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ABSTRACT

Timely and accurate information on dynamic open surface water is essential for under-standing long-
term hydrological patterns and sustainable development. Frequent cloud cover limits the use of
optical imagery for dynamic surface water observation, making it difficult to achieve high-frequency
monitoring. A high-frequency surface water observa-tion dataset for Poyang Lake from 2016 to 2024
was constructed by employing a rapid ex-traction algorithm that integrates Sentinel-1/2 imagery.
Subsequently, the spatiotemporal changes of the lake's surface water over the 2016—-2024 period.
Our findings indicate that the extraction algorithm achieved a high degree of accuracy, with Overall
Accuracies (OA) exceeding 95% and Kappa coefficients greater than 0.90. The dataset reveals a
significant seasonal trend, with the maximum inundation area occurring in 2020 (5,179 km?) and the
minimum in 2022 (3,196.04 km?). The water area typically peaks in June—July and recedes to its
minimum in November—December. Permanent and temporary water bodies are de-creasing, while
seasonal ones are increasing. The conversion between water body types was dominated by the
reclassification of temporary and permanent water as seasonal water. These research findings
provide key data on the recent hydrological dynamics of Poyang Lake.
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1. INTRODUCTION

Water on the Earth's surface, which are extensively distributed across the terrestrial surface, primarily
comprise oceans, rivers, lakes, reservoirs, wetlands, and swamps [1]. As the most crucial water
resource reserves in the terrestrial environment, they provide the bedrock for human existence.
Moreover, the contribution of surface water systems to climate change, the hydrological cycle, and
the maintenance of ecological stability is vital, and they also provide vital resources for diverse life
forms [2,3]. The variations in surface water are also inherently connected to social and economic
factors, supporting numerous human endeavors and economic growth by providing services such as
drinking water, agricultural irrigation and aquaculture [4,5]. As the world's population surges and
economies expand swiftly, the demand for water is constantly rising, making the contradiction
between supply and demand progressively prominent [6]. In China, this issue is exacerbated by the
uneven distribution of water resources between the north and south. Consequently, the challenge of
water resources has become one of the primary constraints hindering the nation's economic
development and ecological environmental protection. Furthermore, the morphology of surface water
can be swiftly modified by episodes of extreme rainfall and drought, which often culminate in
hydrological disasters [7]. For conducting water resource surveys, elevating water resource
management standards, monitoring and assessing hydrological calamities, and facilitating sustainable
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socioeconomic development, understanding the dynamic shifts in water resources possesses
considerable practical importance.

The advancement of remote sensing technology has been swift, establishing it as a highly efficient
tool for gathering surface water data. Unlike conventional field surveys, this technology offers distinct
benefits such as extensive geographical reach, quick data refresh, frequent observation capabilities,
and comprehensive spectral insights [8]. Numerous satellite systems can now be utilized for
extracting surface water information, including MODIS [9], Landsat [10], and Sentinel [11]. To
accommodate the diversity of data sources and their distinct characteristics, researchers have
proposed various water body extraction methods, a major group of which includes threshold-based
segmentation techniques [12] and machine learning algorithms [13]. Considering the variability of
water's spectral properties across space and time, the combination of multiple indices can achieve
better extraction results than a single index [14]. Zou et al. [15] tracked the dynamics of U.S. surface
water over many years, utilizing a combination of three water indices. Xing et al. [16] investigated
the multi-year spatiotemporal dynamics of lakes across the Inner Mongolia Plateau. Deng et al. [17]
proposed the Multi-band Water Detection Rule (MIWDR). Through comparison, it was found that
the new extraction rule performs better in urban environments. Based on the new extraction rule,
Xing et al. [18] investigated the evolution of water surface area in Shandong Province over three
decades, and a similar assessment was performed by Wang et al. [19] for Dongting Lake.

In previous studies, large-scale monitoring of annual dynamic changes has predominantly relied on
the Landsat series of satellites. However, the long revisit period of Landsat makes it vulnerable to
cloud cover and rainfall. Moreover, water bodies exhibit significant seasonal and interannual
variability, particularly in regions with pronounced monsoon climates, which complicates high-
frequency monitoring. The Sentinel-2 high-resolution multispectral satellite, with a revisit period of
6 days, presents significant potential for high-frequency monitoring and dynamic analysis of water
bodies. Conse-quently, numerous studies have now utilized Sentinel-2 imagery for water body
monitoring [20].

