monitoring points significantly increases from 711 points/km? to 2760 points/km?—an
increase of 288.2%.

The engineering case indicates that the integrated method can take full advantage
of the validity of all satellite observations and fuses the main advantages of these two
monitoring techniques to improve the efficiency of monitoring in regions with different
subsidence rates. By promptly capturing accelerated settlement areas within regions of
strongly developed ground settlement, the accelerated settlement rate is efficiently tracked,
and the settlement areas can be closely monitored.
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