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Abstract

Permanent surface water is an important component of regional hydrological systems,
yet basin-scale area statistics alone may overlook structural changes in highly modified
basins. This study investigated long-term permanent surface-water dynamics in the Lower
Yangtze River Basin (LYRB), China, during 2000-2020 using a basin-to-pixel remote sensing
framework that combined annual water mapping with multi-scale structural diagnostics.
Annual permanent surface-water maps were derived from Landsat imagery using adaptive
thresholding. The reliability was evaluated through product-level comparison, reference-
based accuracy assessment, and representative complex-scene comparisons with machine
learning and deep learning baselines in urban-shadow, turbid-water, and algae-affected en-
vironments. Basin-scale landscape metrics, centroid migration, and pixel-level Spatial Water
Variation (SPAT) indices were constructed to characterize structural change, while general-
ized additive models were applied to examine changing associations with hydro-climatic,
land-surface, and anthropogenic factors. The extracted dataset achieved high overall accu-
racy (OA =98.43%) and improved delineation of narrow channels and fragmented littoral
boundaries. Permanent surface water in the LYRB followed a decline-recovery—stabilization
trajectory, but basin-scale expansion often co-occurred with increased pixel-scale fragmen-
tation and reduced aggregation. Expansion was mainly expressed through scattered small
patches, whereas shrinkage was concentrated along the margins of existing water bodies.
Driver analysis further showed that NDVI remained the strongest explanatory variable
throughout the study period, while land-surface and anthropogenic variables became more
prominent in later periods relative to hydro-climatic variables. These results indicate that
basin-scale area statistics alone are insufficient to describe the full evolution of permanent
surface water and provide a useful multi-scale perspective for understanding permanent
surface-water change in highly modified river-lake basins.

Keywords: permanent surface water; scale-dependent change; Lower Yangtze River Basin;
remote sensing; fragmentation

1. Introduction

Permanent surface water is a critical component of regional hydrological systems
because it provides relatively stable water storage, supports ecosystem functioning, and
reflects long-term changes in aquatic environments [1]. In highly modified river-lake

Water 2026, 18, 1854

https:/ /doi.org/10.3390/w18151854


https://crossmark.crossref.org/dialog?doi=10.3390/w18151854&domain=pdf&date_stamp=2026-07-30
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/water
https://www.mdpi.com
https://orcid.org/0000-0002-8832-993X
https://orcid.org/0000-0002-6335-6149
https://doi.org/10.3390/w18151854

Water 2026, 18, 1854

2 0f 22

systems, however, changes in permanent water are not expressed only as area gain or
loss. They may also involve changes in shoreline configuration, patch connectivity, and
localized fragmentation, which are relevant to hydrological stability and landscape integrity.
Therefore, analysis of permanent surface water requires attention not only to basin-scale
area change, but also to structural change within the water system.

The Lower Yangtze River Basin (LYRB) is one of the most modified river-lake systems
in China and represents a critical region for water-resource analysis. As a densely populated
economic core, the region faces a pronounced spatial mismatch between water availability
and urbanization pressure. In 2024, per capita water resources in the lower reaches were
only 704.99 m3, which was 59.7% lower than the national average [2]. At the same time,
extensive land reclamation, infrastructure expansion, and localized ecological engineering
have substantially reshaped the natural hydroscape of the LYRB, altering the connectivity
and spatial organization of permanent water bodies [3]. These conditions make the LYRB a
particularly important basin for investigating the long-term evolution of permanent surface
water in a highly modified river-lake system.

Satellite remote sensing, especially when combined with cloud-computing platforms
like Google Earth Engine (GEE), has become a widely used approach for regional hydro-
logical monitoring. Extensive research has been conducted on surface-water extraction,
employing methods ranging from spectral indices [4] to machine learning and deep learn-
ing algorithms [5,6]. While learning-based methods can improve recognition of complex
features, they often require large training datasets, substantial computational resources,
and careful model transfer across scenes [7]. For long-term and large-area applications,
threshold-based approaches combined with spectral water indices remain widely used
because of their transparency, computational efficiency and stable performance across
long time series. Since the introduction of NDWI by McFeeters (1996) [8], numerous wa-
ter indices have been developed, including MNDWI, GNDWI, AWEI, EWI, and WI, to
improve water discrimination under different environmental conditions [9,10]. Among
them, MNDWTI has shown particularly strong performance in complex urban environments
and large water bodies [11]. Coupled with Otsu thresholding, it has been successfully
applied across diverse geographic regions such as India [1], Qinzhou Bay and Manila
Bay [12], demonstrating its practical value for regional surface-water mapping. However,
most of these studies focus primarily on water extraction accuracy, whereas fewer stud-
ies link long-term extraction results with cross-scale structural diagnostics of permanent
surface water.

These rule-based strategies have also supported the development of global prod-
ucts like the JRC Global Surface Water (GSW) dataset [13]. However, global consistency
inevitably involves a trade-off with local sensitivity. Recent studies have shown that
surface-water dynamics can vary strongly across hydrological settings, and that general-
ized extraction strategies may perform unevenly under local conditions [14]. In the LYRB,
highly turbid waters, seasonal algal blooms, urban shadow contamination, narrow chan-
nels, and fragmented littoral zones all increase the uncertainty of water delineation [15].
Under these conditions, omission and boundary errors may accumulate, particularly when
the objective is to characterize permanent surface water rather than total water extent. This
makes locally adapted extraction strategies necessary for improving the spatial integrity of
annual permanent water maps in the LYRB.