With limited band information, water bodies are typically identified based on the differences in
backscattering coefficients among various surface features. The primary methods for this
discrimination include single-threshold and OTSU automatic threshold segmentation. Using Sentinel-
1 as the data source, Zeng et al. [21] extracted Poyang Lake's water bodies utilizing Otsu's method.
Moreover, the conventional Otsu's method, an automatic thresholding algorithm based on image
histograms, exhibits significant performance degradation when the target feature is significantly
smaller than the background. In such cases, the Edge Otsu method, which can also automatically
compute a threshold, has been shown to outperform the traditional Otsu method in similar scenarios
[22]. The impact of different initial threshold settings on the Edge Otsu algorithm's results were also
analyzed by Wang et al [23]. For large-scale remote sensing monitoring tasks, it is often challenging
to achieve high-frequency data acquisition and clear image details simultaneously. The combination
of optical and radar data can effectively address this challenge [24]. However, the collaborative
analysis of diverse datasets places high demands on data acquisition and computational power. The
Google Earth Engine (GEE) possesses extensive datasets and robust computational and storage
capabilities, can effectively address this challenge.

Poyang Lake serves vital functions in flood control, irrigation, water supply, and maintaining
biodiversity. Concurrently, the lake's water body exhibits significant seasonal variations, which
underscores the particular importance of high-frequency dynamic monitoring of the lake. The primary
purpose of this study is to: (1) To enable a multi-year, dynamic monitoring framework for Poyang
Lake using Sentinel series imagery. (2) To examine spatiotemporal characteristics of Poyang Lake’s
surface extent and inundation frequency during 2016-2024, including the dynamics of and
conversions between different water body types. (3) To examine the potential natural and human-
induced drivers responsible for fluctuations in water area.
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2. MATERIALS AND METHODS
2.1. Study Area

Functioning as a significant lake subsystem in the downstream portion of the Yangtze River's
hydrological system, Poyang Lake is situated in northern Jiangxi Province (Figure 1). Influenced by
a monsoon climate, precipitation in the region is highly seasonal, with approximately 70%
concentrated in the wet season, and exhibits significant inter-annual variability and uneven intra-
annual distribution. Consequently, Poyang Lake undergoes substantial changes in its water coverage
with the seasons, expanding to over 4,000 km? in the high-water period and shrinking to less than
1,000 km? in the low-water period, a process that exposes vast expanses of mudflats. This
combination of complex topography and climatic conditions makes Poyang Lake a region highly
prone to flood events.

114°0F O IrE 1IN
. i

VIS

z) -

2MIN

AN
/
T
MUYN

200N

T T
V2550 |06 150 "TD"I;\: Ifgend

) srway Aven

| deomgai Provines

Figure 1: Poyang Lake's location in Jiangxi Province and its geographical location.

2.2. Data and processing

2.2.1. Sentinel-1/2 datasets

Across 13 spectral bands, the sensor on Sentinel-2 gathers data. Its dual-satellite constellation ensures
a 5-day revisit period. Sentinel-2 data are disseminated as Level-1C and Level-2A products. In this
research, Level-1C data were utilized for the extraction of the maximum inundation extent. Initially,
we filtered the image collection to select scenes with a 'CLOUDY PIXEL PERCENTAGE!' of less
than 20%. After comparing different cloud masking algorithms, we found that the most effective
approach was to use the Cloud Score+ algorithm available on GEE. Opaque and cirrus clouds were
removed using the Quality Assessment (QA) band from Cloud Score+. Subsequently, atmospheric
correction was performed on the cloud-masked Sentinel-2 imagery using the Py6s model. Finally, the
images underwent further preprocessing, including mosaicking and clipping to the study area, for the
final water body extraction.
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The Sentinel-1 constellation consists of two satellites that provide a combined revisit period of 6 days
when both satellites are operational, with an onboard sensor capable of operating in four operational
modes. For this research, we utilized imagery from the Interferometric Wide swath (IW) mode, which
had already undergone pre-processing. Subsequently, these data were terrain-corrected, and the
Perona-Malik algorithm was applied for filtering to smooth the image and suppress speckle noise
while preserving edge information. Finally, images from the same orbital direction (ascending and
descending) were mosaicked.

