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Highlights

What are the main findings?

e Proposed is a two-stage clustering algorithm for dual-pol SAR water mapping:
temporal-feature-based initial segmentation and cluster refinement with adaptive
cluster counts.

e Applied to long-term monitoring (7 February 2017-24 August 2025) of reservoir cover-
age evolution, the algorithm shows that small reservoirs had cumulative desiccation
of up to 24 months from land subsidence caused by tunnel excavation.

What are the implications of the main findings?

e  Stage one: The K-S test is used to characterize temporal features, generating water
candidate regions and mitigating shadow misclassification. Stage two: SVD is used
to fuse dual-pol features into a high-discrimination water-non-water set. Both steps
enhance water mapping accuracy.

e  The proposed method accommodates water drying-flooding regimes and enables
spatiotemporal evolution monitoring of water body coverage.

Abstract

Monitoring small water body coverage spatiotemporal evolution in karst areas of complex
hydrogeology is pivotal for water resource management and disaster assessment. With
recent infrastructure expansion, intensive tunnel excavation has occurred in Chongging’s
Geleshan, a typical karst region with fragile aquifers. It has disrupted hydrogeological
systems, triggering ground subsidence, groundwater leakage, and subsequent reservoir
desiccation, as well as threatening regional water security and ecology. Thus, monitoring
reservoir coverage evolution is critical to clarify dynamics and driving mechanisms. Syn-
thetic Aperture Radar (SAR) is ideal for water body mapping, enabling data acquisition
independent of illumination and weather. However, traditional SAR-based water extraction
methods are hampered by low-scatter noise and poor adaptability to hydrological fluctua-
tions. To address this, a two-stage dual-polarization SAR clustering algorithm (TSDPS-Clus)
was developed using 452 time-series Sentinel-1 images (7 February 2017-24 August 2025).
Specifically, the Kolmogorov—-Smirnov test via pixel-wise time-series statistics screened core
water areas, built candidate regions, and mitigated noise. Subsequently, dual-polarization
and positional features were fused via singular value decomposition (SVD) to generate a
high-discrimination low-dimensional feature set, followed by the Iterative Self-Organizing
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Data Analysis Techniques Algorithm (ISODATA) clustering for high-precision extraction.
Results demonstrate that the algorithm suits reservoir storage-desiccation dynamics; dual-
polarization complementarity boosts accuracy and clarifies six reservoirs’ spatiotemporal
evolution. Notably, post-2023, tunnel excavation-induced land subsidence increased drying
frequency and duration, with a 24-month maximum cumulative desiccation period.

Keywords: water-body segmentation; water area; synthetic aperture radar (SAR); dual-
polarization; data fusion; land subsidence

1. Introduction

Karst areas are fragile ecosystems and geological hazard-sensitive zones. Their surface
and groundwater spatiotemporal evolution processes directly relate to ecosystem stability
and geological hazard risks [1,2]. In particular, regions with intensive human engineering
activities (e.g., tunnel construction, mineral mining) face groundwater drawdown risks.
This easily triggers chain disasters, such as karst fracture expansion and land subsidence.
Abnormal water body distribution, including reservoir drying and spring cutoff, acts
as a core precursor signal for such hazards [3,4]. Therefore, long-term, high-precision
monitoring of karst water bodies is essential. It holds crucial scientific value and prac-
tical significance for deciphering disaster evolution mechanisms and establishing early
warning systems.

Remote sensing technology has become an indispensable tool for water body dynamic
monitoring, thanks to its high spatiotemporal resolution and wide coverage [5]. Traditional
optical remote sensing, such as multispectral and hyperspectral remote sensing, is easily
constrained by external factors. Such factors include cloud cover, rainfall, illumination,
and vegetation obstruction, resulting in obvious limitations for water body monitoring
in mountainous areas with frequent cloud and rain and high vegetation coverage [6]. In
contrast, synthetic aperture radar (SAR) relies on an active microwave imaging mechanism.
It not only possesses core advantages of all-weather, day-and-night observation and strong
penetration, which effectively overcome the application bottlenecks of optical remote sens-
ing, but also leverages the weak backscattering characteristics of water surfaces [7,8]. Thus,
it has become the preferred technical approach for high-precision water body monitoring
in complex mountainous areas with frequent clouds and rain [9,10].

Over the past few decades, various SAR data sources have been widely applied in
water body mapping. These include ENVISAT-ASAR [11-14], RADARSAT/RADARSAT-
2 [15-18], JERS-1/ALOS-PALSAR/ALOS2 [19-22], and China’s GF-3 satellite data [23,24].
Since the successive launches of Sentinel-1A /B satellites in 2014, they have gradually
become the dominant SAR data source for water body mapping. Their core advantages lie
in a short revisit cycle of 5-7 days, 10 m spatial resolution, and free open access [25-28]. For
water body extraction from Sentinel-1 data, existing methods can be roughly categorized
into two types: deep learning and traditional methods. Since Geoffrey Hinton proposed the
concept of deep learning in 2006 [29], this technology has attracted widespread attention.
Among its branches, deep convolutional neural networks show significant advantages in
image semantic segmentation tasks [30,31]. For instance, Fernando used the U-Net neural
network on Sentinel-1 SAR images to successfully extract floods in the Los Rios region
of Mexico [32]. However, the application of deep learning in SAR water body mapping
remains limited. The core bottleneck is the scarcity of high-quality SAR image datasets,
which hinders the full exertion of its feature capture potential. Additionally, deep learning
relies on manually labeled training samples. This process is not only time-consuming and
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labor-intensive but also subject to interference from subjective labeling. Given this, this
study focuses on traditional methods to achieve unsupervised and automated water body
extraction based on Sentinel-1 SAR data.

In SAR images, water bodies often exhibit low grayscale values and more uniform tex-
tures due to their specular reflection property. This feature facilitates accurate water body
extraction in simple scenarios. For example, Jia et al. proposed a SAR dual-polarization wa-
ter index (SDWI). It enhances water body features, suppresses soil and vegetation signals,
and successfully extracts water information of Poyang Lake based on thresholding [33].
Additionally, Du et al. used the SDWI to extract large-scale water bodies in the permafrost
regions of the Qinghai-Tibet Plateau [34]. The results outperformed those obtained from
Vertical Transmit-Vertical Receive (VV) or Vertical Transmit-Horizontal Receive (VH) im-
ages alone. This further confirms that dual-polarization SAR data, with its complementary
advantages, can effectively improve the accuracy of water body extraction.