Despite these advances, understanding long-term permanent surface-water dynamics
in complex river-lake systems remains limited by scale and attribution issues. Recent
studies have improved long-term surface-water monitoring using indices such as Water
Inundation Frequency (WIF) [16], gap-filling strategies [17], and interannual variation
indicators [18], providing valuable information on water-area dynamics at regional or
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administrative scales. Many existing studies describe water change mainly at the basin or
administrative unit scale, which is useful for identifying regional trends but may overlook
substantial pixel-level heterogeneity within the same hydrological system [19]. Although
pixel-level extraction accuracy has received increasing attention, subsequent analyses often
remain focused on aggregated area statistics, leaving localized structural changes such as
shoreline retreat, patch fragmentation, and small-patch growth insufficiently character-
ized. While the absolute accuracy of pixel-level estimates is inherently limited by spatial
resolution, especially in narrow channels, mixed pixels, and fragmented littoral zones,
retaining the native resolution of Landsat imagery can help avoid spatial homogenization
associated with basin-scale aggregation. Recent studies have shown that inundation and
water-area dynamics within large floodplain-lake systems can be highly heterogeneous
across space and scale [20]. These findings suggest that basin-wide totals may not fully
represent internal structural reorganization. In the LYRB, for instance, stable or expanding
total water areas could still coincide with localized shoreline retreat, patch fragmentation,
or infilling of small water units. Furthermore, water evolution is often simplified to areal
gains and losses, whereas structural changes such as fragmentation, aggregation, and
shape complexity may provide additional information that is relevant to environmental
monitoring and management.

A second limitation concerns driver interpretation. Permanent surface-water evolution
is a non-stationary process, and its associations with hydro-climatic variability, land-surface
change, and anthropogenic disturbance may vary over time. However, driver analyses
are often based on static or linear frameworks, which may be insufficient for describing
stage-dependent and nonlinear relationships. Recent regional hydrological studies have
emphasized that surface-water responses can differ substantially across environmental
settings and may be governed by changing associations rather than uniform controls [21].
In the LYRB, where land-surface transformation and infrastructure expansion have altered
the spatial organization of river-lake networks, a key unresolved question is whether the
explanatory roles of climatic and anthropogenic factors have shifted over time in ways that
are relevant to permanent water stability.

To address these gaps, this study develops a basin-to-pixel analytical framework to
investigate the long-term permanent surface-water dynamics in the LYRB from 2000 to
2020. The specific objectives are to: (1) implement a locally optimized adaptive Otsu
thresholding method to generate annual permanent surface-water maps with improved
spatial integrity; (2) combine basin-scale landscape pattern analysis with four optimized
pixel-level Spatial Water Variation (SPAT) indices to characterize water dynamics across
scales, thereby linking basin-wide evolutionary trends with localized transition trajectories,
shoreline retreat, patch growth, and fragmentation; and (3) employ Generalized Additive
Models (GAMs) to quantify the nonlinear and stage-dependent influences of hydro-climatic,
land-surface, and anthropogenic drivers on long-term hydrological evolution. The primary
contribution of this study is the integration of locally adapted annual permanent-water
mapping, macro-scale landscape diagnostics, micro-scale structural indicators, and time-
varying driver analysis into a unified cross-scale framework. This framework reveals
scale-dependent reorganization of permanent surface water that may be overlooked by
basin-scale area statistics alone and clarifies how the explanatory importance of different
drivers changes across evolutionary stages.

The remainder of this paper is organized as follows: Section 2 describes the study area
and datasets. Section 3 presents the methodology for permanent surface-water extraction
and the basin-to-pixel analysis framework. Section 4 reports the results, including accuracy
assessment, multi-scale evolution patterns and driver attribution. Section 5 provides the
discussion. Finally, Section 6 concludes this paper.
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2. Study Area and Data

The LYRB is located in southeastern China (27°08’ N to 34°58’ N, 114°08’ E to
123°08' E), spanning approximately 938 km from Hukou County in Jiangxi Province in
the west to the Yangtze River estuary in the east, with a total drainage area exceeding
120,000 km? (Figure 1). The region includes a dense river-lake network composed of large
shallow lakes, main-stem and tributary channels, floodplain waters, and numerous small
water bodies distributed across the lower Yangtze plain. The LYRB has a typical subtropical
monsoon climate with strong seasonality in precipitation. Approximately 75% of annual
rainfall occurs between April and September [22,23]. This pronounced wet-season con-
centration, together with the complex river-lake morphology of the basin, contributes to
marked spatial and temporal variability in surface-water distribution [24].
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Figure 1. Location and extent of the study area in the LYRB: (a) Location of the Yangtze River Basin.
(b) Upper, middle, and lower reaches of the Yangtze River Basin. (c) The LYRB.

To fulfill the research objectives, diverse datasets were integrated, including remote
sensing imagery, validation benchmarks, and driving factor variables. Detailed specifi-
cations and data sources are provided in Supplementary Table S1. A total of 8400 valid
Landsat 5/7/8 images were processed for surface-water extraction (annual image counts
are detailed in Supplementary Figure S1). All images were obtained from the Landsat
Collection 2 Level 2 standard products, ensuring consistent atmospheric, radiometric, and
geometric corrections. For macro-scale comparison and accuracy assessment, the GSW
dataset was compared to evaluate long-term trend consistency, while the 10 m ESA World-
Cover 2020 dataset was used as a spatial reference for evaluating the classification accuracy.

To evaluate changing driver associations, 13 variables were selected based on two
considerations: their widespread application in previous studies of surface-water dynamics
and their relevance to the environmental and socioeconomic characteristics of the LYRB. Ac-
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cordingly, the variables were categorized into three groups according to their potential roles
in influencing permanent surface-water dynamics. Natural factors included hydro-climatic
parameters, namely precipitation (Dpre), evaporation (Det), and temperature (Dtem), to-
gether with topographic constraints, including elevation (DEM) and slope (SLOPE). The
hydro-climatic variables were selected because they directly dictate the regional surface-
water balance, while the topographic constraints were included as they control surface
runoff routing and local flow accumulation. Anthropogenic factors included socioeconomic
and infrastructure indicators, namely population density (POP), gross domestic product
(GDP), human activity intensity (HAI), distance to roads (Droad), and distance to railways
(Drail). These indicators were chosen to quantify the pressure of human water consumption
and the physical alteration in natural drainage networks caused by infrastructure expan-
sion. In addition, NDVI and categorical land-use types were treated as land-surface proxies.
Rather than representing direct meteorological drivers, these proxies were used to repre-
sent the land-surface conditions associated with vegetation cover, human—environment
interactions and land-cover conversions. They were incorporated as potential explanatory
variables to quantitatively evaluate their nonlinear associations and relative importance to
permanent surface-water dynamics.

