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Abstract

As a typical grain base with a dense population and high-level urbanization, the North
China Plain (NCP) faces a serious threat to its sustainable development due to water short-
age. Surface water area (SWA) is a key indicator for continuously measuring the trends of
regional water resources and assessing their current status. Therefore, a deep understand-
ing of its changing patterns and driving forces is essential for achieving the sustainable
management of water resources. In this study, we examined the interannual variability
and trends of SWA in the NCP from 1990 to 2023 using annual 30 m water body maps
generated from all available Landsat imagery, a robust water mapping algorithm, and the
cloud computing platform Google Earth Engine (GEE). The results showed that the SWA in
the NCP has significantly increased over the past three decades. The continuous emergence
of artificial reservoirs and urban lakes, along with the booming aquaculture industry, are
the main factors driving the growth of SWA. Consequently, the expansion of artificial water
bodies resulted in a significant increase in water evaporation (0.16 km3/yr). Moreover, the
proportion of water evaporation to regional evapotranspiration (ET) gradually increased
(0–0.7%/yr), indicating that the contribution of water evaporation from artificial water
bodies to ET is becoming increasingly prominent. Therefore, it can be concluded that the
ever-expanding artificial water bodies have become a new hidden danger affecting the
water security of the NCP through evaporative loss and deserve close attention. This study
not only provides us with a new perspective for deeply understanding the current status of
water resources security in the NCP but also provides a typical case with great reference
value for the analysis of water resources changes in other similar regions.

Keywords: North China Plain; artificial water body; surface water area; water evaporation;
evapotranspiration

1. Introduction
In the North China Plain (NCP), the contradiction between a highly concentrated

population and scarce water resources has become a key bottleneck restricting regional
sustainable development [1–3]. As a considerable agricultural production base and densely
populated area in China, the NCP accommodates about 1/5th of the country’s population,
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but water resources account for less than 5% of the country’s total. The per capita water
resources are less than 1/6th of the national average [4,5], and the water resource carry-
ing pressure has been high for ages. In recent years, the rapid urbanization process has
profoundly disturbed the natural evolution of regional surface water and groundwater
systems through large-scale changes in land use patterns, high-intensity groundwater ex-
ploitation, artificial water system transformation, and other human activities [6,7]. Relevant
papers [8–10] showed that in the past 30 years, the cumulative groundwater overexploita-
tion in some areas of the NCP has reached 180 billion cubic meters, causing the groundwater
level to drop at an average annual rate of 1–3 m, triggering hydrogeological changes such
as river drying and lake shrinkage. About 40% of the natural rivers in the region have
stopped flowing, and the area of large lakes such as Baiyangdian has also been greatly
reduced [11,12]. Therefore, systematic investigation into the temporal and spatial dynamics
of surface water bodies is crucial for revealing the intertwined impacts of anthropogenic
activities and climate change on regional water resources [13].

As a key part of the water cycle, evapotranspiration (ET) changes directly affect the
availability of regional water resources and the stability of ecosystems [4,14]. With the
increasing attention paid by the Chinese government to ecological restoration in recent
years, the extension of artificial water bodies, including urban lakes, aquaculture ponds,
and reservoirs, has significantly increased the surface water area (SWA) of regional water
bodies, which in turn may lead to an increase in ET. Taking a large artificial reservoir in the
NCP as an example, after its completion, the annual ET in the surrounding area increased
by 15–20% compared with that before construction [15]. Despite increasing attention,
comprehensive investigations into how the expansion of artificial water bodies affects ET
across the NCP remain limited, particularly regarding the temporal and spatial dynamics
of such influences. In addition, the ET behaviors of different types of artificial water bodies
vary greatly (e.g., large water diversion reservoirs and small aquaculture ponds), and
their overall contribution to regional water resource changes has not been fully elucidated.
Therefore, the systematic analysis of the spatiotemporal evolution characteristics and long-
term dynamics of surface water bodies is of great scientific value for assessing how climate
change and human interventions jointly influence water resource systems. However, there
are still gaps in the current research on NCP: on the one hand, the dynamic response
mechanism between surface water changes and regional total water storage has not been
systematically revealed; the impact path and intensity of artificial water body expansion
on ET are especially unclear. On the other hand, the traditional monitoring model based
on ground observation stations has a difficult time meeting the dynamic tracking needs of
complex hydrological processes due to limited coverage and delayed data updates. Faced
with the vast area of the NCP and the diverse types of artificial water bodies, traditional
methods cannot fully and timely obtain information on artificial water body expansion and
ET changes.