2.2.2. Other ancillary data

Database for Hydrological Time Series of Inland Waters (DAHITI) is a dataset designed for storing,
sharing, and analyzing long-term hydrological time series data from inland water bodies (such as
reservoirs, lakes, and river segments) [25]. We acquired water level data for the study area from 2016
to 2024 from DAHITI to verify the reliability of our experimental results.

The ERAS reanalysis product was the source for monthly precipitation and evaporation data covering
the study area from 2016 to 2024. (available at: https://www.ecmwf.int/, last accessed on 1 June 2025).

The JRC Monthly Water History [4] documents the monthly extent of surface water, derived from
Landsat satellite data, which is used to track and analyze fluctuations in surface water coverage since
1984. The Global Surface Water Dynamics dataset [26] characterizes the dynamic changes and inter-
annual features of global inland water extent through multiple indicators. In this study, both datasets
were primarily used for a comparative analysis against our extraction results.

We utilized the NASA Digital Elevation Model for the terrain correction of Sentinel-1 imagery and
to calculate slope, which allowed for the exclusion of areas with slopes greater than 20° to reduce
interference from terrain shadows [27]. Surface water has a natural tendency to collect in
topographical lows within a drainage basin, Height Above Nearest Drainage (HAND) data [28] were
also utilized to effectively exclude regions where surface water occurrence is topographically
implausible.

2.3. Method

Figure 2 illustrates the workflow for the lake surface analysis. First, a map of the maximum inundation
extent from 2016-2024 was generated from processed Sentinel-2 time-series imagery by combining
multiple water indices and calculating water frequency. Subsequently, the Edge Otsu algorithm was
applied for feature extraction on the preprocessed Sentinel-1 imagery, which were then post-
processed to exclude areas where surface water occurrence is topographically implausible. Finally,
the definitive lake surface extraction was achieved by intersecting the Sentinel-2-derived maximum
inundation extent with the results obtained from Sentinel-1. Based on these final results, the analysis
focused on how the lake's area has changed over time and space, along with an investigation into the
potential drivers behind these trends.
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Figure 2: Technical flow chart of this article.
2.3.1. Multi-index water body detection rules based on optical images

The water extraction algorithm proposed by Liu et al. [29], which integrates multiple water indices,
has been proven to offer significant advantages in extraction accuracy. This method primarily
combines the Modified Normalized Difference Water Index (MNDWTI) [30], the Automated Water
Extraction Index (AWEI) [31], the Normalized Difference Vegetation Index (NDVI) [32], and the
Enhanced Vegetation Index (EVI) [33]. Additionally, to exclude high-reflectance features, we utilize
the Near-Infrared (NIR) band value. In our study, we apply Equations (1)-(7) for water extraction. A
pixel is classified as water and assigned a value of 1 if the condition specified in Equation (7) is
satisfied.

NIR<0.17. (1)

MNDW]:M_ 2
Green + SWIR1

EVI =2.5x NIR = Red . (3)
NIR +6x Red —7.5% Blue +1
NIR - Red
NDyT = MR~ Red
NIR+ Red * (4)
AWEI = 4x(Green—SWIRT)—(0.25x NIR + 2.75x SWIR2) | (5)

25



AWEI, = Blue+2.5xGreen—1.5x(NIR+SWIRI)—-0.25xSWIRZ (6)

(MNDWI > EVI) or (mNDWI > NDVI)] and NIR <0.17 ,
and (AWEL,, >—0.880r AWEL,, >~0.27)and (AWEL,, — AWEL, )>~0.2" )

nsh

Where NIR, Green, Red, Blue, SWIR1, SWIR2, are the BS, B3, B4, B2, B11 and B12 bands of
Sentinel-2, respectively.