3. Methodology

This study combined water mapping with multi-scale hydrological interpretation
in four steps (Figure 2): (1) extraction of annual permanent surface water from Landsat
imagery using a locally optimized thresholding strategy, (2) evaluation of extracted dataset
using both product-level comparison and reference-based accuracy assessment, (3) multi-
scale analysis of spatiotemporal dynamics from basin to pixel scale using landscape metrics,
centroid migration, and pixel-level Spatial Water Variation indices, and (4) analysis of how
the explanatory importance of hydro-climatic, land-surface, and anthropogenic factors
changed across four study periods.
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Figure 2. Technical workflow.
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3.1. Annual Permanent Surface-Water Extraction

Annual permanent surface water was mapped on the GEE platform using all avail-
able Landsat imagery. The procedure included image preprocessing, single-scene water
extraction, annual permanent water identification, and accuracy assessment.

1. Image preprocessing: All available Landsat 5, 7, and 8 surface reflectance images
were accessed via GEE. Standardized preprocessing was applied to ensure cross-sensor
consistency, including conversion of digital numbers to surface reflectance, band alignment,
and cloud/shadow masking using the quality assessment band.

2. Water extraction: Single-scene water masks were generated using the MNDWI.
MNDWI was selected because it enhances open water by contrasting green and shortwave-
infrared reflectance, thereby reducing confusion with vegetation and built-up surfaces.
To reduce threshold variation caused by changing surface conditions, an adaptive Otsu
method [25] was employed to automatically determine the optimal segmentation threshold
by maximizing the inter-class variance between water and non-water pixels for each
specific image. Instead of applying a fixed basin-wide threshold, the threshold was locally
optimized for individual images, allowing the extraction process to adapt to differences in
turbidity, illumination, background land cover, and seasonal surface conditions.

3. Permanent surface-water identification: A Water Inundation Frequency (WIF)
metric was calculated to characterize the stability of water presence:

_ WaterNumber 1)
"~ TotalNumber

Pixels with WIF > 0.75 are classified as annual permanent surface water, whereas those

WIF

with 0.25 < WIF < 0.75 are classified as seasonal water bodies, serving as the baseline for
subsequent analysis [26].

4. Accuracy validation: Validation was conducted in three ways. First, long-term
trend consistency was evaluated by comparing annual permanent surface-water area de-
rived in this study with the corresponding GSW trend during 2000-2020. Second, local
spatial integrity was assessed in representative heterogeneous zones using high-resolution
Google Earth historical imagery, with 2019 regarded as the reference year. Finally, over-
all quantitative accuracy metrics were calculated using the ESA WorldCover dataset. To
reduce inflation of overall accuracy driven by large numbers of pure water or pure land
pixels, a stratified random sampling design was implemented, with additional samples
allocated to fragmented lake littorals, narrow river channels, and shallow water edges.
Overall accuracy was quantitatively evaluated using OA, PA, UA, Fl-score, and the Kappa
coefficient. To further assess robustness under complex conditions, comparative experi-
ments were conducted across three typical challenging scenes: high-density urban areas,
highly turbid waters, and algal bloom zones. The proposed method was compared with
four baseline methods: NDWI + Otsu, SVM, RF and DWE. SVM and RF were used as
representative traditional machine-learning classifiers, while DWF is a self-training deep
learning approach for surface-water percent estimation [27]. The SVM and RF classifiers
used the original bands and MNDWTI as inputs and were trained using 500 water and
500 non-water points randomly sampled from the GSW permanent water layer. To ensure
a reliable and independent evaluation, a total of 1470 water sample points and 1310 non-
water sample points were randomly distributed across these scenes and manually labeled
based on historical high-resolution Google Earth imagery. In addition, WIE-threshold
sensitivity and boundary-buffer analyses were conducted as supplementary uncertainty
assessments to evaluate how threshold choice and boundary proximity may influence local
permanent-water estimates.
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3.2. Framework for Multi-Scale Water Dynamics Analysis

To characterize the spatial heterogeneity of water evolution, a multi-scale analytical
framework integrating regional and pixel-level analysis was established, as shown in
Table 1.

Table 1. Multi-scale framework for water body pattern analysis across regional and pixel levels.

Scale Analytical Dimension Method/Index Description
PLAND [25] Area-edge index: measures water coverage proportion within
the landscape.
Landsgape structure Shape complexity metric: captures landscape-level edge
. evolution LSI [29] . . .
Regional irregularity and fragmentation.
AT [30] Spatial aggregation metric: indicates landscape compactness.
Spatial distribution pattern Centroid Shift Model [31] Analyzes th(.e directional trend and trajectory of water
body evolution.
SPAT-WPI Spatial Water Persistence Index (stability indicator).
Pixellevel Local dynamics via SPAT-WVDC Spatial Water Variation Directional Consistency Index.
ixel-leve . .
moving window SPAT-WVE Spatial Water Variation Extent Index.
SPAT-WVI Spatial Water Variation Intensity Index.

3.2.1. Regional Scale Analysis

At the macro scale, spatiotemporal evolution was characterized in terms of landscape
structure and directional characteristics. Three landscape metrics (PLAND, LSI, and Al)
were calculated in FRAGSTATS 4.2 [32] to quantify water coverage proportion, shape
complexity, and spatial aggregation, respectively (Table 1). The centroid model was then
employed to compute the annual geometric center of water bodies and track migration
trajectories [31]. To further describe the direction and intensity of regional water body
changes, the study area was partitioned into eight directional sectors.

