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Abstract: In-depth insights into the profound impacts of climate change and human activities on water resources 

are garnered through the dynamic changes in surface water, a crucial aspect of effective water resource 

management and the preservation of aquatic ecosystems. This paper introduces an innovative approach 

employing the random forest algorithm for the systematic extraction and monitoring of surface water at large 

regional or national scales. This method integrates spectral bands, spectral indices, and digital elevation model 

data, offering a novel perspective on this critical task. A data filling model is proposed to mitigate the impact of 

missing data due to cloud cover. Leveraging the capabilities of the Google Earth Engine (GEE), detailed 

information on surface water dynamics during the rainy and dry seasons in the Yangtze River Basin (YRB) 

from 1991 to 2021 is extracted using Landsat time series imagery. The analysis encompasses spatial-temporal 

variation characteristics and trends, with a specific focus on the intricate interplay between the areal extent of 

surface water and hydro-meteorological factors in each sub-basin of the YRB. Importantly, this includes 

considerations of potential groundwater contributions to surface water. Key findings from our research include: 

(1) Achieving a remarkable overall accuracy of 0.96 ± 0.03 in obtaining reliable surface water datasets with the 

support of GEE. (2) Identifying significant trends, such as a noteworthy increase in rainy season surface water 

bodies (+248.0 km2·yr−1) and a concerning decrease in surface ice/snow cover during both rainy and dry seasons, 

with change rates of −39.7 km2·yr−1 and −651.3 km2·yr−1, respectively. (3) Uncovering the driving mechanisms 

behind these changes, revealing positive correlations between the areal extent of rainy season surface water 

bodies and precipitation, as well as negative correlations between surface ice/snow cover area and average 

surface skin temperature. It is crucial to note that these driving factors exhibit variation among secondary river 

systems, underscoring the complexity of surface water dynamics. Furthermore, comparative analyses with 

existing surface water products are conducted, contributing to a deeper understanding of the advantages and 

uncertainties inherent in our proposed extraction method. The proposed method for large-scale surface water 

extraction not only enhances the monitoring of spatio-temporal surface water dynamics in the YRB but also 

provides valuable insights for the sustainable utilization and protection of water resources, considering the 

potential role of groundwater in supplementing surface water.  

Keywords: surface water dynamics; random forest classification; driving mechanism; Yangtze River 

Basin; Landsat remote sensing image; GEE 

 

1. Introduction 

Water resources is an indispensable basic condition for human survival, and an irreplaceable 

basic natural and strategic resource to maintain the function of Earth’s ecological system and support 
the development of social and economic systems [1]. With the acceleration of urbanization [2] and 

sharp increase in the world’s human population [3], the deterioration of the ecological environment, 

the serious waste of industrial and domestic water, and the irrational utilization of water resources 

have led to a reduction in available water resources, forcing the world’s water resources to become 
increasingly scarce [4]. Climate change affects global temperature and rainfall patterns, which in turn 

affect the intensity and frequency of extreme weather events and reflect an increasing instability of 
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precipitation, storms, floods, droughts, and ice/snow disasters [5]. Surface water is a general term for 

dynamic and static water on the land surface, also known as ‘land water’, which includes all kinds of 
liquid and solid water bodies (e.g., rivers, lakes, swamps and glaciers). As the main component of 

water resources in various countries, surface water is not only a key component of the hydrological 

cycle, but also an important source of water for human production and life [6]. Therefore, systematic 

monitoring of surface water is of great significance for the optimal allocation of water resources, the 

coordination of the relationship between ecological environment and economic development, and the 

achievement of sustainable development goals. 

The launch of the first Earth observation satellite (i.e., the Earth Resources Technology Satellite, 

later renamed Landsat-1) triggered a global revolution in remote sensing science and technology that 

continues until today [7]. In the ensuing decades, a variety of satellite sensors have been developed 

and used to detect and extract land surface features and monitor land use changes on Earth’s surface 
[8–12]. As a key theme of Earth observation, the surface water extent dynamics extracted from 

satellite imagery has been widely used for hydrological monitoring, surface water change detection, 

and drought and flood prediction [13–15]. Data accessibility, availability and resolution are essential 

considerations in selecting appropriate satellite imagery for monitoring surface water dynamics. The 

Landsat series of satellites for moderate-resolution optical remote sensing (30 m) has been observing 

Earth for 50 years, providing the longest continuous record of Earth’s land surfaces. In particular, the 
United States Geological Survey announced its Landsat Date Distribution policy in 2008 that made 

the entire Landsat archive freely available to the public, making it possible to monitor long-term 

surface water dynamic as well as changes in other land cover types, at regional, national and global 

scales [16–20]. 