Currently, SAR-based water body extraction studies focus more on large lakes [35,36],
rivers [37], and other large water bodies. Research on small water bodies, such as ponds,
small lakes, and fishponds, however, remains insufficient. For instance, Sun et al. incor-
porated SAR images with Digital Elevation Models for water body extraction [38]. This
method facilitates the accurate capture of small and slender water bodies. Bao et al. pro-
posed a dual-threshold graph-cut model. Utilizing Gabor filters, they generated multi-scale
texture feature maps, enabling the model to handle both large and small water body ex-
traction [39]. Small water body extraction is particularly challenging. Small water bodies
have a small surface area and appear dark in images, easily being confused with surround-
ing building shadows [40]. Severe speckle noise further hinders accurate extraction [41].
Furthermore, small water bodies are prone to dynamic drying-impoundment alternations,
driven by seasonal fluctuations and engineering impacts. Most traditional methods map
water bodies based on the assumption of their existence and thus cannot satisfy the accu-
racy and stability requirements for long-term monitoring. Overall, identifying small water
bodies in complex environments poses significant challenges.

Geleshan Mountain, located in the Shapingba District of Chongqing, is a typical
high-altitude karst-sensitive area. Intensive tunnel construction in recent years has caused
significant groundwater drawdown and karst land subsidence here [42]. Notably, the
reservoirs in this region have exhibited abnormal water body evolution, providing an ideal
research carrier to verify the effectiveness of water body area monitoring methods.

Accordingly, a two-stage clustering algorithm for water body extraction based on
dual-polarization SAR images (TSDPS-Clus) is proposed in this study. Stage 1: Temporal
water index maps are calculated, and the Kolmogorov-Smirnov (K-S) test is then applied
based on their temporal statistical characteristics to construct water body candidate regions.
Stage 2: Two steps are involved, where firstly, Singular Value Decomposition (SVD) is
employed to fuse dual-polarization features with spatial location information, yielding a
low-dimensional feature set with high discriminability, and secondly, Iterative Selforganiz-
ing Data Analysis Techniques Algorithm (ISODATA) clustering is applied to the feature
set constrained by water body candidate regions to obtain accurate water body segmen-
tation results. Overall, TSDPS-Clus not only fully leverages temporal information and
dual-polarization features but also adapts to dynamic scenarios such as alternating water
body drying and impoundment, thereby meeting the accuracy and stability requirements
for long-term monitoring.

The remainder of this paper is structured as follows: Section 2 presents the study area
and dataset; Section 3 elaborates on the relevant theories of the proposed method; Section 4
showcases the experimental results; Section 5 discusses and analyzes these results; and
finally, Section 6 summarizes the conclusions drawn from this study.
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2. Study Area and Data
2.1. Study Area

This study focuses on selected reservoirs in Geleshan Mountain, Shapingba District,
Chonggqing. Specifically, the study area is situated between 106°23'52” and 106°26'42"E
longitude and 29°29'30” and 29°44/50”N latitude. As a branch of the Huaying Mountain
Range, it lies in the Guanyin Gorge Anticline of the Eastern Sichuan Fold Belt and exhibits
a low-mountain terrain with a total area of approximately 68.2 km?. Notably, characterized
by the “one mountain, two troughs, and three ridges” as the core landform, the region has
well-developed karst troughs and is categorized as a high-altitude karst sensitive zone.
Additionally, adjacent to the Jialing River, it features developed karst fissures, abundant
surface and groundwater resources, and an integrated hydrological system. In recent
years, intensive tunnel construction has caused significant groundwater depletion, thereby
triggering numerous karst ground collapses [42,43]. Core manifestations of these collapses
include abnormal water body distribution (e.g., variations in depression water accumu-
lation, anomalous spring activities). Consequently, monitoring water body evolution in
this region enables the capture of hydrological responses, which in turn provide a basis
for analyzing the collapse process and formulating early warning, prevention, and control
strategies for geological hazards in similar areas.

To accurately monitor the process of water body evolution, this study selects six
reservoirs within the region as core experimental areas to conduct a dynamic analysis of
water body evolution over the past eight years (7 February 2017-24 August 2025). The
specific distribution of the experimental areas is shown in Figure 1 and Table 1.

Figure 1. Average SAR magnitude. (a) VH image; (b) VV image. (A-F) represent the regions of
interest, which are six reservoirs.

Table 1. Basic information about the study area.

NO. Name Size (Pixel)  Polarization Longitude Latitude = Numbers of SAR
Data A Houfu Lake 150 x 140 VV + VH 106.41 29.74 452
Data B Feiran Lake 260 x 190 VV + VH 106.42 29.70 452
Data C Canruo Lake 270 x 240 VV + VH 106.40 29.65 452
Data D Yujiawan Reservoir 180 x 150 VV +VH 106.41 29.62 452
Data E  Shangtianchi Reservoir 240 x 180 VV + VH 106.40 29.58 452
Data F Xiatianchi Reservoir 268 x 226 VV + VH 106.40 29.57 452
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2.2. Dataset Description

The Geleshan area in Chongging is prone to dense and persistent cloud cover in winter,
leading to a paucity of high-quality optical remote sensing imagery for water bodies to
capture fine-scale subtle changes, which cannot meet the requirements for long-term time-
series monitoring of water body spatiotemporal evolution. In contrast, Sentinel-1 provides
C-band high spatiotemporal resolution products and global free data access with stable
acquisition, featuring a revisit period of 12 days and a spatial resolution of approximately
5.5 x 5.5 m. Thus, to achieve the research goals, 452 high-quality SAR images acquired by
the Sentinel-1A satellite are employed as the core input dataset after standard preprocessing.
Notably, all these images effectively fully cover the Geleshan study area in Chongqing and
were systematically and consistently acquired in the VV + VH dual-polarization imaging
mode. Specifically, the imaging period ranges from 7 February 2017 to 24 August 2025,
forming an approximately 8-year reliable continuous high-temporal-resolution time-series
dataset. Detailed parameters are provided in Table 2.

Table 2. List of SAR datasets used in this work.