3.2.2. Pixel-Level Scale Analysis

To examine local heterogeneity that may be obscured by basin-scale statistics, a pixel-
based multi-dimensional evaluation system was constructed using moving-window anal-
ysis. A 450 m x 450 m square window was adopted to balance local spatial detail and
analytical stability. Within each window, four indices were used to characterize different
aspects of permanent surface-water dynamics. First, the Spatial Water Persistence Index
(SPAT-WPI) was constructed to quantify the long-term temporal stability:

T,
SPAT-WPI = ZZ;PWt(Pixeli) (2)
T
where PW;(Pixel;) denotes the permanent water status of pixel i in a given year. Based on
the 21-year monitoring period, the index ranges from 0 to T, — T; + 1, and the results are
classified into four levels: highly unstable (0-5 years, occurrence < 25%), intermittently
stable (5-10 years, 25-50%), moderately stable (10-15 years, 50-75%), and highly stable
(15-21 years, >75%).

Second, the Spatial Water Variation Direction Consistency Index (SPAT-WVDC) was
developed to characterize the local clustering of change direction. The central pixel was
defined by differencing surface-water maps between the beginning and end of the study
period (expansion = +1, shrinkage = —1, no change = 0). SPAT-WVDC represents the
proportion of neighboring pixels sharing the same change direction as the central pixel:
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APixelCy,

PAT-WVDC =
5 c ChangePixelCount, ©)
SEPixelCount;,, PixelStatec =1
APixelCt; = { SSPixelCount;,, PixelStatec = —1 4)

0, PixelStatec = 0

where SEPixelCount;, and SSPixelCount;, denote the numbers of expanding and shrink-
ing pixels within window I that share the same change direction as the central pixel,
respectively; ChangePixelCount, is the total number of changed pixels within the win-
dow (excluding the central pixel). PixelStatec represents the change state of the central
pixel. The results are divided into five classes: random distribution (0-20%), weak clus-
tering (20-40%), moderate regularity (40-60%), strong directional patterns (60-80%), and
dominant consistency (80-100%).

Finally, two indices were used to spatially quantify the magnitude and intensity of
surface-water changes at the pixel level: the Spatial Water Variation Extent Index (SPAT-
WVE) and the Spatial Water Variation Intensity Index (SPAT-WVI):

‘PixelC I, = PixelC I,
PixelC I,

SPAT-WVE =

x 100% (5)

For a square window with side length Q, SPAT-WVI can be rewritten as follows:

‘PixelC 1, — PixelCy,
QxQ

where PixelCj, and PixelCj, denote the numbers of water pixels within window I at peri-

SPAT-WVI = x res? x 100% (6)

ods t2 and t1, respectively. Positive and negative values of PixelCj, — PixelCy, correspond
to expansion and shrinkage intensity, respectively, and res? represents the area of a single
pixel. SPAT-WVE reflects the relative magnitude of surface-water change rather than its
direction. SPAT-WVI represents the intensity of net water change normalized by the area
of the spatial unit. The two indices were used together to distinguish proportional water
variation and absolute disturbance intensity at the pixel level.

3.3. Driving Factors’ Quantification for Hydrological Evolution

To evaluate how the explanatory importance of natural, land-surface, and anthro-
pogenic factors changed in relation to permanent surface-water dynamics, Generalized
Additive Models (GAMs) were employed. GAMs were used because they can represent po-
tentially nonlinear relationships between water dynamics and environmental variables [33].
Compared with linear regression, GAMs allow each explanatory variable to be fitted using
a smooth function without imposing a predefined linear relationship, which is suitable for
complex hydro-environmental systems where driver responses may be nonlinear. Thirteen
potential driving factors were incorporated and categorized into three functional groups:
natural factors, anthropogenic factors, and land surface proxies (as detailed in Section 2).
All factors were resampled to a standardized 500 m x 500 m grid to ensure consistency in
spatial resolution.

A forward stepwise selection approach was adopted to construct the optimal model.
First, single-factor models were tested to identify the primary driving factors with the
highest deviance explained. Second, remaining driving factors were iteratively added to
the model. A factor was retained only if it significantly improved model performance
(p < 0.05) and reduced the Akaike Information Criterion (AIC). Independent models were
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constructed for four distinct periods (2000-2005, 2005-2010, 2010-2015, 2015-2020), gener-
ally formulated as follows:

Speriod = f1(Factory) + fo(Factory) + - - - + fy(Factory) + T (7)

where f(-) denotes the smooth function (thin plate regression splines), and 7 is the
error term.

Model performance and factor importance were summarized using factor contribution
ranking (Rank), Accumulated Deviance Explained (ADE), AIC, and Adjusted R-squared
(Adj. R?). Rank reflects the relative importance of each driving factor. ADE measures the
cumulative contribution of predictors. AIC evaluates the balance between model fit and
complexity. Adj. R? assesses explanatory power while correcting for degrees of freedom,
preventing artificial inflation of model performance and reducing the risk of overfitting.

4. Results

4.1. Accuracy Assessment and Interannual Dynamics
4.1.1. Result Validation and Reliability

The extracted permanent surface-water dataset showed high overall reliability
(Table 2). Compared with the GSW product, the proposed method achieved slightly higher
overall accuracy (OA) of 98.43%, a Kappa coefficient of 0.8852, and user’s accuracy (UA),
indicating fewer commission errors. The extracted water area also showed a strong linear
correlation with the GSW dataset (Figure 3a), confirming reliable interannual stability.
At the local level, the proposed results preserved continuous water extents and narrow-
channel continuity more effectively in representative regions such as Changdang Lake,
Longgan Lake, and Huazikou River (Figure 3b), although small water features and complex
shorelines remained important sources of difference between products.
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E |
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Figure 3. Assessment for the extracted permanent water bodies: (a) Quantitative assessment of area
consistency. (b) Local integrity validation (WIF: water inundation frequency).