With the development of remote sensing technology, many methods for surface water extraction 

have been proposed. The principle of extracting surface water is that the reflectance of water in near 

infrared (NIR) and shortwave infrared (SWIR) bands is clearly lower than that of other land cover 

types. On this basis, more effective water indices have been proposed to highlight surface water, such 

as normalized difference water index (NDWI) [21], modified NDWI (MNDWI) [22], and normalized 

difference snow index (NDSI) [23,24]. A simple and efficient approach for surface water extraction is 

to use these indices to set the optimal threshold value for binary classification. Several studies have 

combined different indices to distinguish water from non-water, especially the combination of 

normalized difference vegetation index (NDVI) [25] and MNDWI, which has shown its feasibility of 

extracting surface water [26]. However, the identification of threshold values might result in under- or 

over-estimation of surface water extent. In addition, the phenomenon of homospectral foreign matters 

that caused by ground objects with similar spectral reflection characteristics to surface water (e.g., 

cloud/cloud shadows) would further lead to misclassification. At present, the commonly used methods 

of extracting surface water are to generate land cover maps using different classifiers, and from which 

to extract surface water, such as spectral-based supervised classification (e.g., support vector machines 

[27]), decision tree classification based on expert knowledge, object-oriented image classification and 

deep learning image classification (e.g., convolutional neural networks [28]). 

Recently, cloud computing has enabled researchers to access and analyze massive amounts of 

remote sensing image data in the cloud without the need to download image data to a local computer. 

Powered by the Google Cloud Platform, the GEE [29] provides free access to massive amounts of 

Earth science data (e.g., satellite imagery, weather and climate data) as well as algorithms that enable 

developers to perform geospatial processing at large regional, national and global scales [30–32]. As a 

supervised learning algorithm, random forest (RF) [33] used the limited multispectral bands as inputs 

for classification in previous studies, which had not been fully exploited. With the powerful GEE 

computing platform, multidimensional feature data (e.g., spectral indices and elevation data) can be 

introduced into the RF model to further improve its predictive performance for application in long-

term monitoring of surface water dynamics at scale [20,34]. Further, the approach helps to solve the 

problem that MNDWI (NDSI) alone cannot distinguish between water and ice/snow because the 

normalized difference between the green band and the SWIR band of water is almost the same as that 

for ice/snow. This makes the approach efficient and robust in extracting surface water information. 
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As the third largest river in the world and the largest river in China, the Yangtze River secures 

the country’s water and food supply with its vast river and lake water systems, which plays an 
important role in the country’s economic and social development [35,36]. With the development of 

the Yangtze River Economic Belt and the integrated development of the Yangtze River Delta rising 

to the national strategies [37,38], the YRB has become the focus and vitality of China’s economy. 
However, lake shrinkage and the degradation of wetland ecosystem function in the middle and lower 

reaches of the Yangtze River are increasingly prominent as a result of unreasonable development and 

utilization [39]. Extreme weather events caused by climate change has also aggravated flood and 

drought disasters that seriously affect economic development and threaten residents’ lives and safety. 

River flows, lake levels and ice/snow cover show obvious seasonal changes, reflected in seasonal 

variation in surface water area. However, many studies have focused on the annual dynamics of 

single surface water bodies or ice/snow cover, with relatively few exploring surface water bodies and 

ice/snow cover simultaneously. The detailed dynamic characteristics of surface water (i.e., surface 

water bodies and ice/snow cover) in the rainy and dry seasons are ignored, despite their importance 

in guiding surface water management, flood control and drought relief, and early warning of ice/snow 

disasters. Therefore, while strengthening the protection and restoration of the aquatic ecological 

environment, it is particularly important to accurately monitor and systematically analyze the long-

term dynamics of surface water in the YRB during the rainy and dry seasons. 

Supported by the GEE, this paper looks into the following aspects related to the extraction of 

surface water, detection of surface water change, and analysis of the driving factors affecting dynamic 

changes in surface water. The specific objectives of this study are to (1) propose a method for 

accurately extracting and monitoring surface water at large regional or national scales, meanwhile, 

an approach to fill data gaps was proposed; (2) apply the proposed method to the analysis of the 

spatiotemporal characteristics and dynamics of rainy and dry season surface water in the YRB from 

1991 to 2021; and (3) explore the relationship between areal extent of surface water and hydro-

meteorological elements, human activities on surface water are also discussed. 