2.3.2. Edge Otsu

The Edge Otsu algorithm calculates an optimal threshold for each individual image, effectively
overcoming the limitations of the conventional Otsu method. The process begins with an initial binary
classification of the image using a preliminary threshold. Next, we employ the Canny edge detector
to identify the perimeters of water bodies. Subsequently, the detected edges undergo processing to
remove weaker edges, resulting in clearer and cleaner boundaries while mitigating noise interference.
By calculating the number of connected pixels around each pixel, isolated or poorly connected edges
are eliminated, ensuring that the retained edges are both prominent and coherent. Finally, the Otsu
algorithm is applied to the histogram generated from sampling pixels within the edge buffer zone,
which yields the final image-wide segmentation threshold. (Figure 3).

The initial segmentation threshold has a significant impact on the results of binary classification.
Regarding the selection of the buffer parameter, the quality of the histogram is dependent on the
chosen buffer size; an improperly sized buffer, whether too large or too small, can negatively affect
the quality of the water extraction. Therefore, based on this literature [23][34], an initial -17.5 dB
threshold and a 500 m buffer were utilized in this study.
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Figure 3: Edge Otsu algorithm flow: preprocessing, initial image binarization, edge detection,
water body edge detection, water body edge morphological operation, obtain histogram and
calculate the optimal threshold, water body extraction results.

2.3.3. Accuracy assessment

Poyang Lake exhibits significant seasonal differences. Therefore, a validation date was randomly
selected for both the periods of high rainfall and low rainfall. Utilizing Sentinel-2 imagery as the
primary reference, supplemented by Sentinel-1 imagery, we randomly generated 1600 sample points
throughout the area of interest for visual interpretation. Based on the resulting confusion matrix, we
calculated several evaluation metrics.

Furthermore, the differences between the extraction results and other datasets were quantified
utilizing relative error. This was computed as shown in Equation (8):
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Where, E, represents the relative percentage error, x is the result of other datasets, and x, is the
extraction result of this article.

E.(%)=

x100%. (8)

2.3.4. Calculation of water inundation frequency

The formula for calculating water frequency is as follows:

N

Sw

F =4 x100%" ©)
total

Where N, denotes the total number of valid observations over the entire observation period from
2016 to 2024, and w has two possible states (1 if identified as water, 0 if identified as non-water). If
a pixel has an F,-value of 75% or greater, it is considered permanent water. If a pixel has a water
frequency F,-value 25% or less, it is considered as temporary water. The remaining pixels are
considered seasonal water bodies.

2.3.5. Trend testing and correlation analysis

To analyze temporal trends in water bodies across various seasons and types, the Mann-Kendall (MK)
trend test was applied. The correlation between water Inundation extent and other variables was
examined using Pearson correlation analysis.

3. RESULTS
3.1. Accuracy evaluation

Sentinel-1 images from periods of high rainfall (July 26, 2019) and periods of low rainfall (November
12, 2021) were randomly selected for accuracy validation, in conjunction with Sentinel-2 imagery
from adjacent dates. Overall accuracies of 0.989 and 0.964 were achieved for water identification
during high and low rainfall periods, respectively. The corresponding Kappa coefficients were 0.978
and 0.918 (Table 1). The Edge Otsu algorithm has demonstrated its high suitability for water body
extraction in the Poyang Lake region, thereby permitting batch extraction across different time series.

Table 1: Confusion matrix for the extraction results

Visual interpretation

Samples Water Non-water Total User Accuracy
July 2019 Water 798 15 813 99.75%
Sentinel1/2 Non-water 2 785 787 98.12%
Total 800 800 1600 Overall accuracy=98.94%
Producer accuracy 98.15%  99.74% Kappa=97.87%
November Water 490 46 536 97.80%
2021
Sentinel1/2 Non-water 11 1053 1064 95.81%
Total 501 1099 1600 Overall accuracy=96.43%
Producer accuracy 91.41%  98.96% Kappa=91.87%
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3.2. Analysis of fluctuations in Water extent