Sensor

NO. Date NO. Date NO. Date NO. Date Mode Polarization
1 7Fepruary 5 February  q15  24December 475 o5April2023 W VV + VH
2 19Fcbruary 59 2lFebruary 6 > Janwary 173 7May 2023 N\ VV + VH
3 3Maxch2017 60  S5March2019 117 7IaMway g7, qoMay203 W VV + VH
4 27 March 61 17 March g Plmuary o475 giMay2023 W VV + VH
5 8April2017 62 29 March 19 10February - yp5 23 August 1\ VV + VH
6 20April2017 63  10April2019 120  22Febmuary g7z dSeptember -y VV + VH
7 2 May 2017 64 22April2019 121  6March2021 178  1° Sez%tgnber W VV + VH
8  14May2017 65  4May2019 122 18 March 179 28September -y VV + VH
9 26May2017 66  16May2019 123 30 March 180 10Gctober I\ VV + VH

10 7 June 2017 67 28 May 2019 124 11 April2021 181 22 %;gber W VV + VH
11 19 June 2017 68 9 June 2019 125 23 April2021 182 O N%gg‘ber W VV + VH
12 17July 2017 60 21June2019 126  29May2021 183  1PNovember - py VV + VH
13 13July 2017 70 3July2019 127 10June2021 184 27 Ngvember -y VV + VH
14 25 July 2017 71 15 July 2019 128  22June2021 185 ? D‘;%egber W VV + VH
15 6 Lugust 72 27July2019 129 16July2021 186 21 Dgcember -y VV + VH
16 18 fugust 73 8 Lugust 130 28July2021 187 2 Japuary w VV + VH
17 30 2A()lig7USt 74 20 ontiggust 131 9 A282g1uSt 188 26 JZa&Liary W VV + VH
18 11 Sez%tle;nber 75 1 Se%«irgnber 132 21 2A01§%USt 189 7 Fgl())l;iary W VV + VH
19 23 Sez%tle;nber 76 13 Sez%tlegmber 133 2 Se%grlnber 190 19 er(l)nﬂmry W VV + VH
20 5 Ozc(:)tlo;aer 77 25 Sez%tlegmber 134 14 Sez%tzelmber 191 1421\(/)[251;ch W VV + VH
27 29 Cz)gigber 78 7 02C0t109ber 135 26 Sez%tzelmber 192 2621\(/)I§ich W VV + VH
2 10November 7 19 Qutgber 136 BOcober 193 7April2024 W VV + VH
23 P2November gy 31Qcteber g3z 200cober y94 19 April2o24 W VV + VH
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Table 2. Cont.

NO. Date NO. Date NO. Date NO. Date %Sf;fi‘f Polarization
24 A4Dscomber gy 12November - y3g  INowember 95 1 May 2024 I\ VV + VH
o5 16Dgcember gy 24November - y39  13November 95 o5May2024 W VV + VH
26 ~ 2Dgcember g3 6December gy 25November j97 6 june 2024 W VV + VH
27 ? Janmary ga  18Dgcember g4y 7December 95 i8june2o24 W VV + VH
28 21 ]za(ﬁléary 85 30 Dzegleénber 142 19 Dzegginber 199 5 szléligrst W VV + VH
29 2 Fgl())xitéary 86 11 ]Zaor%ary 143 31 Dzegginber 200 17 onlﬁust W VV + VH
30 14 eré)lr;ary 87 23 ]Za(gtéary 144 12 ]za(ggary 201 29 ?Otﬁust W VV + VH
31 26 F;(E)lrélary 88 4 Fgl())rztéary 145 24 ]za(gléary 202 10 Sez%tzefber W VV + VH
32 1021\(/)Ilaé‘ch 89 16 er(‘s);(t)lary 146 5 F(E}al;éary 203 22 Sez%tzeinber W VV + VH
33 BMarch - gg  WFebrary gy 17Eebraary 594 4Qdober pw  vvavH
34 3April2018 91 11 March 148 13 March 205 16 Qctober I\ VV + VH
35 15April2018 92 23 March 149 6April2o2 206 28Qckcber I\ VV + VH
36 27April2018 93 4April2020 150  18April2oz2 207 INowember - qy VV +VH
37 9May2018 94  16April2020 151  30April222 208 21 November  py VV + VH
38 21 May 2018 95 28 April2020 152 24May2022 209 3 D‘;%ezri‘ber W VV + VH
39 2June2018 96  10May2020 153  29June2022 210 o Dgeember  qy VV + VH
40 14 June 2018 97 22 May 2020 154 11 July 2022 211 27 Dzeg;f‘ber W VV + VH
41 26 June 2018 98 3 June 2020 155 23July2022 212 8] ot rnd I\ VV + VH
) 8 July 2018 99 15June2020 156 4 Lugust 213 20]anuary w VV + VH
43 20July2018 100  27June2020 157  2BHugust o py  1Fcbruary W VV + VH
4 1 Sugust 101 9July2020 158 ISSPIIPEr 515 gMarch2025 W VV + VH
45 25 fugust 102 21July2020 159 2L September 5y 21 March w VV + VH
46~ OSeptember 3 2 Lugust 160  20November 517y april2es W VV + VH
47 18Scptember gy M4 fugust gy 14December g1g 1gAprilooes W VV + VH
48~ S0Scptember o5 26/ugust gy 26December 19 g6 April2o2s W VV + VH
g9 12Qctober ygg 7 September g5 7Jabuary 220 8May 2025 1\ VV + VH
50 24 Qcteber o7 19September 4y DOJanuary 551 20May202s W VV + VH
51 ONovember g 1 October 165 SUIanuary o2 1june20s 1\ VV + VH
5o November g9 130cleber g 12February 23 7uly 2025 W VV + VH
53 1 December gy 25Q0ckober gy 24February 4 19juy2os W VV + VH
54  ZDecember gy 6November g5 gMarchoopz 225 12 August W VV + VH
55 4Jahmary 112 18November 49 20 March e 2ALugust W VV + VH
56 l6January  yy3  30November 479 1 April 2023
57 2lomuary qqq  12December 471 g3 April 2023
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3. Methods
3.1. Image Preprocessing

To ensure the consistency and reliability of time-series data, data preprocessing is
required. The image acquired on 29 January 2021 was adopted as the master image to
complete the co-registration of all time-series images. Simultaneously, basic preprocessing
steps such as orbit correction, radiometric calibration, and atmospheric correction were
performed, ultimately outputting normalized backscattering coefficient data. Subsequently,
based on the scope of the experimental areas shown in Figure 1, the data of the target
study area were clipped from the preprocessed full Sentinel-1 dataset, with detailed basic
image information provided in Table 1. It should be noted that each experimental area
contains 226 VV-polarized and 226 VH-polarized images. In addition, the backscattering
coefficient distribution of SAR data exhibits an overall left-skewed characteristic, with
a large number of abnormally high-value pixels in the images. To ensure the accuracy
of subsequent extraction, outliers with a cumulative probability exceeding 99.9% in the
histogram need to be removed via the threshold truncation method.