2. Materials and Methods 

2.1. Study Area 

As the third largest river basin in the world, the YRB consists of the vast area through which the 

mainstream and tributaries of the Yangtze River flow (90°33′E–122°25′E, 24°30′N–35°45′N). The 

Yangtze River has a total length of more than 6300 km and covers an area of 1.8 million km2, 

accounting for 18.8% of China’s total land area (Figure 1). The upper, middle and lower reaches of the 

Yangtze River are demarcated by the cities of Yichang and Hukou. The upstream tributaries include 

Yalong River, Minjiang River, Jialing River and Wujiang River. The middle and lower reaches of the 

Yangtze River run through hills and plains at lower altitudes. The main tributaries include Han River, 

Xiangjiang River, Yuanjiang River and Ganjiang River. The middle and lower reaches of the Yangtze 

River contain the most concentrated distribution of freshwater lakes in China. Four of the five largest 

freshwater bodies in China belong to the YRB, namely Poyang Lake, Dongting Lake, Taihu Lake and 

Chaohu Lake. Among them, Poyang Lake is the largest freshwater lake in China. The terrain of the 

YRB is high in the west and low in the east, presenting a three-level stepped terrain. The river flows 

through the Qinghai–Tibet Plateau, Hengduan Mountains, Yunnan–Guizhou Plateau, Sichuan Basin, 

Jiangnan hills, and plains in its middle and lower reaches, and finally flows into the East China Sea. 

Most of the basin is located in the subtropical monsoon climate zone, which is warm and humid, with 

an average annual precipitation of 1067 mm. 
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Figure 1. An overview of the entire Yangtze River Basin (YRB): (a) the location of the YRB in China; 

(b) the distribution of major rivers and lakes, and topographic map of the study area. Data source: 

Shuttle Radar Topography Mission (http://srtm.csi.cgiar.org, accessed on 15 March 2022). 

Annual precipitation and temperature in the YRB from 1981 to 2021 is shown in Figure S1, with 

an average annual precipitation of 1110.5 mm. Affected by the monsoon climate, inter-annual 

variation in precipitation is obvious. The illustration in Figure S1 shows the average monthly 

precipitation and monthly mean air temperature. Precipitation is unevenly distributed throughout the 

year: that in the rainy season (May–October) accounts for more than 70% of annual precipitation. Raw 

meteorological data were obtained from the Climate Hazards Group Infrared Precipitation with 

Station data (CHIRPS) [40] and ERA5-Land [41] datasets. The Changjiang Water Resources 

Commission (CWRC) divides the YRB into 12 water systems, namely five main river systems, three 

north bank water systems and four south bank water systems (Figure 2). 

 

Figure 2. Water system division of the YRB. From left to right: Jinsha River above Shigu (JRaS), Jinsha 

River below Shigu (JRbS), Minjiang River System (MRS), Upper Yangtze River (UYR), Jialing River 

System (JRS), Wujiang River System (WRS), Middle Yangtze River (MYR), Dongting Lake Water System 

(DLWS), Han River System (HRS), Lower Yangtze River (LYR), Poyang Lake Water System (PLWS), 

and Taihu Lake Water System (TLWS). 

2.2. Datasets 

Landsat satellites have been consistently gathering image data about the Earth’s land surface 
since 1972. To systematically analyze the dynamics of surface water in the study area during the 

period 1991–2021, Landsat series of imagery were used to map surface water. Specific data were 

Landsat 5 Thematic Mapper (TM) Collection 1 Tier 1 calibrated top-of-atmosphere (TOA) reflectance 

[42], Landsat 7 Collection 1 Tier 1 and Real-Time data calibrated TOA reflectance, and Landsat 8 

Collection 1 Tier 1 and Real-Time data calibrated TOA reflectance. Tier 1 refers to data that meet 

geometric and radiometric quality requirements. Figure 3 shows the distribution of the total number 
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of observations per pixel for the study area during the rainy season from 1991 to 2021 and the 

distribution of the total number of dry season observations is presented in Figure S2. 

 

Figure 3. Spatial distribution of total observations in the dry season for the entire YRB during the 

study periods: (a) Landsat 5 scenes from 1991 to 2011; (b) Landsat 8 scenes from 2013 to 2021. 

To improve classification accuracy, spectral indices such as NDWI, MNDWI, NDVI, normalized 

difference built-up index (NDBI) [43] and normalized difference moisture index (NDMI) [44,45] were 

calculated and added as bands to each scene of the image collections. In addition, from the 

perspective of altitude, the Shuttle Radar Topography Mission (SRTM) digital elevation dataset 

Version 4 was added to the Landsat images in the image collections to improve recognition accuracy. 