Poyang Lake’s water area exhibits significant seasonal fluctuations and inter-annual differences
(Figure 4), which fully reflects its typical characteristics as a seasonal, river-fed fluctuating lake.
Throughout the observation period, the average inundation area was 3196.04 km?. Analysis of the
Inundation extent revealed that the maximum extent occurred on July 20, 2020, reaching an area of
5179.37km?. Conversely, the minimum water area was observed on November 19, 2022, measuring
1656.83 km? (Figure 5). Analysis of the 2016-2024 time series revealed a statistically non-significant
upward trend in the water surface area (Z = 0.2375, p > 0.05).
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Figure 4: Time series of water extent (2016-2024).
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Figure 5: Maximum and minimum water inundation extent (2016-2024).
3.3. Analysis of Monthly Changes

According to the statistical analysis results (Figure 6), the lake's water area demonstrates pronounced
intra-annual variations. The maximum monthly average water area was observed in July at 4220.85
km?, whereas the minimum monthly average occurred in December, measuring 2382.60 km? Further
analysis of the extreme values shows that the absolute maximum for a monthly water area was
5179.37 km?, recorded in July 2020, while the smallest of the monthly maximums was 3110.16 km?
in December 2024. Regarding the monthly minimums, the highest value recorded was 2943.97 km?
in June 2020, and the lowest value was 1656.83 km? in November 2022. Consequently, these findings
indicate that June and July are typically the months of maximum water extent, while November and
December are the months of minimum water extent.
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We classified the annual hydrological cycle into two distinct periods. The wet season, comprising the
months from April to October, was characterized by a significant expansion of the water surface area,
with a monthly maximum consistently exceeding 4,000 km?, a minimum area always above 2,000
km?, and an average of over 3,000 km?. The dry season, spanning the months of November through
March of the subsequent year, was characterized by a significant contraction of the water surface area,
with a monthly maximum generally below 3,500 km?, a minimum area below 2,000 km? (excluding
March), and an average of approximately 2,500 km? (also excluding March).

The water area exhibits pronounced seasonal characteristics. It shows a progressively increasing trend
from January to July, culminating in an annual peak in July. Subsequently, it follows a decreasing
trend from July to December, reaching its annual trough. The peak area in July is approximately 1.5
times that of the trough in December. Both the average and maximum values follow a similar pattern
of variation, reflecting the distinct seasonal nature of the lake basin. Although the minimum values
show some fluctuations, they also reflect this seasonal change to a certain extent.
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Figure 6: Monthly Water Surface Area (Max, Min, Avg) for Poyang Lake, 2016-2024.

The spatial dynamics of Poyang Lake's inundation (2016~2024), depicted in Figure 7, align with the
statistical results, showing a pronounced seasonal rhythm of expansion and contraction. The southern
and eastern portions of the main lake basin are where the most significant changes in the lake's surface
area occur, with this process generally moving from the northeast to the southwest and featuring rapid
expansion from March to May and rapid contraction from September to November.

The lake's narrow northern section, which serves as the outflow channel to the Yangtze River, is
composed of river-like water bodies and exhibits greater stability compared to other areas. Similarly,
low-lying lakes in the southernmost area, such as Junshan Lake which functions as a reservoir,
maintain a more stable water cover in both the maximum and minimum monthly extents. Furthermore,
each month exhibits a significant variation between its maximum and minimum extent, indicating the
inter-annual instability of precipitation during the summer, as well as the potential occurrence of
extreme drought events in some winters.
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L
Figure 7: Maximum and Minimum Monthly Inundation Extent of Poyang Lake (2016-2024).

3.4. Analysis of Seasonal Variation in Poyang Lake (2016—-2024)
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Figure 8: Seasonal Water Surface Area (Max, Min, Avg) for Poyang Lake, 2016-2024.

According to Figure 8, Poyang Lake’s water area during spring and summer (March—August) is
generally higher than in autumn and winter (September—February). Regarding the maximum
inundation extent, the highest value is observed in summer (June—August) (5,179.38 km?), while the
lowest occurs in winter (3,826.18 km?). Regarding the minimum water area, the largest extent was
observed in summer (2537.97 km?) and the smallest in autumn (September—November) (1656.84
km?). For the average water surface area, summer is again the highest at 4,037.68 km?, while winter
is the lowest at 2,439.45 km?.