3.2. Water Extraction

The superposition of inherent speckle noise in SAR images and scattering from com-
plex terrain features imposes significant limitations on traditional water extraction methods,
including Otsu thresholding and conventional clustering. In high-noise scenarios, blurred
edges and high misclassification rates are universal bottlenecks for these methods, which
fail to meet the requirements of high-precision time-series monitoring. To address this
limitation, this study proposes a two-step strategy of “rough screening of candidate areas—
refined extraction” for the TSDPS-Clus algorithm, with its core focusing on the synergistic
achievement of noise suppression and dynamic scene adaptation. Specifically, the first step
involves the application of the K-S test for rapid screening of water body candidate areas.
Non-water pixels and strong noise are eliminated through this test, and the processing scope
is thereby reduced. The second step, designated as “SVD-Clus”, achieves high-precision
extraction under the constraint of the candidate areas. Given the complementarity between
VV polarization (sensitive to water surface roughness) and VH polarization (enhancing the
scattering difference between water and non-water features), dual-polarization features
are first fused via SVD in the second step. This fusion separates effective information
from residual noise, generating a low-dimensional feature set with high discriminability.
Furthermore, ISODATA adaptive clustering is utilized for classification. Cluster centers
and the number of clusters can be iteratively optimized by this algorithm, which enables
adaptation to dynamic scenarios (e.g., seasonal fluctuations of water bodies, alternations
between drying and impoundment). Under-extraction or over-extraction caused by a fixed
number of clusters is thus avoided. Significant improvements in the edge accuracy and
dynamic adaptability of water body distribution maps are achieved by this strategy, which
provides reliable support for the time-series analysis of water body evolution in the study
area over the past eight years.

3.2.1. Extraction of Water Body Candidate Areas

In this study, a two-sample K-S test was employed to extract the core water body areas
and construct candidate areas. Its core advantage lies in the elimination of the need to
prespecify data distribution patterns; instead, class discrimination can be directly achieved
through differences in the cumulative distribution functions (CDFs) of samples, thereby
accommodating the complex statistical characteristics of SAR backscattering coefficients.
From a theoretical perspective, due to their inherent physical properties, water bodies in
time-series SAR data exhibit generally low and stable backscattering coefficients. In contrast,
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non-water features (e.g., bare land, roads, and buildings) demonstrate significantly higher
backscattering coefficients. Influenced by speckle noise and atmospheric disturbances,
these non-water features also exhibit greater numerical dispersion and larger fluctuation
amplitudes. The significant difference in the temporal statistical distributions between the
two categories provides a core basis for K-S test-based classification. Furthermore, water
body distribution is susceptible to factors such as seasonal changes and geological collapses.
Relying solely on temporal statistical characteristics makes it difficult to accurately capture
dynamic edge changes. Therefore, the K-S test was first used to extract stable core water
body areas, which were then expanded to form candidate areas to cover potential edge
water bodies.

Subsequently, the SDWI is calculated by fusing VV and VH data, based on which
initial water bodies are extracted. By integrating VV and VH data, the SDWI enhances
water body features while mitigating interferences caused by soil and vegetation during
the water extraction process [33]. The specific formula for the SDWI is presented:

KSDWI = 11‘1(10 X VV x VH) (1)

Herein, VV and VH refer to the pixel values of the VV and VH bands in SAR im-
ages, respectively.

Subsequently, in the stacked N-dimensional time-series SDWI images, a sample P is
randomly selected as the reference sample, and the observation sample based on pixel P
can be expressed as follows:

Xp = xll,,x%,...,x%,...,xyr (2)

Herein, x}} denotes the SDWI value of pixel P in the i-th SAR acquisition, and T repre-

sents the transpose operator. A two-sample K-S test is performed between the reference

sample and other potential water/non-water pixel samples within the study area, thereby

partitioning the data into two sets. First, the CDFs of the reference sample and the sample
to be tested are calculated separately, with the specific formulas provided below:

Fp(x) = %‘Z I(xh, < x) x€xp 3)

i=

—_

Herein, I(A) is the indicator function, which equals 1 if event A holds and 0 other-
wise; x4, represents the i-th element of the reference sample point P sorted by amplitude.
The test statistic Dp g is then computed, which is defined as the maximum vertical distance
between the CDFs of the reference sample and the sample to be tested:

el Rl o

1

Dpg = max{

izrlr}zﬁ?f,N‘Fp(x})) — Fo(xp)

Herein, Q is the sample to be tested, and Fg is the CDF of the Q set. A larger Dp  value
indicates a more significant difference in the distribution between the two types of samples,
implying that they belong to different categories. Ultimately, in practical applications, the
p-value is typically calculated to assess the significance level, and its comparison with the
threshold o is used to determine whether a statistically significant difference exists between
two samples. The formula for the p-value is as follows:

p= 2¢~N(Dro)? 5)
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Herein, N denotes the length of the sample. In the experiment, the threshold « was set
to 0.05. If the p-value is less than the threshold, it indicates a significant difference between
the two samples, which belong to two distinct sets (water bodies and non-water bodies);
conversely, the two samples belong to the same set.

Notably, the K-S test is only capable of partitioning the sample set into two sub-
sets but cannot explicitly associate these subsets with either water bodies or non-water
bodies. Given that water bodies typically exhibit lower backscattering coefficients than
non-water bodies, the average amplitude of each subset can be calculated to determine
their categorical affiliation.

KL . € water, K2, € t 1%1(“ <1A£1<1'2
water, non-water — 4 < — 4
SDWI SDWI Ny /=) SDWI = N, & SDWI ©
2 2 1N 1Nz s
KSpw € non-water, Kgpyy € water E'Zl Kepwr < ﬁz'21 Kéomwr
1= 1=

Herein, 1 and 2 denote Set 1 and Set 2, respectively, while Ny and N, represent their
total sample sizes. i denotes the i-th element in a subset, while j denotes the j-th subset.
The subset with a smaller average amplitude is classified as water bodies, and the other as
non-water bodies.