Fortunately, the booming development of remote sensing technology has provided an
innovative path to solving the above problems [16]. With the technical advantages of high
spatial resolution, long-term continuous observation, and large-scale synchronous data
collection, satellite remote sensing has become the core means of the dynamic monitoring
of water resources [17–19]. Many remote sensing data products have been introduced in
global and regional scale studies [20–24]. These data products can capture the changes in
surface information from a macro scale, providing a rich data basis for research. However,
at present, there is no research that uses the Landsat surface reflectance (SR) dataset to
produce annual variation maps of different surface water bodies across the NCP from
the 1990s onward. The absence of continuous spatiotemporal data on different surface
water bodies makes it challenging to investigate their dynamic transformations and assess
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their impacts on regional water resources. For example, in actual situations, it is hard to
understand the amount of water lost due to the evaporation of water bodies and the impact
of greenhouse gases emitted by small ponds and other water bodies on the environment.
Fortunately, with the help of remote sensing cloud platforms represented by Google Earth
Engine (GEE), we can use its powerful computing resources, rich remote sensing images
(e.g., MODIS SR Landsat, and Sentinel data), geospatial datasets, and common classification
tools to perform long-term land cover monitoring in an open environment. The platform
supports the efficient processing of large-scale remote sensing data, thereby facilitating the
spatiotemporal analysis of artificial water body expansion and ET changes in the NCP.

This study aims to focus on the spatio-temporal evolution of different kinds of surface
water bodies in the NCP over the past three decades, identify their main driving mecha-
nisms, and evaluate their impact on the regional water security pattern. To do this, we first
systematically analyzed the historical evolution of various types of surface water bodies
with the help of all of these Landsat archives and the remote sensing cloud computing
service. Secondly, we investigated the variability of evaporative water loss and explored the
relationship between the changes in evaporation and areas of surface water bodies. Finally,
the impacts of evaporative water loss on water security were quantitatively evaluated by
calculating the changes in how water evaporation contributes to regional ET. This study
is expected to give us a new perspective on the current water security situation in the
NCP and provide scientific support for protecting the limited water resources in such a
strategically significant region and ensuring sustainable development.

2. Data and Methods
2.1. Study Area

The NCP, also referred to as the Huang-Huai-Hai Plain, is among the three major
plains in China [25,26]. The scope of the NCP defined in this paper covers seven provinces
and municipalities directly under the central government, including Beijing, Tianjin, Shan-
dong, Henan, Hebei, Jiangsu, and Anhui, covering an area of approximately 800,000 km2

(Figure 1). Considering that the area of Beijing and Tianjin is smaller than that of other
provinces, this study combines them into one area (Beijing and Tianjin, B&T). As one of
the most densely populated plains and major grain-producing areas in China, NCP has
formed a typical irrigation agricultural rotation system dominated by winter wheat and
summer corn. However, the region faces severe water shortage problems: based on CHIRPS
(Climate Hazards Group InfraRed Precipitation with Station Data) monitoring data from
1990 to 2023, the average annual precipitation in the NCP is 827.95 mm, showing significant
temporal and spatial unevenness. The precipitation in summer (June–August) reaches
477.17 mm, accounting for 57.63% of the whole year; the precipitation in spring (March–
May), autumn (September–November), and winter (December–February) is 157.61 mm
(19.03%), 143.0 mm (17.29%), and 50.17 mm (6.05%), respectively. The lack of precipitation
in the non-growing season has aggravated the pressure on agricultural irrigation [27,28].
Previous studies [29–31] have shown that high-intensity agricultural production has led
to the over-exploitation of groundwater, rendering the region one of the three most over-
exploited groundwater areas globally. Understanding water resource dynamics in the NCP
is not only the core entry point for solving the regional water resources supply and demand
imbalance dilemma but also a key scientific proposition for maintaining the safety of the
basin’s hydrological cycle and promoting the sustainable development of the country’s
main grain-producing areas [28].
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Figure 1. Overview of the North China Plain (NCP). (a) Geographical location of the NCP;
(b) Distribution of surface water in the NCP in 2023; (c–d) Enlarged view of Suya Lake and Kaifeng
West Lake, with a false-color composite image generated using Sentinel-2 in the background.