A statistically insignificant increasing trend was observed for the water inundation extent in spring
(Z =0.5842, p > 0.05). In contrast, the water surface areas in all other seasons showed a downward
trend. Specifically, winter (Z = -2.3397, p < 0.05) displayed a significant decreasing trend, while
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summer (Z = -0.5140, p > 0.05) and autumn (Z = -1.0337, p > 0.05) showed non-significant
decreasing trends (Figure 9).
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Figure 9: Seasonal area change trends of Poyang Lake Basin from 2016 to 2024 (a) spring, (b)
summer, (¢) autumn, (d) winter.

3.5. Analysis of Changes in Water Inundation Frequency

By calculating the water frequency, the water inundation extent of different water types for each year
was obtained (Table 2). Among these, the seasonal water area demonstrated the most significant
fluctuations, with its minimum proportion occurring in 2018 at 27.07% and its maximum in 2024 at
42.25%. From 2016 to 2018, it exhibited a gradual decreasing trend, from 2,097.34 km? to 1,600.82
km?. This was followed by an increasing trend from 2018 to 2020, rising from 1,600.82 km? to
2,331.53 km?. Subsequently, the area continuously decreased from 2020 to 2023, reaching 1,512.73
km?, before showing a significant rebound in 2024.

Table 2: Areal Coverage and Percentage of Various Water Body Classes by Year (2016-2024)

Proportion  Proportion  Proportion

Temporary Seasonal Permanent  Total of of of
water/Km? water/Km? water/Km? area/Km? temporary  Seasonal = Permanent
water/% water/% water/%

2016  1622.70 2097.34 2268.99  5989.03 27.09 37.89 35.02
2017  2088.56 1892.89 214441 612586 34.09 35.00 30.91
2018  2245.39 1600.82 2068.19  5914.39 37.96 34.97 27.07
2019  1958.94 2053.97 2107.39  6120.30 32.00 34.43 33.70
2020  1512.13 2321.53 2371.06  6204.72 24.37 38.21 37.42
2021  1766.02 2186.16 2088.07  6040.25 29.24 34.57 36.19
2022 1552.88 2180.62 1918.71  5652.20 27.47 33.94 38.59
2023 2026.01 1512.73 1858.02  5396.76 37.54 34.43 28.03
2024  1451.71 2538.76 2109.58  6010.05 24.15 33.60 42.25

A trend comparable to that of seasonal water was observed in the extent of permanent water bodies.
This area reached its maximum of 2,371.06 km? in 2020 and its minimum of 1,858.02 km? in 2023.
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For temporary water bodies, the minimum proportion was 24.15% in 2024, and the maximum was
37.96% in 2018. The area of these bodies gradually increased from 1622.70 km? to 2245.39 km?
between 2016 and 2018, followed by a decreasing trend to1512.13 km? from 2018 to 2020. From
2020 to 2024, the changes were characterized by large-amplitude fluctuations.

A trend analysis of the three water body types from 2016-2024 revealed that only permanent water
underwent a statistically significant change, showing a decline (Z = -1.9809, p < 0.05). In contrast,
non-significant trends were observed for the other two types: a decrease in temporary water (Z = -
1.1468, p > 0.05) and an increase in seasonal water (Z = 0.7298, p > 0.05).

As shown in Figure 10, the peripheries of the central lake and various low-lying areas, often
comprising small ponds and farmland, are the primary locations for temporary water bodies. Seasonal
water predominantly occupies the central part of the main lake basin, the banks along the northern
channel, and southeastern parts of the lake. Accounting for a consistent 35% of the entire region,
permanent water is primarily found in the central axis of the northern channel, the northeastern part
of the lake, and low-lying southern basins such as Junshan Lake.

Figure 10: Spatial Distribution of Water Classifications. Red, yellow, and blue represent seasonal,
temporary, and permanent water bodies respectively.