Finally, to accurately capture subtle variation regions at water body edges that are
easily overlooked, a 20-pixel buffer zone is outwardly expanded around the identified
stable water body boundaries to form a more precise water body candidate region. This
approach thereby achieves preliminary elimination of non-water background noise and
effectively reduces the subsequent processing scope, laying a solid foundation for follow-up
refined extraction.

3.2.2. Fine Extraction of Water Using SVD-Clus

a.  Water Feature Fusion

However, despite the preliminary screening of water body candidate regions and
the reduced spatial scope for subsequent processing enabled by the two-sample K-S test,
its core limitations remain unresolved. Specifically, the candidate regions retain inherent
speckle noise of SAR images, which exhibits a multiplicative distribution and tends to
induce grayscale fluctuations in water pixels. They also contain a small number of non-
water interfering pixels with scattering characteristics similar to water bodies—typically
building shadows (low backscattering), moist bare soil whose scattering coefficients ap-
proach those of shallow water in the rainy season, and low-vegetation-covered areas with
mixed scattering signals. These interferents show extremely low separability from water
pixels in a single feature dimension, directly creating an accurate bottleneck for traditional
single-feature extraction methods that prevents them from meeting the high requirements
for edge precision and category purity in time-series water body evolution monitoring.
Thus, enhancing the feature discriminability between water bodies and interfering ground
objects and further suppressing residual noise are core prerequisites for refined extraction.

To address the aforementioned limitations, this study adopts a technical approach
of “complementary fusion of multi-source features and SVD dimensionality reduction for
enhancement,” aiming to improve water body discrimination capability by capitalizing on
the advantages of multi-dimensional features. The constructed multi-source feature set is
not a mere superposition but a careful selection based on the scattering mechanisms and
spatial characteristics of ground objects, comprising four core features: (1) VV-polarized
backscattering coefficients from Sentinel-1A satellite, which is sensitive to the surface rough-
ness and calmness of water bodies, thereby enabling effective differentiation between calm
and disturbed water; (2) VH-polarized backscattering coefficients, which captures scatter-
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ing differences between water and non-water bodies with greater effectiveness—offering
distinct advantages in distinguishing shallow water from moist bare soil; (3) the SDWI,
which enhances the initial water body identification signal through the combination of po-
larization features and mitigates residual atmospheric effects; and (4) pixel spatial position
information (spatial texture features derived from coordinates (x,y)), which utilizes the
spatial continuity constraint of water bodies to minimize misclassification of isolated noise
pixels. These four features form a discrimination framework covering two dimensions
(scattering characteristics and spatial structure), thereby achieving comprehensive char-
acterization of water and non-water ground objects. The feature space of any pixel S; ; is
therefore expressed as follows:

Sij = (VVi;, VH, , Kspwi,, i, ) 7)

Herein, i and j denote the row and column indices of the pixel, respectively; VV and
VH represent the two types of original SAR polarization data; and Kspwj,;; denotes the
Water Body Index value of the corresponding pixel.

However, direct fusion of multi-source features leads to a significant increase in feature
dimensionality. Specifically, this not only elevates the computational cost of subsequent
clustering algorithms but also risks introducing the “curse of dimensionality” due to
feature redundancy, ultimately compromising the model’s generalization performance. To
mitigate this issue, SVD is employed as an unsupervised tool for feature dimensionality
reduction and information enhancement. It offers distinct core advantages: it requires no
assumptions about data distribution, operates without labeled data, and is well-suited to
the complex statistical characteristics of multi-source heterogeneous features in this study.
Notably, it can effectively remove redundant components and noise while preserving core
discriminative information. The core principle of SVD is to decompose any dimensional
matrix into the product of three orthogonal matrices. Its mathematical expression is given
as follows:

s=uxv’ (8)

Herein, S denotes the m x 5 candidate region feature matrix, with m being the to-
tal number of pixels in the candidate region; T denotes the transpose operation. U is
a m x m left singular matrix, whose column vectors correspond to pixel sets with similar
feature patterns in the candidate region, thus enabling characterization of pixel spatial
distribution. X is a m x 5 diagonal matrix, where diagonal elements are the singular values
of S. The magnitude of a singular value directly reflects the information energy of its corre-
sponding singular vector, with larger values indicating higher importance of the associated
feature dimension. V is a 5 x 5 right singular matrix, whose column vectors capture the
linear correlations among the original features. These definitions establish a theoretical
basis for subsequent SVD-based feature selection and dimensionality reduction, thereby
ensuring the validity of the dimensionality reduction process.

For feature fusion in this study, the candidate region feature matrix is first constructed
and subjected to standardization. This mitigates the effects of dimensionality discrepancies
among features, thereby ensuring balanced feature weights during fusion. SVD is then
performed on matrix S, followed by the selection of core feature dimensions based on the
cumulative contribution rate of singular values. Finally, the feature matrix is reconstructed
using the selected singular values and their corresponding vectors to obtain the low-
dimensional feature matrix S;:

o w3 ()
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Herein, r denotes the number of retained singular values, and D, represents the first
r retained singular values. Specifically, only the largest singular value is retained, with
coefficients that have no impact on clustering omitted: S, = Uj. In this expression, S, cor-
responds to the first column vector of the left singular matrix U. This column vector serves
as the input for clustering, encapsulating the primary features of the image.

The low-dimensional feature set fused via SVD exhibits three key advantages: first,
dimensionality is substantially reduced, which significantly improves the computational
efficiency of subsequent ISODATA clustering; second, core discriminative information is
highly concentrated, leading to a significant increase in the inter-class distance between
water bodies and interfering ground objects, thus substantially enhancing separability;
third, residual speckle noise and interference signals are effectively mitigated, resulting in
a notable improvement in the signal-to-noise ratio of the subsequent feature matrix. This
fused feature set delivers high-quality input data for subsequent ISODATA clustering, thus
fundamentally safeguarding the accuracy and stability of refined water body extraction.

b. ISODATA

Within the low-dimensional, high-discriminability feature space derived from SVD-
based feature fusion, the ISODATA is further adopted for refined water body extraction in
the candidate region. While SVD effectively suppresses residual noise and enhances feature
separability, feature overlap persists between water bodies and interfering pixels such as
building shadows and moist bare soil in the candidate region. Furthermore, water bodies
in the study area display prominent dynamic evolutionary characteristics such as seasonal
fluctuations and drying-impoundment alternations. Traditional fixed-cluster algorithms,
such as K-Means, lack the ability to adaptively adjust cluster counts, often resulting in
under-extraction or over-extraction of water bodies. Leveraging its core logic of “iterative
optimization-adaptive splitting-merging,” ISODATA can dynamically adjust cluster centers
and counts, enabling adaptation to the aforementioned complex scenarios. Details of its
core principles and implementation workflow are provided below.