Table 2. Accuracy comparison between the extracted results in this study and the GSW dataset.

Water Body Maps OA (%) PA (%) UA (%) Kappa
Extraction results from this study 98.43 81.91 98.31 0.8852
GSW dataset 98.24 81.47 96.16 0.8727

Note: Bold numbers represent the highest accuracy in each column.
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To further evaluate performance under representative complex conditions, validation
samples from the selected complex scenes were pooled to compare the overall accuracy
of different extraction methods (Table 3). The proposed method achieved the highest OA
(90.46%), F1-score (90.25%), and Kappa coefficient (0.8093), indicating the best overall
balance between omission and commission errors. DWF produced the highest UA (99.20%)
but a lower PA (82.20%), suggesting a more conservative extraction tendency. NDWI + Otsu,
SVM, and RF showed slightly lower OA, Fl-score, and Kappa values than the proposed
method. These results indicate that the proposed method maintained a more balanced
overall performance across representative complex scenes.

Table 3. Overall accuracy comparison of different water extraction methods across representative
complex scenes.

Method OA (%) PA (%) UA (%) F1 (%) Kappa
Proposed method 90.46 87.58 93.08 90.25 0.8093
NDWTI + Otsu 88.85 84.06 93.16 88.38 0.7772
RF 87.91 81.34 93.87 87.16 0.7585
SVM 87.71 80.94 93.84 86.92 0.7545
DWF 90.08 82.20 99.20 89.91 0.8032

Note: Bold values represent the optimal results achieved by the proposed method in terms of OA, PA, F1, and Kappa.

The visual comparison in Figure 4 further illustrates the local behavior of different
methods under typical sources of spectral confusion. Across the three complex scenes, the
proposed method performed more consistently than the comparison methods, particularly
in suppressing shadow-related commission errors and preserving narrow-channel conti-
nuity. Specifically, in urban areas (S1-52), it effectively suppressed shadow interference
and maintained the continuous spatial connectivity of micro-water networks. In turbid
waters (53-54), it better delineated permanent main channels and dynamic shoals than RF
and SVM. In algal bloom zones (S5-56) where floating algae cause severe vegetation-like
spectral confusion across all baselines, the proposed method also provided more plausible
water boundaries than the baseline methods. Together, the pooled accuracy comparison
and visual examples show that the proposed method achieved competitive quantitative
performance while retaining better local spatial integrity in complex river-lake scenes.

Supplementary uncertainty analyses further showed that classification uncertainty was
mainly associated with transitional and boundary-rich environments. The WIF-threshold
sensitivity analysis indicated that changing the WIF threshold from 0.70 to 0.80 produced
relatively small mean area differences in five of the six representative scenes (0.45-3.36%).
However, 54, representing a turbid-water lake-river transition zone, showed much higher
sensitivity, with a mean difference of 20.14% and a maximum difference of 41.38% (Table S6).
This indicates that WIF-threshold uncertainty is mainly amplified in shallow, transitional,
and boundary-complex water environments. The boundary-buffer analysis further showed
that 72.4-79.0% of changed pixels were located within the 30 m buffer of water-body
boundaries, and 82.4-87.6% were located within the 60 m buffer (Table S7). These results
suggest that uncertainty mainly affected local boundary delineation and transitional water
pixels, rather than representing a spatially uniform error across the basin.

4.1.2. Long-Term Extraction Results and Interannual Dynamics

Figure 5 illustrates the extraction results of permanent surface-water in the LYRB
from 2000 to 2020. The area averaged 8239 km? over the 21-year period, ranging from a
minimum of 7883 km? in 2001 to a maximum of 8694 km? in 2016. The temporal trajectory
reveals three distinct phases: (1) From 2000 to 2014, the long-term tendency was downward
despite year-to-year fluctuations. Significant contractions occurred in 2000-2001 (—3.54%),
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2003-2004 (—4.10%), and 20102011 (—3.78%), reflecting a period of net contraction in
permanent surface water. (2) From 2014 to 2016, a sharp reversal occurred, with the total
area expanding from 7901 to 8694 km?. This recovery was primarily driven by a substantial
surge in 2014-2015 (+8.28%), making the largest single-year increase observed. (3) After
2016, the water area remained relatively stable, fluctuating narrowly between 8261 and
8694 km?. Overall, the LYRB showed a decline-recovery-stabilization pattern in permanent
surface water over the study period. This temporal trajectory provides the basin-scale
context for the subsequent analysis of spatial reorganization.

S1-82 —

S3-S4

S5-S6

(@

Figure 4. Visual comparison of different water extraction methods in typical complex scenes. (a) Orig-
inal true-color image. (b) False-color composite image (SWIR1, NIR, Red). Extracted water bodies
using: (c) the proposed method, (d) NDWI + Otsu, (e) SVM, (f) RE, (g) DWE, and (h) GSW.
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Figure 5. Spatiotemporal dynamics of permanent water bodies in the LYRB (2000-2020). (a) Extraction
results of permanent water bodies in the LYRB. (b) Area of permanent water bodies. (c) Change rate

of permanent water area.
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4.2. Multi-Scale Spatiotemporal Evolutionary Characteristics
4.2.1. Regional-Scale Dynamics Analysis

The three landscape metrics indicate that basin-scale change was accompanied by
structural reorganization (Figure 6). PLAND was positively correlated with LSI (r = 0.70),
whereas Al showed negative correlations with both PLAND (r = —0.62) and LSI (r = —0.99).
This pattern suggests that areal expansion was often associated with increased shape
complexity and reduced aggregation, rather than uniform infilling of existing water bodies.
In 2003, 2008, and 2014, synchronous local minima of LSI and PLAND coincided with
local peaks in Al, indicating that water contraction during those years was associated with
a more concentrated configuration of the remaining permanent water bodies. Thus, the
long-term trend was predominantly driven by the changes in small-scale water patches
rather than the uniform expansion of large water bodies.
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Figure 6. Trends and correlations of landscape metrics (2000-2020). (a) Landscape metrics trend.
(b) Correlation matrix of three landscape metrics. Asterisks indicate statistical significance levels:
**p <0.01, ** p <0.001.