2.2. Data
2.2.1. Landsat Data

This research focuses on the temporal and spatial evolution of surface water in the
NCP and establishes a dynamic monitoring system based on multi-source remote sensing
data. The Landsat 5/7/8/9 Collection 1 Tier 1 Surface Reflectance (SR) images, spanning
from 1990 to 2023, are the core data source and form the long-term observational records of
the entire NCP for 34 years. The above data are provided by the United States Geological
Survey and can be obtained on GEE, supporting large-scale analysis through distributed
computing. Data preprocessing uses CFmask QA tape to automatically mask clouds,
cloud shadows, and snow [32,33]. We combine the solar azimuth and zenith angles in the
metadata with the DEM derived from SRTM to simulate terrain shadows and correct terrain
radiation distortion. In order to address the banding issue caused by Landsat 7 SLC failures
since 2003, this study designed a quality-based filtering strategy to retain only high-quality
observations in non-striped areas, ensuring temporal continuity. Quantitative evaluation
confirms that the effective annual observation data since 1990 are dense enough to capture
changes in surface water. Finally, about 59,000 Landsat images (~45 TB) were integrated,
providing high spatiotemporal resolution support for dynamic SWA monitoring.

2.2.2. Auxiliary Data for Identifying Different Kinds of Artificial Surface Water

To identify artificial reservoirs and analyze their area changes, we used three main
datasets: (1) China Reservoir Dataset (CRD) [34], which provides information on the lo-
cation, area, and storage capacity of 97,435 reservoirs across the country. It was jointly
developed by the Chinese Academy of Sciences, Kansas State University, and other re-
search institutions. (2) China Surface Water, Dams, and Lakes Dataset (China-LDRL) [35],
published by Fudan University, contains parameters such as latitude and longitude, area,
and perimeter of 2418 dams, 3051 large lakes, and 2194 large reservoirs in China. (3) Global
Reservoir and Dams Database (GRanD) [36] provides the location of typical reservoirs
and dams around the world as of 2011. It was jointly constructed by the Global Water
System Project (GWSP) and the Center for International Earth Science Information Network
(CIESIN). In terms of aquaculture data, based on the GEE platform, Yin et al. [37] developed
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a spatial distribution dataset covering China’s terrestrial and offshore aquaculture areas
with a spatial resolution of 30 m and a temporal resolution of 4 years. This study only used
the terrestrial aquaculture pond distribution part (CAP_MA_China_1990_2022). Wang
et al. [38] generated the first global spatial distribution data of landside clustered aqua-
culture ponds (LCAP), which used 4,015,054 10 m Sentinel-2 time series images collected
in 2020. In addition, the study also used the Global Urban Boundaries (GUB) data from
1990 to 2018 [39], which are derived from the Global Artificial Impermeable Area (GAIA)
dataset to extract surface water information in urban areas.

2.2.3. Data on Water Evaporation and Evapotranspiration

In order to accurately quantify the surface evaporation of NCP from 1990 to 2018,
this study adopts a multi-source data fusion strategy. The core data source is the Global
Lake Evaporation Dataset (GLEV) [40]. This covers the evaporation data of approxi-
mately 1.42 million lakes and reservoirs with an area of not less than 0.1 km2 from 1985
to 2018 worldwide. Its monthly evaporation estimates incorporate the water area data
of HydroLAKES [41] and calculate the evaporation rate based on the optimized Penman
equation [42] to improve the reliability and consistency of the data. In addition, the study
introduced the Penman–Monteith–Leuning (PML) version 2 ground ET dataset as a supple-
ment. The spatial resolution of this dataset is 500 m, the temporal resolution is 8 days, and
the coverage period is from 2000 to 2018, which can reflect the surface water loss process in
a relatively detailed manner [43]. In this study, we added the ground evaporation estimated
by PML-V2 to the surface evaporation estimated by GLEV to obtain the total ET in the
study area.

2.3. Methods
2.3.1. Identification of Different Kinds of Surface Water Bodies

This study used the modified normalized difference water index (mNDWI), enhanced
vegetation index (EVI), and normalized difference vegetation index (NDVI) to accurately
identify water pixels in satellite imagery. The fundamental idea is to distinguish water bod-
ies from vegetation by leveraging the spectral difference in mNDWI, EVI, and NDVI values.
Specifically, the identification rule is defined as [(mNDWI > EVI or mNDWI > NDVI) and
EVI < 0.1]. Utilizing good-quality Landsat-5/7/8/9 observations after image quality con-
trol, we created the annual maps of surface water occurrence frequency in the NCP during
1990–2023. Furthermore, to extract the consistently present water bodies, we adopted
a threshold of frequency > 0.75 and derived year-long surface water bodies, which are
defined as areas persistently inundated throughout an entire year. This process resulted in
annual maps at a 30 m resolution, representing the spatial distribution of perennial surface
water. The detailed description of the procedures can be seen in the former research [13,44].
In order to realize the dynamic monitoring of different kinds of artificial water bodies (e.g.,
urban lakes, reservoirs, aquaculture ponds, etc.), we identified and extracted the large-
and medium-sized artificial reservoirs and aquaculture ponds by integrating multi-source
auxiliary data, such as GRanD [36] and CRD [34]. Secondly, the geographical locations
of these targets are spatially intersected with the annual year-long surface water maps to
determine the annual coverage areas. Thirdly, the urban lakes were extracted from the
annual surface water maps based on the city boundaries defined by the GUB data [39].
Finally, the thematic maps of various kinds of water bodies were merged to achieve the
comprehensive recording and monitoring of the dynamic changes in artificial water bodies
(Figure 2).
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Figure 2. Flowchart for mapping surface water by type using 30 m Landsat SR data.