ISODATA is a classic unsupervised clustering algorithm. Compared to fixed-cluster
counterparts such as K-Means, its key advantage is the capacity to dynamically adjust
cluster centers and counts via a “splitting-merging” mechanism. No predefinition of
fixed cluster counts is required, offering superior adaptability to dynamic changes in
data distribution. Its streamlined workflow is summarized as follows: initialization of
cluster centers and key parameters; assignment of samples to the nearest clusters using
distance metrics; iterative optimization—assessing intra-class dispersion to decide on
cluster splitting, evaluating inter-class distances for cluster merging, and updating cluster
centers simultaneously; and finally, output of clustering results once convergence criteria
are satisfied such as cluster center variation below a threshold or maximum iteration
count reached.

In the ISODATA clustering algorithm, Euclidean distance is used to calculate the
similarity between pixels in the candidate region and each cluster center, thereby de-
termining the class to which each pixel belongs. For the low-dimensional feature vec-
tors x;; = (X1, Xj2, - - -, Xjq) after feature fusion and the cluster centers z; = (zj1,zp, .-, Zja),
their Euclidean distance is expressed as follows:

(10)

In this expression, x;j; denotes the value of the i-th pixel on the k-th feature dimension,
and zj; denotes the value of the j-th cluster center on the k-th feature dimension. The
smaller d(x;, z;) is, the higher the feature similarity between the pixel and the cluster center.
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In the clustering algorithm, after each iteration, the cluster centers are recalculated
based on the features of pixels belonging to each cluster to achieve center optimization. If,

in the t-th iteration, the j-th cluster Gj(t) contains N ](t) pixels, its updated cluster center is

given by:
(t+1) _ 1 _ |1 1
Z]- = W Z Xi — W Z xill"’lW Z xid (11)
j xiGG](t) j XiGG;t) j XiGG;f)

Notably, splitting and merging are the key processes differentiating this clustering
algorithm from K-Means. The core objective of splitting is to address the issue where a
single cluster contains heterogeneous samples. In the candidate region for water body
extraction, certain clusters may concurrently contain water pixels such as calm water
and disturbed water, as well as interfering pixels with similar scattering properties, such
as building shadows and moist bare soil. This leads to excessively high intra-cluster
feature dispersion, which directly impairs classification purity. To accurately quantify this
dispersion, the intra-cluster feature standard deviation is adopted as the core criterion. It
essentially quantifies the deviation of all pixels within a cluster from the cluster center
across each feature dimension; a larger standard deviation indicates a more scattered
sample distribution in that dimension and stronger intra-cluster heterogeneity. For the
d-dimensional feature space derived from SVD fusion, in the t-th iteration, the formula
for the standard deviation of the j-th cluster in the k-th feature dimension is expressed
as follows:

0
Nj

®_ |1 ()32
Tik = W 2 (xik — Zjk ) (12)
i i=1
In this formula, N ® denotes the total number of pixels in the j-th cluster, x;; denotes

j
(£)

the value of the i-th pixel within this cluster on the k-th feature dimension, and z ik denotes
the center value of this cluster for the k-th feature dimension. When the standard deviation
of a specific feature dimension exceeds the preset threshold g, this dimension is identified
as the core factor inducing cluster heterogeneity, and the cluster should be split into two new
clusters along this dimension. Specifically, the cluster center for this dimension serves as the
dividing point to partition intra-cluster pixels into two subsets, each forming a new cluster
with its center recalculated. Let the maximum standard deviation of cluster j correspond to

the k*-th feature dimension; then z](.tH) is split into two new centers, z](.tfr 1 and z/(t;l):
(1) _(t+1) *) (13)

z z — O] e
7,2 j T s~ €k

Herein, v € (0,1) is the splitting coefficient (typically set to 0.5), and ey« denotes
the unit vector of the k*-th dimension (i.e., the k*-th element of e+ is 1, with all others
being 0). For the context of this study, 05 is determined via pre-experiments. It is set
to avoid over-splitting, such as redundant small clusters caused by an excessively small
threshold, and to prevent insufficient splitting, such as mixed heterogeneous samples due
to an excessively large threshold—ultimately achieving effective separation between water
pixels and interfering pixels.

The merging operation aims to mitigate excessive clustering redundancy arising
from over-splitting. The splitting process may split the same type of ground object, for
instance, calm water across different regions, into multiple clusters or produce small clusters
consisting solely of a few noise pixels, a phenomenon that not only elevates computational
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costs but also impairs the spatial continuity of ground objects. The core criterion for
merging is the inter-cluster center distance. Specifically, by quantifying the similarity of
core features across different clusters, highly similar clusters are merged to ensure the
simplicity and accuracy of category partitioning. For the i-th and j-th clusters, their center
distance is computed using the Euclidean distance defined previously (Equation (10)). A
smaller distance indicates greater similarity in feature patterns between the two clusters,
which are thus likely to belong to the same ground object type. When the center distance
between two clusters is smaller than the preset threshold 8¢, the clusters are marked for
merging, with the center of the merged cluster being the feature mean of all pixels from both
clusters. Cluster i and cluster j are merged into cluster m, as given by the following formula:

(t+1) _ i

N _Zl(t+1) n Nj(t) D

In the water body extraction for this study, the value of 6 must be tailored to the spa-
tial distribution characteristics of water bodies. It must not only ensure that scattered small
water body clusters, such as scattered water areas at reservoir edges, are merged into a sin-
gle complete water body category but also prevent incorrect merging of water bodies with
adjacent low-scattering interference clusters (e.g., small, shadowed regions). Ultimately,
the dynamic balance between splitting and merging enables the accurate partitioning of
water body categories.

In this study’s experiments, the ISODATA parameter settings carry clear physical
meanings: the preset expected number of clusters is set to 2 (initially corresponding to
water and non-water categories) and is adaptively adjusted through the splitting-merging
mechanism; the minimum number of cluster pixels 8y is set according to the pixel density
in the candidate region, preventing the formation of spurious clusters by isolated noise;
the splitting threshold 65 and merging threshold ¢ are determined via multiple pre-
experiments, ensuring compatibility with the feature differences between water bodies
and interfering pixels in the study area. Via iterative optimization, the algorithm achieves
accurate differentiation between water bodies and residual interfering pixels within the
SVD-fused feature space, while accommodating dynamic scenarios such as water body area
fluctuations and drying-impoundment alternations. The final refined water body extraction
results significantly enhance the edge integrity and category purity of water bodies, laying
a high-quality data foundation for subsequent temporal water body evolution analysis.