Stage-specific statistics further show that expansion dominated from 2000 to 2015,
peaking between 2010 and 2015 with a net increase of 176.2 km? (expansion exceeding
shrinkage by 36.72%) (Figure 7). However, an opposite trend emerged from 2015 to 2020.
Compared with the preceding interval, the shrinkage area increased sharply by 35.95%,
resulting in a net loss of 14.5 km?. Directional analysis shows that for the expansion process,
the Directional Disturbance Intensity (DDI) consistently peaked in the southwest (SW)
direction, identifying it as the primary zone of spatial restructuring. Conversely, the south
(S) and southeast (SE) sectors exhibited high Directional Relative Change Ratio (DRCR)
values despite lower DDI, representing a substantial intensification relative to their limited
initial water storage. For shrinkage, the period of 2015 to 2020 witnessed simultaneous
surges in both DDI and DRCR in the north (N) and northwest (NW) directions, reflecting a
concentrated and directionally coherent retreat rather than a gradual background decline.
The cumulative asymmetry between expansion and shrinkage vectors ultimately drove a
consistent northeast-to-southwest (NE-to-SW) migration of the permanent surface-water
centroid throughout the study period. Taken together, these results show that basin-scale
area change was accompanied by simultaneous reorganization of spatial structure.
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Figure 7. Spatial and areal changes in permanent water bodies in the LYRB from 2000 to 2020:
(a) Temporal trends of landscape-scale expansion and shrinkage areas across different periods. (Blue
areas represent common water bodies present in both years). (b) Areas of surface-water expansion
and shrinkage in each period. (c¢) Migration trajectory of the centroid of surface-water distribution
during 2000-2020. (d) Directional evolution characteristics of permanent surface-water expansion
(red) and shrinkage (green).

4.2.2. Pixel-Level Scale Dynamics Analysis

Pixel-level scale analysis further clarified the internal structure of permanent surface-
water change. Based on the SPAT-WPI index, highly stable water pixels accounted for
75.58% of the total area and were concentrated along the Yangtze River main stem and large
lakes such as Taihu Lake and Chaohu Lake (Figure 8). Surrounding these stable cores are
transitional belts of moderately (Level III, 7.40%) and intermittently (Level II, 7.13%) stable
pixels. In the more intensively urbanized eastern part of the basin, Region 3 exhibited a
much more fragmented stability pattern than the contiguous structures in Regions 1 and 2.

The pixel-level directional consistency (SPAT-WVDC, Figure 9) demonstrates that in
most periods, over 80% of changing pixels fell within the high-consistency class (>75%).
However, a clear exception occurred during 2005-2010, when the proportion of expan-
sion pixels within the high-consistency class dropped sharply to 32.17%, while that in
moderate-consistency classes exceeded 61%. This abrupt statistical shift indicates that local
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expansion during that period became more fragmented and spatially dispersed than in the
other periods.

|_| Non-permanent water bodies

I:l Highly unstable water bodies (I)
I:l Intermittently stable water bodies (II)
- Relatively stable water bodies (III)

- Highly stable water bodies (IV)
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Percentage of area
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0% -
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Figure 8. Stability patterns and classification of permanent water bodies in the LYRB (2000-2020):
(a) Results of SPAT-WPI index. (b) Stability levels.

The SPAT-WVE and SPAT-WVI further reveal that expansion (Figure 10) and shrinkage
(Figure 11) followed different local pathways. Most pixels experienced low-to-moderate
relative expansion (blue), but approximately 15% exhibited very high proportional changes
(90% to 100%), primarily in marginal zones and scattered small patches. Notably, from
2000 to 2005, the high proportion of 100% WVE values suggests that expansion predomi-
nantly occurred through the emergence of new water pixels rather than incremental growth
from pre-existing water bodies. The frequency distribution of SPAT-WVE (Figure 10c)
further confirms that pixels with small relative expansion dominate the landscape (in all
periods, >60% of pixels have SPAT-WVE < 40%), whereas pixels with high relative expan-
sion are spatially limited. In contrast, high-intensity expansion (SPAT-WVI) manifested as
scattered hotspots rather than broad zones (Figure 10b). Local-scale analysis highlights
a distinct spatiotemporal shift of these hotspots: from concentrated, belt-like expansion
along the Longgan-Huangda-Bo Lake shorelines (Region 1) in the early period (2000-2005)
to a dispersed, multi-focal pattern in Taihu Lake (Region 2) during later stages.

Shrinkage, by contrast, was concentrated along the margins of pre-existing water bod-
ies, particularly within littoral zones and shallow-water areas (Figure 11). Low-magnitude
shrinkage (SPAT-WVE < 20%) accounted for more than 50% of pixels in most periods, while
low-intensity shrinkage (SPAT-WVI < 20%) generally exceeds 80%. This demonstrates that
water loss in the LYRB was characterized by gradual shoreline retreat rather than the com-
plete disappearance of whole water bodies. The spatial pattern of SPAT-WVI (Figure 11b)
further demonstrates that shrinkage hotspots (SPAT-WVI > 50%) are spatially fragmented
and discontinuous, implying that intense shrinkage events are stage-specific and spatially
sporadic rather than a basin-wide pervasive phenomenon. Over time, the spatial configura-
tion of high-intensity shrinkage evolved from relatively clustered patch-like patterns in the
early stage to more dispersed point-like patterns in later stages.
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Figure 9. Spatial distribution of SPAT-WVDC for permanent surface water in the LYRB during
2000-2020 (left: SPAT-WVDC index for expansion; middle: SPAT-WVDC index for shrinkage; right:
pixel statistics of SPAT-WVDC index for expansion and shrinkage. Blue areas represent common
water bodies present in both years): (a) 2000-2005. (b) 2005-2010. (c) 2010-2015. (d) 2015-2020.