To establish highly reliable sample data, the Global Land Ice Measurements from Space (GLIMS) 

Current dataset provided by the National Snow and Ice Data Center, together with the Joint Research 

Centre (JRC) Yearly Water Classification History dataset [20] were utilized as auxiliary data to 

revalidate the samples that had been visually interpreted pixel by pixel. To analyze the impact of 

climate change and human activities on land surface water, hydro-meteorological data and relevant 

regional statistics were collected. The climate data included precipitation, temperature (including 

surface skin temperature and surface air temperature) and evaporation, which were derived from the 

CHIRPS, ERA5-Land and TerraClimate [46] datasets, respectively. In addition, hydrologic data for 

surface runoff were extracted from the Famine Early Warning Systems Network (FEWS NET) Land Data 

Assimilation System (FLDAS) [47] dataset. All these data were available in the Earth Engine Data 

Catalog and could be imported into a personal script environment for geospatial analysis. It should be 

noted that meteorological and hydrological datasets are mostly monthly, daily or hourly data, which 

may require unit conversion or conversion to data within the time range required for the study, 

according to the data description. 
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2.3. Methodology 

2.3.1. Technical Process 

The overall technical process was comprised of five steps, as illustrated in Figure 4. 

 

Figure 4. Flowchart of rainy and dry season surface water mapping and driving mechanism analysis. 

Surface water mapping involved data processing, deployment of sample datasets, random forest 

classification and data gap-filling. 

• The required image collections were obtained by limiting the date range and the study area 
boundary. Cloud masking was then applied to each scene of the image collections. Spectral indices 
and elevation data were added as bands to each image in the image collections. The cloud-free 
composite images in the rainy and dry seasons were obtained by applying a mean reducer to the 
integrated image collections. 

• To improve the efficiency and accuracy of surface water extraction, NDVI and MNDWI masks 
were used to remove obvious vegetation and non-water pixels. 

• With MNDWI single-band grayscale images as references, sample points were first selected by 
visual interpretation. By comparison with the GLIMS Current dataset and JRC Monthly Water 
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History, Version 1.3 dataset, the samples were revalidated and determined according to the 
principles of “complete consistency” and “temporal stability” of land type attributes [48]. 

• To further extract surface water, the RF model was applied for classification. Meanwhile, an 
approach was proposed to fill data gaps that existed in single-year rainy and dry season 
composite images. The rainy and dry season composite images from 1991 to 2021 were classified 
year by year to monitor the spatial and temporal changes in surface water extent in the YRB. 

• Based on the hydro-meteorological factors, multiple stepwise regression modelling was applied 
to quantitatively analyze the impact of climate change on surface water dynamics. Factors that 
might affect the distribution of surface water due to human activities (e.g., inter-basin water 
diversion project and artificial control of surface water distribution using water conservancy 
facilities) were qualitatively discussed. 

2.3.2. Data Processing 

Affected by the uneven distribution of precipitation within a year, the surface water in the YRB 

presents obvious seasonal differences. To obtain abundant surface water information, based on the 

Landsat 5/7/8 Collection 1 Tier 1 TOA Reflectance products, Landsat time series datasets for the rainy 

and dry seasons (from November to April of the following year) of the YRB, rather than the whole 

year, were generated by limiting the dates and study area. Here, Landsat 5 and Landsat 8 image data 

were mainly selected, and Landsat 7 image data were only used when the data were alternated to 

minimize the impact of data gaps since 2003, caused by a scan line corrector (SLC) failure. Cloud 

masking was then applied to each individual image of the obtained image collections by using the 

built-in cloud scoring algorithm “simpleCloudScore”, and pixels with cloud score higher than 90 
were masked out. Spectral indices (NDWI, MNDWI, NDVI, NDBI and NDMI) were calculated for 

each scene in the image collections, and these indices together with the digital elevation model (DEM) 

data were added as bands to the images in the image collections. Rainy and dry season cloud-free 

composite images for the YRB from 1991 to 2021 were obtained by applying a mean reducer to the 

integrated image collections. The spectral indices involved are defined as follows: 

 
 

NDWI ,Green NIR

Green NIR

 (1) 

 
 

1

1

MNDWI ,Green SWIR

Green SWIR

 (2) 

 
 

Re

Re

NDVI ,NIR d

NIR d

 (3) 

 
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1

1

NDBI ,SWIR NIR

SWIR NIR

 (4) 

 
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1

1

NDMI ,NIR SWIR

NIR SWIR

 (5) 

where 
Green

, 
NIR

, 
1SWIR

, and 
Re d

 represent the reflectance values of the green band, near-

infrared band, shortwave infrared band 1, and red band in Landsat images, respectively. 