Notably, ISODATA is only capable of partitioning pixels in the water body candidate
region into two clusters without establishing the correspondence between these clusters
and the water /non-water classes. To resolve this, leveraging the inherent characteristic of
water bodies, i.e., small and stable backscattering coefficients, Equation (11) is employed to
identify the cluster with a smaller average amplitude as the water body, with the remaining
cluster designated as non-water.

4. Results
4.1. Water Body Extraction Results

To verify the effectiveness and superiority of the proposed TSDPS-Clus algorithm for
water body extraction in karst areas, experiments were designed and implemented sys-
tematically. Hardware configuration: Intel Core i9-10900K CPU, 32 GB RAM; all programs
involved in the experiments were independently developed using C++ (Microsoft Visual
Studio 2022).

In this study, the TSDPS-Clus algorithm was utilized for high-precision water body
extraction across the dataset, with comparative validation performed against water body
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extraction results obtained via the SVD-Clus algorithm applied directly to the entire image.
Using the experimental parameters established in the preceding sections, the water body
extraction results acquired on 23 September 2017 are presented in Figure 2, where the
extracted water body regions and water body candidate regions are overlaid in red and
blue, respectively.

Figure 2. Cont.
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Figure 2. In the ISODATA clustering using different methods on the 23 September 2017 dataset. (a—f):
Reservoirs A-F; (al-f1): the original VH images; (a2—£2): the original VV images; (a3-£3): the water
body candidate regions; (a4—f4): TSDPS-Clus results; (a5-f5): SVD-Clus results (without water body
candidate regions). The highlighted colors: water (red), expanded water body candidate area (blue).
The yellow box highlights the differences among the results of different methods.

As illustrated in Figure 2(al—f1,a2—f2), the core characteristics of water bodies are
highly consistent in the original VV and VH polarization data. In contrast, non-water
regions show notable discrepancies. This provides complementary information for multi-
dimensional water body extraction. Figure 2(a3-£3) shows the water body candidate regions
extracted via the K-S test in the first stage. Red regions represent core water bodies with
stable long-term distribution. The outer blue regions cover water expansion/contraction
zones, driven by factors like seasonal variations. Detailed analysis of these zones enables
accurate capture of water body edge details. We compared Figure 2(a3-£3,a4—f4). The
second-stage results retain richer water body edge details than the first-stage outputs. They
also align more closely with the actual water body distribution in the original data. This
validates the effectiveness of the TSDPS-Clus algorithm’s second stage. Figure 2(a5-€5)
shows water body extraction results from the direct application of the SVD-Clus algorithm.
Compared with the TSDPS-Clus algorithm, its extraction results are generally consistent
in Regions B and D-F. However, non-water regions are misclassified as water bodies in
Figure 2(a5). Additionally, notable inaccuracies in water body edge extraction are seen in
the orange boxes of Figure 2(c5). This highlights the value of the TSDPS-Clus algorithm'’s
first stage (water body candidate region extraction). It effectively removes shadows and
noise from non-water regions. This significantly improves water body extraction accuracy.
In summary, Figure 2 fully confirms the necessity of the TSDPS-Clus algorithm’s two-stage
design. The two stages work synergistically. This facilitates the development of a more
versatile water body extraction scheme. It also enables the precise capture of water body
spatial distribution information.

4.2. Feature Fusion Result

To validate the effectiveness of the feature fusion module in the TSDPS-Clus algorithm,
Figure 3 presents the histogram of original SAR data and the 1D /2D distribution charac-
teristics of fused features for Reservoir F on 14 May 2017. As shown in Figure 3a,b, both
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the original VH and VV polarization data exhibit a unimodal distribution. This makes it
difficult to effectively distinguish between water bodies and non-water bodies directly from
the histograms. Furthermore, the overall data shows a left-skewed trend with extremely
high-value outliers. These outliers tend to interfere with the determination of classifica-
tion thresholds and reduce water extraction accuracy. In terms of numerical distribution,
VH polarization data are mainly concentrated in the [0, 200] interval. VV polarization
data, by contrast, cluster in the [0, 400] interval. Compared with single-polarization data,
the complementarity of dual-polarization data provides richer ground object scattering
information. This lays a foundation for enhancing water body discrimination capabilities.
Figure 3c shows the histogram of 1D feature vectors when only the maximum singular
value is retained. It exhibits a distinct bimodal distribution. This indicates that this feature
can effectively support the clustering algorithm in separating water bodies from non-water
bodies. Figure 3d depicts the 2D feature space distribution when the first two singular
values are retained. Notably, the two types of samples (water and non-water) form clear
bilateral clustering patterns in the feature space. The significant inter-class gaps greatly
reduce the difficulty of clustering classification. This facilitates the accurate extraction
of the water body spatial distribution. Collectively, Figure 3 fully confirms that fusing
dual-polarization SAR data via SVD and condensing core discriminative information can
transform the original indivisible unimodal distribution into a cluster-friendly bimodal dis-
tribution. This provides high-quality feature input for the subsequent precise classification
of the clustering algorithm and lays a solid data foundation.
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Figure 3. Histogram of the 14 May 2017 dataset for Reservoir F. (a) Original VH polarization
data; (b) Original VV polarization data; (c) 1D fused feature histogram (maximum singular value);
(d) 2D fused feature distribution (first two singular values). Colors in the figure: water (red), non-
water (blue).

5. Discussion
5.1. Dual-Polarization Data

Compared with single-polarization SAR data, dual-polarization (VV + VH) SAR offers
significant advantages and unique value in water body extraction within complex karst
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terrain. This is primarily stemming from its polarization complementarity and ability
to characterize multi-dimensional ground object information. Specifically, the VV and
VH polarization channels correspond to different ground object scattering mechanisms.
They can simultaneously depict the surface roughness, dielectric properties, and geometric
structure of ground targets. This inherently overcomes the inherent limitation of single-
polarization data—its ability to only characterize a single scattering mechanism—laying a
core foundation for enhancing the separability between water and non-water features.