Local hotspot analysis also showed alternating expansion and shrinkage across succes-
sive periods. For instance, the East Taihu (Area 2) expanded significantly during 2010-2015
but shrank during 2015-2020, whereas the Longgan Lake region (Area 1) shifted from
shrinkage in 2000 to 2005 to expansion in 2005 to 2010. Generally, the basin-scale and
pixel-scale results reveal a clear scale-dependent pattern: basin-scale expansion of perma-
nent surface water often co-occurred with localized fragmentation, while expansion and
shrinkage followed different spatial pathways.

4.2.3. Changing Driver Associations Across Periods

The GAM results show a relatively stable but temporally varying explanatory structure
across the four study periods (Tables S2-S5). The ADE remained relatively stable, ranging
from 45.7% to 50.7%, with adjusted R? values ranging from 0.443 to 0.491. NDVI emerged
as the predictor with the highest explanatory power across all periods, independently
explaining 26.2% to 38.6% of the deviance, with its largest contribution occurring during
the 2015-2020 period.
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Figure 10. Pixel-level expansion intensity and extent of permanent surface water in the LYRB
(2000-2020). (a) Results of SPAT-WVE index for expansion. (b) Results of SPAT-WVI index for
expansion. (c) Pixel statistics of SPAT-WVE and SPAT-WVI indices for expansion.

Beyond NDVI, the changing rank and marginal contribution of secondary drivers
indicated clear period-specific differences in the explanatory structure of permanent surface-
water dynamics (Table 4).

Table 4. Major driving factors of permanent surface-water change from 2000 to 2020.

Period Primary Driving Factor = Secondary Driving Factors Cumulative ADE (%)
2000-2005 NDVI Det, Dpre 49.6
2005-2010 NDVI Det, POP, Dpre 45.7
20102015 NDVI HAI, Dtem 47.2
2015-2020 NDVI HAI, Drail, Dpre, POP 48.9

Between 2000 and 2005, evaporation and precipitation were the highest-ranked sec-
ondary factors, suggesting a stronger association with hydro-climatic variability than
with anthropogenic variables. From 2005 to 2010, the explanatory structure became more
mixed, with population density (POP) rising to the fourth-ranked predictor (ADE = 41.2%).
During the subsequent 2010-2015 period, human activity intensity (HAI) rose sharply
to Rank 2 (Table 4), while temperature also became more prominent. This shift indi-
cates that later-stage variation was increasingly associated with local human activity and
land-surface conditions, rather than with hydro-climatic variables alone. In 2015-2020,
transportation accessibility (Drail) and population density (POP) replaced hydro-climatic
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variables among the highest-ranked secondary factors. Although hydro-climatic variables
remained relevant, later-stage models showed stronger contributions from accessibility-
and population-related variables. Notably, GDP showed limited improvement in model fit
across all periods, suggesting that direct economic output alone was less closely associated
with spatial variation in permanent surface water than variables related to human presence,
accessibility, and local land-surface modification.
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Figure 11. Pixel-level shrinkage intensity and extent of permanent surface water in the LYRB
(2000-2020). (a) Results of SPAT-WVE index for shrinkage. (b) Results of SPAT-WVI index for
shrinkage. (c) Pixel statistics of SPAT-WVE and SPAT-W VI indices for shrinkage.

5. Discussion
5.1. Multi-Scale Structural Reorganization of Permanent Surface Water

A central result of this study is that basin-scale area trends alone were insufficient to
represent the hydrological evolution of permanent surface water in the LYRB. Although the
total area of permanent surface water expanded during several periods, both the landscape
metrics and the pixel-level indices showed that this expansion was often accompanied by
increased shape complexity, reduced aggregation, and localized fragmentation. This means
that area increase did not necessarily imply improved structural integrity of the regional
water system.

This scale-dependent pattern provides an important hydrological perspective for
highly modified river-lake systems. Previous regional studies have shown that surface
water or inundation dynamics may vary substantially within the same basin or floodplain—
lake system, and that large-scale summaries can overlook strong internal heterogeneity [20].
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The present study extends this perspective by focusing specifically on permanent surface
water in the lower Yangtze and showing that basin-scale expansion could coexist with
pixel-scale fragmentation. Compared with broader Yangtze Basin studies that mainly
emphasize redistribution of total surface-water area [19], the present results show that
stable water bodies in the lower basin may undergo structural reorganization even when
the basin-scale area appears to increase. In this sense, the main contribution of the basin-to-
pixel framework is not only to map annual permanent water, but also to reveal localized
structural change that would remain hidden if the analysis relied only on basin-wide totals.

The pixel-level results further clarify this structural reorganization. Expansion was
most frequently expressed through scattered small patches, whereas shrinkage was concen-
trated along the margins of existing water bodies, especially in littoral and shallow-water
zones. These patterns suggest that water gain and water loss did not occur as simple mirror
processes. Instead, they followed different spatial pathways and together produced a pro-
nounced spatial asymmetry in the evolution of permanent surface water. The alternation of
expansion and shrinkage hotspots in areas such as East Taihu and Longgan Lake further
indicates that local structural change was not monotonic, even when basin-scale trends
appeared more orderly. Taken together, these results suggest that basin-scale area statistics
alone may overlook important aspects of permanent surface-water change, particularly
localized fragmentation and boundary retreat within stable water systems.

5.2. Changing Driver Associations in a Highly Modified Basin

The GAM results indicate that the explanatory structure of permanent surface-water
dynamics changed through time. Hydro-climatic variables were relatively more promi-
nent in the early stage, whereas land-surface and anthropogenic variables became more
important in the later periods [34]. This pattern should not be interpreted as evidence of an
abrupt regime shift, but it does suggest that later-stage permanent surface-water dynamics
in the LYRB were less adequately described by hydro-climatic variability alone.