2.3.2. Accuracy Assessment

This study randomly selected 700 Areas of Interest (AOI), using the random point cre-
ation tool of ArcGIS 10.8 software to generate a sample point set containing approximately
29,300 Landsat pixels. In the Google Earth Pro 7.3 environment, visual interpretation of
very high-resolution (VHR) remote sensing images from Digital Earth, the National Spatial
Research Center, and the Asian region was conducted, and field validation of land cover
types was completed using the diameter method. This study conducted an accurate assess-
ment of the water body distribution maps in 1990, 2000, 2010, and 2020. The sample area
space in 2020 is as follows (Figure 3). Taking the 2020 validation data as an example, this
batch of AOI includes 116 aquatic areas and 584 non-aquatic body areas. To ensure the tem-
poral consistency of the data sources, the study specifically selected ultra-high-resolution
images within the AOI range of the same year as the analytical benchmark for generating
surface water distribution maps corresponding to that period. The real object labels of the
samples were obtained through high-resolution images and field verification, the Land-
sat water body classification results were matched with them, and the confusion matrix
was constructed to count the number of real-classification intersections [44–46]. Then, the
producer accuracy, user accuracy, overall accuracy, and Kappa coefficient were calculated
to evaluate the classification performance and reliability of the Landsat water body maps.
The assessment results indicated that the overall accuracy consistently exceeded 95.0%
across all periods, validating the robustness and reliability of the generated data products
for monitoring surface water dynamics (Table 1).
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Figure 3. Spatial distributions of 700 AOIs (116 water AOIs and 584 non-water AOIs) in the NCP, for
validating the accuracy of the surface water maps in 2020.

Table 1. Confusion matrices for assessing the accuracy of surface water maps.

1990

Classification
Ground References Total User accuracy

Water Non-water

Water 4859 602 5375 90.1%
Non-water 645 23,994 24,639 97.38%

Total 5508 24,596 30,100 Accuracy = 95.9%
Producer accuracy 88.28% 97.55% Kappa = 0.860

2000

Classification
Ground References Total User accuracy

Water Non-water

Water 4472 645 5117 84.39%
Non-water 301 24,725 25,026 98.8%

Total 4773 25,370 30,143 Accuracy = 96.8%
Producer accuracy 93.69% 97.45% Kappa = 0.886

2010

Classification
Ground References Total User accuracy

Water Non-water

Water 4343 473 4816 90.18%
Non-water 387 23,908 24,295 98.41%

Total 4730 24,381 29,111 Accuracy = 97.1%
Producer accuracy 91.82% 98.06% Kappa = 0.892

2020

Classification
Ground References Total User accuracy

Water Non-water

Water 4601 387 4988 92.24%
Non-water 817 24,295 25,112 96.75%

Total 5418 24,682 30,100 Accuracy = 96%
Producer accuracy 84.92% 98.43% Kappa = 0.915
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2.3.3. Change Analyses of Different Types of Artificial Surface Water Bodies

After completing the extraction of the NCP surface water time series from 1990 to
2023 (Figure 4), this study constructed a multi-scale, multi-method quantitative analysis
framework to systematically analyze its spatial distribution characteristics and evolution
trends. Given the temporal evolution of the SWA of artificial water bodies, a linear fitting
model was used to quantify the changing trends of the SWA of different types of artificial
water bodies, revealing their dynamic evolution laws from the time dimension. At the
spatial analysis level, since the interannual surface water images with a resolution of 30 m
are relatively small, the spatial distribution pattern is not obvious, and spatial aggregation
is performed and converted into 0.5◦ × 0.5◦ grid units to make the spatial distribution
more obvious. The interannual SWA spatial distribution map is generated by calculating
the proportion of water pixels in each grid. Building on this foundation, to investigate the
spatial evolution of SWA, we applied the Theil–Sen median slope estimator in combination
with the Mann–Kendall non-parametric test to assess the temporal trend of SWA at the
each grid pixel from 1990 to 2023. The Theil–Sen method can accurately capture the
changing trend of long-term remote sensing series by its strong robustness regarding
extreme values and data errors; the Mann–Kendall test verifies the statistical significance
of time series changes based on the characteristics of the non-distribution hypothesis,
and its high tolerance to missing data and outliers further ensures the reliability of the
analysis. The two are used in synergy to determine the direction and significance of the
SWA change trend of each grid pixel in the study area. In addition, by calculating the slope
of water evaporation change at the administrative unit and grid scale, the key areas with
the most significant changes in evaporation are identified, providing precise target areas
for subsequent water resource management and ecological research.