2.3.3. An Approach to Filling Data Gaps 

Landsat 5/7/8 visits the same spot on Earth every 16 days, which means approximately 12 images 

containing this spot are taken over a six-month period (and more where the scenes overlap). 

However, given the conditions that can affect satellite imaging, such as “plum rain”, prolonged cloud 
cover in high-altitude mountainous areas, unexpected bad weather and sensor problems, these 

circumstances would affected the image acquisition, resulting in poor image quality, as presented in 

Figure 3 and Figure S2. Moreover, according to the World Reference System-2 (WRS-2), more than 100 
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Landsat scenes are required to cover the entire YRB, presenting additional complications. The World 

Reference System is a global system that catalogues Landsat data by Path and Row number, and 

Landsat 5, 7 and 8 follow WRS-2. Therefore, it is not surprising to see data gaps in the composite images 

during the rainy and dry seasons after executing the data processing procedure in Section 2.3.2. To 

deal with these data gaps, an approach was proposed that involved constructing three-year period of 

image datasets. The specific steps were as follows: 

1. Since a single year’s rainy/dry season cloud-free composite images existed data gaps, we 
extended the data by constructing three-year period of image datasets (the previous year, the focal 
year, and the following year) during the rainy/dry seasons. The three-year period of cloud-free 
rainy/dry season composite images without data gaps were then obtained by executing the data 
processing procedure in Section 2.3.2; 

2. The RF algorithm was applied to the obtained composite images (including the three-year period 
of rainy/dry season composite images and the rainy/dry season composite images of any year 
within the three-year period) for classification to extract surface water. The data gaps existed in 
single year’s rainy/dry season composite images were filled using the extracted three-year 
period of rainy/dry season surface water, thus obtaining the single year’s rainy/dry season 
surface water without data gaps. 

2.3.4. Removing Obvious Non-Water Pixels with NDVI and MNDWI Masks 

Surface water has lower NDVI and higher MNDWI values than other land cover types. To 

improve the efficiency and accuracy of surface water extraction, NDVI and MNDWI masks were used 

to remove pixels with high NDVI values or low MNDWI values. Thresholds were identified through 

repeated comparison experiments. For rainy season composite images, the threshold value for NDVI 

was set to 0.3, and that for MNDWI was set to −0.25. Pixels with NDVI values greater than or equal 
to 0.3 and MNDWI values less than −0.25 were masked out using the “updateMask()” function. 
Similarly, for the dry season composite images, the threshold value was set to 0.25 for NDVI and −0.2 
for MNDWI. The threshold range could be adjusted appropriately according to the spectral 

characteristics of the composite images. This procedure not only removed obvious vegetation and 

non-water pixels, but also saved time and reduced labor costs for the subsequent construction of 

training sample datasets and extraction of surface water. 

2.3.5. Deployment of Sample Datasets 

The construction of sample datasets was based on the three-year of rainy/dry season composite 

images obtained after executing step 2. In view of the fact that many of the existing land cover products 

are annual classification results, and there are obvious temporal differences from our research data, it is 

not appropriate to obtain samples from existing annual land cover products or land cover products 

with lower resolution. Besides, selecting samples from annual land cover products might lead to 

sample bias because of the lack of samples of seasonal land cover change. In this study, sample points 

were selected through manual visual interpretation with MNDWI single-band grayscale images as 

references. To facilitate the deployment of sample points, the image data obtained in Section 2.3.4 

were exported to Google Cloud Storage and then were downloaded to a local computer. The whole 

process of deployment of samples was conducted in ArcGIS 10.6 and QGIS 3.10. Here, the GLIMS 

Current dataset and JRC Monthly Water History Version 1.3 dataset were used as validation data, the 

sample points were revalidated and determined. The land cover types in the study area were divided 

into three categories: (1) water bodies, including rivers, lakes, reservoirs, ponds and wetlands; (2) 

ice/snow; and (3) non-water, which was mainly cropland, woodland, grassland, built-up land and bare 

land. Sample datasets in the rainy and dry seasons were deployed separately within every three-year 

period from 1991 to 2021, which were consistent with the constructed three-year period of rainy and 

dry season composite images. A total of 22 sample datasets were deployed, each containing nearly 

5000 samples. To effectively distinguish between surface water and other surface features, false color 

composites of TM bands 4 (NIR), 5 (SWIR1) and 3 (red) for Landsat 4/5, and Operational Land Imager 

(OLI) bands 5 (NIR), 6 (SWIR1) and 4 (red) for Landsat 8 were generated. This band combination 
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showed land in shades of orange and green; ice/snow in very bright rose reds; and water bodies in 

shades of blue. Figure 5 shows the deployment of sample points in the YRB during the rainy seasons 

from 2003 to 2005, according to the three-year of rainy season composite image from 2003 to 2005. This 

constructed sample dataset could be used for classification of the rainy season composite images in any 

year from 2003 to 2005. 