The persistent dominance of NDVI across all four periods is particularly noteworthy.
However, NDVI should not be interpreted too narrowly as a direct ecological or hydrologi-
cal control. In the context of the LYRB, it more likely reflects a broader set of land-surface
reconfiguration [35]. The dominance of NDVI therefore suggests that long-term perma-
nent surface-water dynamics in the region were closely linked to changing land-surface
conditions throughout the study period.

At the same time, the increasing prominence of variables such as human activity
intensity, population density, and transportation accessibility in the later periods indicates
that human-modified landscape conditions became more relevant to the observed spatial
variation in permanent surface-water. This interpretation is consistent with the physical
setting of the lower Yangtze, where river-lake networks, floodplain edges, and nearshore
zones have been strongly affected by urban expansion, hydraulic engineering, and land
development [3]. Similar regional studies have also shown that surface-water dynamics
can be associated with changing environmental controls rather than a single stable set
of drivers [21]. In the LYRB, the results suggest a gradual shift in explanatory empha-
sis from hydro-climatic variables toward a stronger joint influence of land-surface and
anthropogenic conditions.

This interpretation is also supported by the spatial results. The co-occurrence of
small-patch expansion, marginal retreat of existing water bodies, and alternating hotspot
behavior suggests that the changing driver structure was expressed not only in statistical
associations, but also in the spatial organization of stable water bodies.
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5.3. Hydrological Implications for Basin Dynamics and Modeling

Although this study did not implement a hydrological or hydrodynamic model,
the observed permanent surface-water dynamics can still be interpreted as the spatial
expression of broader basin processes. Satellite observations of surface-water extent provide
spatial evidence for hydrological states and scale-dependent water-area dynamics [20].
Hydrological models usually describe process variables such as runoff, streamflow, water-
level fluctuation, floodplain storage, and regulation, whereas remote sensing records their
spatial expression through water extent and configuration. Therefore, permanent water
area, shoreline retreat, fragmentation, and small-patch expansion are not directly equivalent
to discharge or water level, but they provide complementary evidence of how hydrological
and human-regulated processes are expressed across the landscape.

In the LYRB, the decline-recovery-stabilization trajectory likely reflects the combined
influence of basin-water balance, lake-river connectivity, water-level regulation, and land-
surface modification. Previous studies have shown that surface-water area can be linked to
hydrological fluxes [21], and that eco-hydrological processes in the Yangtze River Basin are
jointly shaped by climate variability and human activities [34]. The coexistence of basin-
scale expansion and pixel-scale fragmentation further suggests that permanent surface-
water change was not controlled by a single basin-wide driver, but by interactions between
regional hydrological variability and localized human modification. Future work could
couple the basin-to-pixel framework with hydrological or hydrodynamic model outputs
to test whether fragmentation, shoreline retreat, and expansion hotspots correspond to
modeled changes in basin water balance, hydraulic connectivity, and regulation intensity.

5.4. Uncertainties and Implications for Regional Hydrological Monitoring

Several uncertainties remain and should be acknowledged. The extraction of permanent
surface water from medium-resolution optical imagery is still affected by mixed pixels,
turbidity, algal blooms, and urban shadow contamination, especially in narrow channels
and boundary zones [15,36]. Although the pooled accuracy comparison and scene-based
visual assessment supported the robustness of the proposed method under representative
complex conditions, the WIF-threshold sensitivity analysis showed that threshold-related
uncertainty could be amplified in shallow, transitional, and boundary-complex environments,
particularly in S4. The boundary-buffer analysis further indicated that most changed pixels
were located close to water-body boundaries, suggesting that uncertainty mainly affects
local boundary delineation and transitional water pixels rather than producing a spatially
uniform error across the basin. Therefore, the main basin-scale conclusions are unlikely to be
driven by classification uncertainty alone, but local estimates of shoreline retreat, small-patch
expansion, and marginal fragmentation should be interpreted with caution.

In addition, the present analysis focuses on annual permanent water and therefore
does not capture short-term hydrological regulation or event-scale fluctuations. This tem-
poral aggregation may smooth seasonal water-level changes, local engineering effects,
and episodic hydrological events that are relevant at shorter timescales. The GAM results
also identify changing explanatory associations rather than causal mechanisms; stronger
causal interpretation would require additional process-based analyses or causal-inference
approaches [37]. Despite these limitations, the basin-to-pixel framework provides a useful
approach for monitoring highly modified river-lake systems. It shows that basin-scale
statistics should be interpreted together with structural indicators that reveal fragmenta-
tion, boundary retreat, and small-patch dynamics, especially in boundary-rich and transi-
tional water environments where classification uncertainty and real hydrological change
may overlap.
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6. Conclusions

This study analyzed permanent surface-water dynamics in the LYRB during 2000-2020
using a basin-to-pixel framework that linked annual water mapping, multi-scale spatial
analysis, and driver interpretation. The framework combined adaptive threshold-based
extraction, multi-scale spatial metrics, pixel-level SPAT indices, and GAM analysis to
examine both basin-scale trends and localized structural changes.

The results revealed that permanent surface water in the LYRB followed a clear decline—
recovery-stabilization trajectory, with an average area of 8239 km? during the study period.
Basin-scale expansion often co-occurred with increased pixel-scale fragmentation and
decreased spatial connectivity, indicating that area increase did not necessarily imply im-
proved structural integrity of the regional water system. Expansion was mainly expressed
through scattered water patches, whereas shrinkage was concentrated along the margins
of existing water bodies. Finally, the explanatory structure of permanent surface-water
dynamics changed through time. NDVI remained the strongest explanatory variable across
all stages, while land-surface and anthropogenic factors became more prominent in the
later stages relative to hydro-climatic variables.

Overall, the results show that basin-scale area statistics alone are insufficient to describe
the full evolution of permanent surface water in a highly modified river-lake system. By
linking long-term area trends with localized structural diagnostics, the basin-to-pixel
framework provides a useful multi-scale approach for understanding permanent surface-
water change in highly modified river-lake basins.
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