Figure 4. Comparative analysis of urban artificial lakes, natural lakes, reservoirs, and aquaculture
ponds during 2000–2023, with the help of false color composites from Landsat images. (a) Reservoirs;
(b) Aquaculture ponds; (c) Urban lakes; (d) Natural lakes.
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2.3.4. Calculation of Water Evaporation Volume

This study estimates water evaporation using the following method. The daily evap-
oration rate data from 1990 to 2018 provided by GLEV are used to calculate the annual
average evaporation rate and are spatially matched with various SWA data obtained during
the same period to achieve the calculation of evaporation.

E =

(
∑(Erate)

n

)
× SWA × 10−6 (1)

Among them, E represents the evaporation of water in cubic kilometers (km3), Erate is
the daily evaporation rate provided by GLEV, in mm/day, n is the total number of days
when calculating the annual average, SWA is the surface area of each type of water body
in square meters (km2), and 10−6 is the unit conversion factor from millimeter square
kilometers (mm * km2) to cubic kilometers (km3).

2.3.5. Effects of SWA Changes on Water Security

In the natural hydrological cycle, SWA plays a vital role in determining the total
volume of evaporation [46,47]. An expansion of SWA exposes a greater number of water
molecules to atmospheric conditions, increasing the likelihood that these molecules gain
sufficient energy to transition from liquid to vapor, thus intensifying evaporative water
loss. In contrast, a reduction in SWA limits this exposure, thereby reducing the potential
for evaporation. Water Evaporation is a key component of ET [48–50]. Changes in water
evaporation due to the dynamics of SWA directly affect the regional ET. In this study,
we analyzed the impact of SWA dynamics on water evaporation through the following
process. First, we assessed the interannual variation and long-term trends of SWA at
both provincial and prefectural levels. Second, we quantified the relationship between
SWA and water evaporation volumes to elucidate the extent to which fluctuations in SWA
influence evaporative water loss. Finally, we examined the proportion of water evaporation
contributing to total ET across prefecture-level cities, underscoring the implications of these
findings for regional water resource security.

3. Results
3.1. Changes in Different Types of Artificial Surface Water Bodies

In order to further understand the trend of SWA of different types of artificial water
bodies in the NCP, we first used a linear regression model for analysis. The results clearly
showed that during the period 1990–2023, the SWA of different types of artificial water
bodies in the NCP demonstrated a significant growth trend (p < 0.05, R2 ≈ 1). This result
is highly statistically significant, which means that the growth trend is not accidental, but
has internal laws and influencing factors. From the perspective of interannual changes
and overall trends, the growth of different types of artificial water bodies has its own
characteristics. Among them, the growth rate of the SWA of aquaculture ponds (Figure 5a)
is the most prominent. In 1990, its SWA was 3796.63 km2. By 2023, this value continued to
climb to 6108.13 km2, an increase of 60.9%, with an annual growth rate of 57.73 km2/yr. At
the same time, the SWA of reservoirs and urban artificial lakes is also expanding steadily.
During the period 1990–2023, reservoirs (Figure 5b) grew at a rate of 26.08 km2/yr, while
urban artificial lakes (Figure 5c) expanded at a rate of 18.05 km2/yr. The increase in the area
of urban artificial lakes may be related to the emphasis on ecological landscape construction
in urban planning, as well as the growing demand from urban residents for leisure and
recreational spaces. The expansion of reservoir areas may be related to factors such as
water resources regulation, the continuous advancement of water conservancy project
construction, and the uneven temporal and spatial distribution of water resources caused
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by climate change. Compared with the relatively clear growth trend of artificial water
bodies, the SWA changes of natural water bodies (Figure 5d) are more complicated. Because
natural water bodies are affected by a variety of factors, such as precipitation, evaporation,
and human activities, their SWA fluctuates in different periods. The interaction of these
influencing factors makes it difficult to describe the SWA changes of natural water bodies
with a single law.