 

Figure 5. Deployment of sample points in the YRB during the rainy season from 2003 to 2005. 

2.3.6. Random Forest Classification and Accuracy Assessment 

Random forest (RF) algorithm, as a bagging-based ensemble learning method, randomly generates 

multiple sample subsets through bootstrap resampling of the training samples; trains a decision tree 

on each sample subset; and finally determines the prediction result by voting according to multiple 

decision tree classifiers [33]. In the RF model, each decision tree is trained separately and is not related 

to each other. On the basis of bagging ensemble built with decision tree as base learner, the RF further 

introduces random attribute selection in the training process of decision tree. Assuming that the 

number of training sample features is N, for the sample features of each decision tree, K are randomly 

selected from among the N features, and the best one is selected from the K input features for splitting. 

The RF algorithm has excellent accuracy, can run effectively on large datasets, and can handle input 

samples with high-dimensional features [49,50]. 

In this study, RF classifiers with different numbers of decision trees were trialed and the number 

of decision trees was set to 100, according to the overall accuracy and kappa coefficient. As suggested 

in previous works, the preferred number of variables per split was the square root of the number of 

variables [51,52]. The variables input into the RF model were the spectral bands (bands B1–B5 and B7 

for Landsat 5/7, and B2–B6 and B8 for Landsat 8), spectral indices and elevation data. Hence, the number 

of variables per split was set to four. The training set was used to train the RF classifier and the testing 

set was used to evaluate the model’s performance. The three-year of rainy and dry season composite 

images, together with the rainy and dry season composite images in any year within the three-year 

period were classified by applying the RF algorithm. The data gaps existed in the single-year rainy and 

dry season composite images were filled with the three-year of rainy and dry season surface water 

resources by executing the procedure in Section 2.3.3. 

For each constructed training sample dataset, 70% of sample points were split into the training 

set, the RF algorithm was applied to classify the corresponding composite image, a land cover map 

was generated, and the area of different land cover types was calculated in ArcGIS 10.6. Following 

this, the rainy and dry season areal extents of surface water in the YRB from 1991 to 2021 were 

obtained. The remaining 30% of sample points were split into the test set to enable assessment of the 

performance of the classification results. Accuracy assessment was conducted by constructing a 

confusion matrix using the built-in algorithm “errorMatrix”. Evaluation indices including overall 
accuracy, kappa coefficient, user’s accuracy (UA) and producer’s accuracy (PA) were derived from the 
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confusion matrix. In addition, a comparative experiment with different types of classifier was 

performed, as shown in Supplementary Table S1. 

After completing the above steps, the rainy and dry season surface water information in the YRB 

during the period 1991–2021 could be obtained. On this basis, seasonal surface water bodies and 

ice/snow cover were obtained by calculating the symmetrical difference between the rainy and dry 

season surface water in the same year, while permanent surface water bodies and ice/snow cover were 

derived by intersecting the rainy season surface water with the dry season surface water for the same 

year. 

2.3.7. Multiple Linear Stepwise Regression Analysis 

The basic idea of stepwise regression is to find a set of explanatory variables that have a 

significant influence on the dependent variable through a series of tests (such as F and t tests). This is 

an iterative process, in which variable removal or addition operation is performed repeatedly until the 

optimal regression model is determined. Here we conducted multiple stepwise regression analysis 

to explore the key factors driving the changes in surface water, with the areal extent of surface water as 

the dependent variable, and climatic and hydrological factors as independent variables. The multiple 

regression model is as follows: 

   = + + + +
0 1 1 2 2 k k

Y X X X  (6) 

where   
1 2
, ,

k
 represent regression coefficients, and 

0
 is a constant. 

Here, surface water included both surface water bodies and surface ice/snow cover. In the 

multiple linear regression analysis, with meteorological and hydrological elements as independent 

variables, the areal extents of both rainy/dry season surface water bodies and rainy/dry season surface 

ice/snow cover were respectively used as dependent variables to conduct multiple stepwise regression 

analysis, and the corresponding regression model, together with the significance level and R2 value was 

obtained. The multiple linear stepwise regression analysis was conducted with the support of IBM 

SPSS Statistics 24 (IBM Corp., Armonk, NY, USA). 