The proportion of temporary water bodies experienced large fluctuations around 2020 and during the
2022-2024 period. This corresponds with the flood events in Poyang Lake in 2020 and 2024, and the
prolonged dry seasons due to droughts in 2022 and 2023, further demonstrating the significant impact
of extreme events on water body dynamics.
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Figure 11: Conversions between Different Water Body Types (2016—-2024). (a) Spatial distribution
of the water type conversions. (b) Bar chart showing the area of each conversion class.
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We analyzed the transformations among the three different water body types from 2016 to 2024.
Figure 11 illustrates the spatial distribution of these conversions. An area of 4353.70 km? maintained
a stable water body classification throughout the period, showing no conversion to other types.
However, significant changes occurred among the different water body types. Permanent water
coverage expanded by 329.41 km?, with the majority of this gain (87.27%) resulting from the
conversion of seasonal water, primarily on the sides of the channel zone at the entrance to the Yangtze
River. Conversely, an area of 578.76 km? of permanent water was lost, of which 93.21% converted
to seasonal water. This type of conversion was mainly concentrated in the lake's central region, its
north-eastern part, and the northern channel zone at the entrance to the Yangtze River. The area of
seasonal water bodies saw a gross increase of 911.02 km?, with the vast majority (96.83%) originating
from the conversion of permanent and temporary water. Conversely, an area of 469.67 km? of
seasonal water was lost, of which 61.21% converted to permanent water and 33.52% converted to
temporary water. The area of temporary water increased by 412.09 km?, with most of this gain
originating from the conversion of non-water areas. Simultaneously, it lost an area of 583.41 km?;
apart from the portion that converted to seasonal water, the remaining majority converted back to
non-water bodies.

The Poyang Lake basin gained 267.53 km? of new water bodies, with temporary water accounting for
the vast majority of this increase (86.63%), which were converted from fish ponds and paddy fields.
At the same time, the basin lost 246.81 km? of water bodies, the majority of which were temporary
water, primarily distributed along the sides of river channels.

4. DISCUSSION
4.1. Correlation with Water Level Data

We correlated our extracted results with the DAHITI water level dataset and found a strong positive
relationship (r=0.86), thereby confirming the reliability of our findings. Simultaneously, the resulting
water level-area quadratic polynomial equation (y = -37.26x*> + 1388.35x - 8343.02, R* = 0.79)
(Figure 12) enables estimation of the inundation area from the water level and vice versa.
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Figure 12: Water Level-Area Relationship.
4.2. Comparison with other datasets

Images from different periods across six randomly selected years were used to calculate the relative
error between our extraction results and two other datasets (Table 3). The relative errors for both
datasets were within 10%, indicating a strong agreement between our results and these two datasets.
Furthermore, the trend of the lake's water inundation extent variation derived was compared with the
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findings of other researchers, such as Wang et al. [23]. The variation patterns were found to be
generally consistent.

Table 3: Comparison and relative error of water area extracted with other datasets

Extracted  JRC Monthly Global Surface

Time water area/ Water Rela‘u;/e Water Dynamics/ Relat1ove

K History/ Kim? error/% K2 error/%
August 2016 4469.95 4100.12 8.27% 4321.74 3.32%
September 2017 3404.43 3246.77 4.63% 3480.89 2.25%
February 2018 231251 2299.84 0.55% 2462.18 6.47%
January 2019 2768.22 2620.90 5.32% 2953.91 6.71%
October 2020 4283.30 4416.93 3.12% 4486.90 4.75%
September 2021 4163.14 3985.94 4.26% 4273.13 2.64%

4.3. Potential Factors

Anthropogenic activities are a likely driver of the observed fluctuations in Poyang Lake's water extent.
Poyang Lake has a complex and intimate hydrological connection with the Yangtze River. This major
hydro-engineering project on the Yangtze, the Three Gorges Dam, has enhanced human control over
water resources; the dam's impoundment of water lowers the hydrological level of Poyang Lake,
which in turn shrinks its inundation area. Anthropogenic activities such as sand dredging can lead to
a decrease in the lakebed elevation at the outlet, which promotes a faster outflow of lake water,
thereby reducing the lake's inundation extent.