Figure 5. Trends of SWA Changes in Different Types of Water Bodies in the NCP from 1990 to 2023;
(a) Aquaculture ponds; (b) Reservoirs; (c) Urban artificial lakes; (d) Natural lakes; (e) All lakes.

The spatial pattern of SWA changes also indicates that the SWA has continued to
expand since 1990. Specifically, among 436 grids with dimensions of 0.5◦ × 0.5◦, 367 and
143 grid units of urban artificial lakes (Figure 6c) and reservoirs (Figure 6d), respectively,
showed a significant (p < 0.05) upward trend in SWA. Since most of the aquaculture ponds
(Figure 6e) are distributed in coastal areas, they showed a zero-growth trend in Henan,
Hebei, and inland Shandong, but there were still 109 grid units in coastal areas, and Jiangsu,
Anhui, and other places showed a significant (p < 0.05) upward trend in SWA. We also drew
a trend map of the change in all water bodies (Figure 6a). As can be seen, except for Anhui
and parts of Jiangsu, the SWA of the NCP as a whole showed an increasing trend. These
findings offer a broad-scale perspective for comprehensively understanding the changes in
SWA across the NCP, facilitating deeper analysis of regional water resource dynamics and
providing a scientific foundation for informed water resource management and ecological
environmental protection.
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Figure 6. Trend of Changes in Different Types of Water Bodies in the NCP from 1990 to 2023 at
0.5 Degree Resolution. (a) All lakes; (b) Natural lakes; (c) Urban artificial lakes; (d) Reservoirs;
(e) Aquaculture ponds. The presence of a “+” marker on pixels signifies statistically significant linear
trends (p-value < 0.05).

3.2. Changes in Water Evaporation Volumes

Previous studies [5,51–53] have confirmed that SWA expansion can increase evap-
orated moisture loss. Based on this, we first conduct in-depth research on the water
evaporation dynamics and trends of different types of water bodies. The research results
show that between 1990 and 2018, the overall evaporation of water in the NCP area showed
an increase. Among them, although the evaporation of natural water bodies also has a
growing trend (Figure 7d), its fluctuations are relatively violent (R2 = 0.17), which has a
conflict with the steadily increasing evaporation of NCP water bodies (Figure 7e). Based on
this, we believe that the rise in evaporation of artificial water bodies is the dominant factor
driving the increase in the evaporation of NCP water bodies.

Through further research, we have shown that the evaporation of artificial water
bodies has shown a significant growth trend (p < 0.05, R2 ≈ 1). Among all kinds of
artificial water bodies, the evaporated water loss in aquaculture ponds has the fastest
growth rate, reaching 0.10 km3/yr (Figure 7a), followed by reservoirs, with a growth
rate of 0.04 km3/yr (Figure 7b); the growth rate of urban artificial lakes is relatively
slow at 0.02 km3/yr (Figure 7c). To prove the above conclusion more intuitively and
comprehensively, we have produced spatial distribution maps of different water body
types. On a municipal scale, among the 82 prefecture-level cities in the NCP region, water
evaporation in 66 prefecture-level cities (Figure 8e) showed an increasing trend. Specifically,
for different types of artificial water bodies, among these 82 prefecture-level cities, the
evaporation of water in urban artificial lakes (Figure 8c) all showed a growth trend; in
terms of aquaculture ponds (Figure 8a), except for areas where there are no aquaculture
ponds, the area of aquaculture ponds in all regions has shown an upward trend; in terms
of reservoir evaporation (Figure 8b), except for Beijing, Tianjin, and Lianyungang, the
evaporation of water in other cities has also continued to grow.
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Figure 7. Variation trend of evaporation of different types of water bodies from 1990 to 2018.
(a) Aquaculture ponds; (b) Reservoirs; (c) Urban artificial lakes; (d) Natural lakes; (e) All lakes.

Figure 8. Spatial chart of evaporation of different types of water bodies at the municipal scale from
1990 to 2018. (a) Aquaculture ponds; (b) Reservoirs; (c) Urban artificial lakes; (d) Natural lakes;
(e) All lakes. The presence of a “+” marker on pixels signifies statistically significant linear trends
(p-value < 0.05).
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3.3. Effects of Water Evaporation Changes on ET