Taking the measured data of Reservoir A on 1 August 2018 as an example, Figure 4
intuitively verifies the complementary value of dual-polarization data. VV polarization
data, affected by the coupling of minor water surface perturbations and scattering from
surrounding karst landforms, struggle to effectively distinguish water bodies from back-
ground features. In contrast, VH polarization data can significantly enhance the scattering
difference between water bodies and background features, enabling accurate delineation
of water body boundaries. This demonstrates that the combined application of dual-
polarization data can effectively avoid water body omission issues that are common with
single-polarization data. It is thus well-suited for the complex scattering scenarios in the
Geleshan karst area.

(©) (d)

Figure 4. 1 August 2018 Reservoir A data. (a) VV; (b) VH; (c) water body candidate regions; (d) TSDPS-
Clus water extraction results. The highlighted colors: water (red), expanded water body candidate
area (blue).

Notably, the TSDPS-Clus algorithm proposed in this study achieves in-depth adap-
tation and efficient exploitation of dual-polarization features through a two-stage design.
Stage 1 fuses VV and VH polarization features based on water indices and combines the K-S
test to accurately extract core water body areas and construct candidate regions. This creates
initial noise suppression and reduces the processing scope. Furthermore, Stage 2 leverages
SVD technology to fuse dual-polarization features with spatial location information. This
condenses core discriminative information and improves feature distinguishability. This hi-
erarchical fusion strategy fully unleashes the complementary potential of dual-polarization
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data, significantly enhancing the algorithm’s robustness and anti-interference capability in
complex scattering scenarios. It thereby provides core technical support for the accuracy
and stability of long-term water body monitoring.

5.2. Long-Term Evolution Monitoring of Reservoirs

To thoroughly investigate the spatiotemporal evolution characteristics of reservoirs
in the Geleshan area over an approximately 8-year long-term period (7 February 2017-
24 August 2025), this study employed the previously proposed TSDPS-Clus algorithm.
The algorithm was used to continuously monitor and quantitatively analyze the water
persistence status of six core reservoirs in the study area. Monitoring results are presented
in Figure 5, where “0” indicates no water signal and “1” denotes the detection of water.

Temporal monitoring results in Figure 5 show that Reservoirs A and B maintained a
stable impounded state throughout the entire monitoring period, with no drying events
observed. Combined with their geological settings and field survey data, both reservoirs
are equipped with comprehensive artificial anti-seepage facilities. Moreover, their water
supply is dominated by stable surface runoff, with minimal impact from groundwater
dynamics. This characteristic indicates stable operational performance, making them
suitable as baseline references for regional water body evolution monitoring.
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Figure 5. Drying status of each reservoir during 7 February 2017-24 August 2025. 0 = no water;
1 = water present. (a—f) Reservoirs A-F.

In sharp contrast, Reservoir C exhibited significant phased drying characteristics.
It experienced two distinct drying periods: 31 January 2023-23 August 2023 (lasting
approximately 7 months) and 7 April 2024-24 August 2025 (having persisted for 17 months
as of the end of monitoring). Reservoir D, however, displayed high-frequency periodic
drying. It recorded a total of 22 drying events during the monitoring period, with drying
periods highly concentrated between November and February each year. This pattern
reflects distinct seasonal periodicity, which is highly consistent with the climatic features of
the Geleshan area—sharply reduced precipitation and insufficient groundwater recharge
during the winter dry season.

Notably, the drying characteristics of Reservoirs E and F showed strong spatial correla-
tion and synchronization. Both underwent sudden drying between May and July 2022, with
similar drying durations. This phenomenon is not accidental. As indicated by the spatial
distribution in Figure 1, the two reservoirs are less than 1 km apart. Their hydrological
processes are regulated by the same meteorological factors and geological conditions, thus
exhibiting highly consistent drying responses. Additionally, Reservoir E experienced its
second drying event during the monitoring period in November 2024.

Reservoirs C-F are confirmed to be all within the influence radius of the Geleshan
tunnel group. Large-scale excavation activities since 2023 have induced both strong ground-
water drawdown and land subsidence, which jointly drive the expansion of karst fractures
and increased reservoir bottom seepage [42,43]. This conclusion is highly consistent with
the temporal monitoring results of this study: Before 2023, Reservoirs C, E, and F had
an average annual drying frequency of less than once, with each drying event lasting no
more than 3 months. After 2023, the number of drying events increased significantly, and
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the duration of individual drying events prolonged. Among these, Reservoirs C and D
were most severely affected by the tunnel project, with a cumulative drying duration of 24
months each after 2023.

6. Conclusions

Monitoring the spatiotemporal evolution of small water bodies, especially abnor-
mal changes induced by land subsidence, is crucial for water resource management and
disaster assessment. Focusing on the Geleshan karst sensitive area, this study proposes
an unsupervised TSDPS-Clus algorithm for water body mapping using 452 time-series
dual-polarization Sentinel-1 SAR images acquired from 2017 to 2025, aiming to explore the
correlation between long-term water body evolution and engineering disturbances (i.e.,
tunnel excavation-induced land subsidence).

The TSDPS-Clus algorithm achieves efficient extraction in two phases. First, it com-
bines the K-S test with dual-polarization time-series characteristics to screen core water
body areas, construct candidate regions, eliminate interferences, and significantly reduce
the overall processing scope; second, it fuses dual-polarization and spatial features via
SVD and couples with ISODATA clustering optimization, effectively distinguishing water
bodies from low-scatter interfering features and providing a new paradigm for water body
extraction in complex karst areas. Verification results demonstrate that TSDPS-Clus can
accurately extract water bodies and adapt to dynamic scenarios of drying and water storage.
Furthermore, dual-polarization SAR significantly improves extraction accuracy through
feature complementarity.

Applying this algorithm to monitor six reservoirs in the study area reveals that Reser-
voirs A and B maintain stable water storage due to favorable geological conditions and
anti-seepage measures, serving as regional monitoring benchmarks. Reservoirs C and
D undergo periodic drying, with notably increased frequency and duration post-2023;
the cumulative drying time has reached 24 months due to land subsidence induced by
tunnel construction. Reservoir D, in particular, dries periodically during the winter dry
season, consistent with regional climate patterns. Reservoirs E and F share a karst recharge
network, resulting in highly synchronized drying characteristics.

Looking ahead, research will integrate topographic and surface deformation data to
further analyze the drivers of water body changes, thereby enhancing the scientific value
of this study.
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