3. Results 

3.1. Accuracy Assessment 

Supported by the GEE, each of the rainy and dry season composite images in the YRB from 1991 

to 2021 were classified using the RF classification algorithm and the corresponding confusion matrix 

were conducted. The overall accuracy of the land cover maps was 0.96 ± 0.03, and the kappa 

coefficient was 0.94 ± 0.05 (Table S1). Water bodies, ice/snow and non-water all showed high 

classification accuracy (Table 1). Accuracy was particularly high for non-water, with UA exceeding 0.96 

and PA exceeding 0.95. The classification results for the rainy season generally exhibited higher 

accuracy than those for the dry season, possibly due to the frost and haze in the dry season affecting 

the quality of composite images. 

In this work, each composite image corresponded to a training sample dataset obtained pixel by 

pixel through visual interpretation, rather than using a single training dataset for all composite 

images. In addition, the divided land cover types (water bodies, ice/snow cover and non-water) in 

the study were less affected by the spectral heterogeneity of surface reflectance than further 

classification for non-water. The use of NDVI and MNDWI masks to remove obvious non-water 

pixels and the introduction of spectral indices and DEM into the RF model helped to improve 

accuracy. All these have led to the high classification accuracy (Table S1 & Table 1). 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 January 2024                   doi:10.20944/preprints202401.1569.v1

https://doi.org/10.20944/preprints202401.1569.v1


 11 

 

Table 1. User’s accuracy (UA) and producer’s accuracy (PA) of different land use/cover types. 

Land Use/Cover Type 
Classification Accuracy 

UA PA 

Water bodies 0.96 ± 0.03 0.95 ± 0.04 

Ice/snow cover 0.95 ± 0.04 0.96 ± 0.04 

Non-water 0.98 ± 0.02 0.97 ± 0.02 

3.2. Spatial Distribution and Dynamic Changes of Surface Water Resources 

The distribution of surface water bodies and surface ice/snow cover in the rainy and dry seasons 

in 2018 are shown in Figure 6a and Figure 6b, respectively. Surface water bodies were mainly 

distributed in the plains of the middle and lower reaches of the Yangtze River, where the Middle–
Lower Yangtze Plain was crisscrossed by river branches and dotted with lakes. This is the most 

densely distributed area of lakes in China, containing four of China’s five major freshwater lakes, 
namely Poyang Lake, Dongting Lake, Taihu Lake and Chaohu Lake. The surface water bodies in the 

upper Yangtze River region mainly covered the main stream and its tributaries, some large reservoirs 

and lakes (e.g., Dianchi Lake in Yunnan–Guizhou Plateau) and lake groups in the source area of the 

Yangtze River. Surface ice/snow cover was mainly distributed in the Qinghai–Tibet Plateau and 

Hengduan Mountains. Ice/snow cover in the rainy season could be regarded as permanent ice/snow, 

which was concentrated in the high-altitude (average altitude >5000 m) mountainous areas of the 

Qinghai–Tibet Plateau and Hengduan Mountains (Figure 6a). Specifically, the Geladandong Snow 

Mountain Group in the Tanggula Mountains of the Qinghai–Tibet Plateau, the Chola Mountains in 

the northern section of the Shaluli Mountains, the snow-capped mountains of the Shaluli Mountains 

on the southeastern edge of the Tibetan Plateau, and the Gongga Mountain in west-central Sichuan 

Province. 

From the perspective of dynamic distribution, the changes in surface water bodies from the rainy 

to the dry season during the year were manifested as a decrease in river flow, some rivers 

experiencing flow interruption, and a reduction in the area of lakes, wetlands and reservoirs (Figure 

6c). The shrinking area of lakes was relatively concentrated in the lakes at the source of the Yangtze 

River, Danjiangkou Reservoir, coastal lakes in the middle and lower reaches of the Yangtze River, 

Dongting Lake, Poyang Lake and the Shuiyang River Basin. In addition to the sharp reduction in 

surface water sources, the freezing and snow-covered rivers and lakes in the Qinghai–Tibet Plateau 

have also led to the reduction of surface water bodies. In contrast, areas of increased surface ice/snow 

cover mainly included seasonal snowfall and frozen snow cover on plateau rivers nad lakes, and were 

mainly distributed in plateau lakes and mountainous areas of the Qinghai–Tibet Plateau and 

Hengduan Mountains. 
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Figure 6. Spatial distribution of surface water resources in the YRB in 2018 (a) during the rainy season 

and (b) during the dry season. (c) Dynamic change of surface water resources in the YRB from the 

rainy to the dry season in 2018. 