Past research [40,49,54] have shown that variations in water evaporation can signif-
icantly influence regional water security. In this study, we focused on the relationship
between changes in water evaporation and SWA. Through linear regression analysis,
there was a strong positive correlation between total water evaporation and SWA growth
(R2 = 0.70, p < 0.05) (Figure 9a). These findings suggest a strong underlying association
between SWA expansion and increased total water evaporation, indicating that the growth
of SWA is likely a key contributing factor. To further explore how this relationship mani-
fests spatially across the region, we further analyze it in the municipal scale spatial map.
The study covered 82 prefecture-level cities of NCP (Figure 9b). The results showed that,
except for cities such as Weifang, Zibo, and Binzhou, the other 62 prefecture-level cities
showed significant correlations. This means that in most NCP-level cities, the positive
correlation between moisture evaporation and SWA is more common and obvious. From
this, we can reasonably infer that in the NCP region, the expansion of SWA significantly
increases evaporation and water loss. This phenomenon may contain complex ecological
and hydrological processes. For example, the expansion of SWA may increase the contact
area between the water and the atmosphere, resulting in more water evaporation.

Figure 9. The impact of surface water change on evaporation. (a,b) Correlation analyses between
water evaporation and SWA for the entire NCP and each prefecture-level city from 1990 to 2018. The
presence of a “+” marker on pixels signifies statistically significant linear trends (p-value < 0.05).

Furthermore, we also found that in the process of ET growth, moisture evaporation
plays an increasingly important role. After analyzing the ratio of the multi-year aver-
age evaporation to ET in 82 prefecture-level cities (Figure 10a), it was found that only
10 prefecture-level cities had a ratio less than 1%. Especially in Jiangsu and Anhui regions,
such as Xuanzhou, Liuan, Anqing, and other places, the average annual ratio has reached
22.85%, 20.37%, and 23.17% respectively, all above 19%. This fully demonstrates that in
these areas, moisture evaporation accounts for a considerable proportion of ET. To more
comprehensively understand the dynamic changes between water evaporation and ET,
we conducted in-depth research on the ratio of water evaporation to ET over the years
(Figure 10b). The results demonstrate that the portion of water evaporation relative to ET in
the NCP has generally been increasing over the years (0–0.7%/yr). Only seven prefecture-
level cities showed a slightly decreasing trend. This trend further highlights the increasing
role of evaporation changes in ET, which cannot be ignored in water resource management
and protection. Based on the above research results, the expansion of SWA promotes the
growth of evaporated water, which in turn has a significant impact on regional ET.
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Figure 10. Effects of water evaporation on ET. (a) The ratio of annual average water evaporation to ET
in various prefecture-level cities from 2000 to 2018; (b) Trends of annual water evaporation/ET ratio
in various prefecture-level cities from 2000 to 2018. The presence of a “+” marker on pixels signifies
statistically significant linear trends (p-value < 0.05).

4. Discussion
4.1. Emerging Artificial Surface Water Bodies and Their Risks to Water Security

Indeed, if the expansion of surface water bodies is due to increased precipitation, this
is undoubtedly a positive signal for NCP with severe water shortages and will increase
regional freshwater supply and alleviate groundwater overexploitation. However, satellite-
based observations of surface water dynamics in the NCP over recent decades indicate that
the rapid expansion of surface water is primarily attributed to the continuous development
of different artificial water bodies (i.e., urban lakes, reservoirs, and aquaculture ponds),
rather than an increase in natural water inflow or recharge. The water sources of these
projects generally come from groundwater extraction or water diversion projects (e.g.,
Yellow River Diversion Project), resulting in a large number of water bodies exposed to
the Earth’s surface [55–58]. The total volume of evaporation from water bodies will be
affected by a range of meteorological factors, including surface water area, temperature,
solar radiation, wind speed, and atmospheric pressure. Among them, the water surface
area is recognized as one of the most critical factors affecting water evaporation changes.
Previous studies [7,42] have pointed out that the contribution rate of the expansion of
water area to the change in total evaporation can exceed 60%. Changes in ET are one of
the most important factors affecting regional water reserves. Their changes not only reflect
the dynamic adjustment of the hydrological cycle but also profoundly affect the surplus
and deficit status of regional water reserves. Considering that ET is composed of multiple
processes, such as water surface evaporation, vegetation transpiration, soil evaporation,
and vegetation interception loss, changes in surface water evaporation will inevitably affect
the overall ET level. This study revealed that the increase in artificial water bodies has led
to the expansion of SWA, which in turn has enhanced water surface evaporation, leading
to an increase in regional ET and accelerating the loss of surface freshwater. Therefore, this
process ultimately poses a new challenge to the already tense water resources situation in
the NCP.
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4.2. Comparison with Previous Studies

The NCP has limited water resources, and previous research [59–61] has primarily con-
centrated on the temporal dynamics of groundwater and overall water storage in the region.
Utilizing data from the Gravity Recovery and Climate Experiment (GRACE), numerous
researchers have identified the NCP as one of the three global hotspots experiencing the
most severe groundwater storage depletion [62–64]. These studies attribute the long-term
depletion mainly to intensive agricultural irrigation practices over the past several decades.
Surface water has an important impact on the regional ecological environment. Although
some previous studies [65–67] have examined the temporal dynamics of surface water
bodies, there has been limited attention paid to long-term trends and their potential driving
factors. In particular, studies about exploring the implications of surface water changes for
regional water security remain limited.