Relevant data indicate that human activities such as lake reclamation and economic development have
driven up the demand for water in the industrial, agricultural and domestic sectors, which in turn
causes a contraction of the water surface of Poyang Lake and impairs its ecosystem functions. Lakes
like Poyang and Dongting, which historically regulated Yangtze floods, have lost much of this
capacity due to land reclamation projects. In response, the State Council of China has implemented a
"Returning Farmland to Lake" policy, which aims to improve the capacity of Poyang Lake to both
store and discharge floodwaters.

The findings of this research indicate that Poyang Lake's water surface area followed an upward
trajectory between 2016 and 2024. In our analysis of conversions between different water body types,
we found that the bulk of the new water area was sourced from existing fishponds and paddy fields.
The expansion of the lake's area can be largely attributed to the promotion of the local "Returning
Farmland to Lake" policy.

Temperature primarily affects water area by influencing evapotranspiration; therefore, the two factors
of precipitation and evapotranspiration were selected for analysis. A Pearson correlation analysis
revealed positive correlations for both factors at monthly and annual scales (Figure 13). Monthly
precipitation and water area showed a correlation coefficient of 0.58, while for annual precipitation
it was 0.90. The coefficient for monthly evapotranspiration and water area was 0.78, and for annual
evapotranspiration, it was 0.59. Overall, annual precipitation and monthly evapotranspiration showed
the highest correlations with water surface area.
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Figure 13: Relationship between Climatic Factors (Precipitation, Evaporation) and Water Surface
Extent (a) Monthly precipitation, (b) Annual precipitation, (¢c) Monthly evaporation, (d) Annual
evaporation.

4.4. Restrictions and Limitations

Regarding the data source, this study exclusively used data from the Sentinel series of satellites. The
Sentinel constellation offers advantages such as higher spatial resolution and a short revisit period,
which facilitates the high-frequency extraction of the lake's area. Furthermore, Sentinel-1 imagery is
unaffected by weather conditions. However, due to the relatively recent launch of the Sentinel
satellites, this research was constrained to analyzing water body changes from 2016 to 2024.

In the analysis of driving factors, this study is not sufficiently comprehensive. This limitation stems
from two primary issues: first, the considerable difficulty in acquiring local hydrological data, and
second, the complex nature of the impacts exerted by climatic and anthropogenic activities on the
water body.

Future research directions include extending the analysis over a longer time-series by integrating
multiple data sources to better explore long-term dynamics. Additionally, future studies should
incorporate more of these influencing factors and should conduct not only qualitative but also
quantitative analyses.

5. CONCLUSIONS

Through the dynamic observation of Poyang Lake's water bodies over the 2016-2024 period and the
analysis of their spatiotemporal dynamic characteristics, the following conclusions can be drawn:

(1) The results indicate that the extraction algorithm used in this study, which combines Sentinel-1/2
data, performs well in the Poyang Lake basin. The overall accuracies for the two validation images
reached 98.9% and 96.43%, with Kappa coefficients of 97.87% and 91.87%, respectively. This
proves that the algorithm can be reliably used for fine-scale analysis of the lake's hydrological
dynamics.
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(2) The Poyang Lake basin underwent significant fluctuations in its water body area from 2016 to
2024. The maximum inundation area occurred in 2020, reaching 5,179.37 km?, while the minimum
inundation area was observed in 2022 at 3,196.04 km?.

(3) The data analysis shows that the lake's inundation area exhibits a strong sea-sonal pattern of rise
and fall. Typically, June and July represent the months of greatest water extent, whereas November
and December have the smallest. The water surface area is generally higher in spring and summer.
Regarding seasonal trends, the water area in spring shows an upward trend, while the remaining
seasons all exhibit a downward trend.

(4) In the analysis of water frequency, permanent and temporary water bodies are decreasing, while
seasonal ones are increasing. Spatially, temporary water is primarily concentrated at the margins of
the central lake region. Seasonal water is predominantly found in the lake's central region. The
primary locations for permanent water are the center of the northern channel zone and low-lying
southern lakes such as Junshan Lake. The conversion between water body types was dominated by
the transformation of temporary and permanent water into seasonal water.
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