In this study, we fully depicted the complete changes of surface water in the NCP from
1990 to the present. We utilized all the remote sensing records from Landsat and various
kinds of auxiliary datasets to conduct the classification and continuous monitoring of vari-
ous types of water bodies over the past three decades. Moreover, we revealed the driving
factors of SWA changes in this water-limited region. We found the continuous expansion of
surface water due to artificially constructed urban lakes, reservoirs, and aquaculture ponds.
In addition, we quantitatively assessed the influence of surface water body dynamics on
regional ET. The findings indicate that the expansion of artificial surface water bodies has
contributed to increased water loss in the NCP, primarily through enhanced evaporation
(0.16 km3/yr) and the associated rise in ET. Moreover, the datasets and methodologies
employed in this study for monitoring surface water evolution and evaluating the impacts
of SWA changes on water resources are applicable to similar research efforts in comparable
regions worldwide.

4.3. Uncertainty Analyses and Prospects

Compared with existing studies [58,68,69], although this study is innovative in reveal-
ing the complete process of surface water changes and analyzing their potential effects on
water security in the NCP, which is China’s most water scarcity region, with irreplaceable
national strategy significance, there are still uncertainties and limitations related to the
data and methodology used. First, the water body extraction method based on Landsat
satellites is limited by the spatial resolution of 30 m × 30 m, resulting in the risk of missing
small water bodies. Second, this study utilized the GLEV dataset to quantify the changes in
the annual volumes of surface water evaporation. Considering that GLEV included those
water bodies with a size over 0.1 km2 [40], there is inevitably a deviation in estimating the
total water evaporation because of the omission of the evaporation from smaller water
bodies. However, it is important to recognize that large bodies of water are often major
contributors to evaporation [46,47]. In the future, it is of great significance to estimate the
water evaporation from all the surface water bodies by using the combination of time series
surface water body maps and the calculation of the evaporation rate based on various mod-
els (e.g., Penman Equation). Finally, to obtain the annual areas of different kinds of artificial
water bodies, we applied the geographical information of these artificial water bodies from
multi-source auxiliary data to our generated year-long surface water maps, which could
also bring uncertainties to the results. In future work, we should pay more attention to
developing automatic algorithms for mapping different types of surface water bodies by
fully taking advantage of powerful artificial intelligence and cloud computing platforms.
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5. Conclusions
As China’s urbanization process continues to advance, the government’s attention

to environmental protection continues to increase, and the quantity and scale of artificial
water bodies in the NCP have shown a significant growth trend.

The NCP is the region with the most severe water scarcity, along with the largest
population, in China. A latest understanding about the evolution of water resources is
crucial for sustainable water resources management and protection. In this study, we used
the complete historical Landsat archives, an index- and threshold-based water extraction
algorithm, and the GEE cloud computing service to analyze the interannual variation of
SWA in the region from 1990 to 2023. We found that the areas of surface water bodies
continuously increased from 19,038.22 km2 to 21,852.17 km2 at a rate of 96.1 km2/yr.
Driver analyses showed that the significant expansion of SWA was the result of the large-
scale construction of different types of artificial water bodies (urban lakes: 18.05 km2/yr;
reservoirs: 26.08 km2/yr; aquaculture ponds: 57.53 km2/yr). Furthermore, we revealed
that the growth of artificial water bodies has enlarged the interface between water surfaces
and the atmosphere, thereby leading to an increase in evaporative water loss (0.16 km3/yr)
from surface water. Specifically, the increasing rate of evaporation from aquaculture ponds
reached 0.1 km3/yr, which presents the largest increase compared to other types of artificial
water bodies (reservoirs: 0.04 km3/yr; urban lakes: 0.02 km3/yr). Additionally, our
findings indicate that the proportion of water evaporation to total ET exhibited a yearly
increasing trend (0–0.7%/yr) over the past two decades, suggesting a growing significance
of water evaporation in the overall ET process. It inspired to urgently formulate reasonable
and effective water resources management policies by fully considering the impact of
evaporative water loss on the regional water budget. Such action is critical for promoting
sustainable water use and safeguarding ecological security alongside balanced social and
economic development in the NCP.
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