Surface water bodies and ice/snow cover in the YRB during the rainy and dry seasons from 1991 

to 2021 were obtained before and after the implementation of the data gap-filling procedure outlined 

in Section 2.3.3, as shown in Figure 7a,b, and the subsequent data analysis was based on the dataset 

with gaps filled. In the process of data gap filling, we found that the areas with data gaps were mainly 

located in the middle and upper reaches of the YRB, and mainly concentrated in the junction areas of 

the first and second terraces; namely, the areas between Sichuan Basin and Western Sichuan Plateau, 

and between Yunnan–Guizhou Plateau and Hengduan Mountains. The amount of data filling 

reflected the degree of missing data to some extent. From the perspective of inter-annual variation, 
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surface water resources were in great dynamic changes. During the period 1991–2021, the minimum 

and maximum areal extents of the rainy season surface water bodies in the YRB were 30,176.1 km2 in 

1994 and 42,013.9 km2 in 2016, respectively. The maximum and minimum values of the dry season 

surface ice/snow coverage were 37,804.3 km2 in 1997 and 9405.6 km2 in 2014, respectively. The peak 

years (e.g., 1993, 1999, 2003, 2007, 2010, 2014, 2016, and 2020) and valley years (e.g., 1994, 2001 and 

2011) of surface water body area (SWBA) for the YRB in the rainy season were consistent with the 

flood and drought years in the Yangtze River Yearbook. The dry season peak years (e.g., 1993, 1999, 

2009, and 2018) and valley years (e.g., 1995, 1998, 2001, 2010, and 2013) for SWBA in the YRB could 

also be traced in the Yangtze River Yearbook. In addition, the YRB also experienced severe pluvial floods 

in 1998 and 2017. Previous studies and statistical data showed that snow cover in winter and spring on 

the Qinghai–Tibet Plateau was positively correlated with the subsequent summer rainfall in the middle 

and lower reaches of the Yangtze River [53,54]. Compared Figure 7a with Figure 7b, in addition to 

climate anomalies (e.g., the western pacific subtropical high, and the 1997 El Nino event), the unusually 

large areal extent of the dry season surface ice/snow cover in 1997 was also considered to have 

contributed to the subsequent rainy season flood in 1998. The surface water bodies generally displayed 

an increasing trend in the rainy season (+248.0 km2·yr−1),and the surface water body changes in the 

dry season were relatively stable (+11.6 km2·yr−1). The surface ice/snow cover showed a decreasing 

trend in both rainy and dry seasons, with decreasing rates of 39.7 km2·yr−1 and 651.3 km2·yr−1, 

respectively. 

 

Figure 7. Surface water dynamics in the YRB during the rainy and dry seasons from 1991 to 2021. (a) 

Dynamics of surface water bodies. (b) Dynamics of surface ice/snow cover. 

Figure 8a shows the spatial changes of surface water in the entire YRB during the rainy season 

from 1991 to 2021. As shown in Figure 8b, in addition to the shrinkage of Zhuonai Lake (it expanded 

rapidly in the early stage and caused a large-scale retreat of of the lake shoreline after its collapse in 

September 2011), the overall SWBA in the source region of the Yangtze River (SRYR) has increased 

significantly, manifested by an increase in river width and expansion of lake area. Among them, the 

areas of Kusai Lake, Haiding Nuo’er and Yan Lake have expanded significantly, especially the Yan 

Lake. The overall surface ice/snow coverage area has decreased, with significant glacier retreat in the 

Daxue Mountains and Shaluli Mountains, as shown in Figure 8c. In the upper and middle reaches of 

the Yangtze River, due to the construction and operation of a series of water conservancy projects in 

the main stream and tributaries of the Yangtze River, the controlled storage of reservoirs and dams 

has increased the surface water area to a certain extent, such as the Hanyuan Lake (an artificial lake 

formed by the construction of Pubugou Hydropower Station on the Dadu River in 2009) and Daqiao 

Reservoir (first impounded in 1999) in Figure 8c, and the Three Gorges Dam (first impounded in 2003), 

Shuibuya Dam (first impounded in 2006) and Jiangya Reservoir (first impounded in 1998) in Figure 8d. 

In addition, the Danjiangkou Reservoir area in 2021 has increased significantly compared with that in 1991 

(mainly due to the increase in dam height of Danjiangkou Reservoir in 2013). It can be seen from Figure 

8d,e that the lakes along the middle and lower reaches of the Yangtze River have experienced varying 
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degrees of SWBA reduction, among which the waters near Chaohu Lake (the former Baihu Lake has 

now been completely reclaimed ), the western waters of Shijiu Lake, and the southeast waters of Taihu 

Lake are more obvious, and most of the surface water bodies in these areas have disappeared due to the 

relamation of lakes for farmland. The increase in construction land and the development of riverbanks 

have also led to the reduction of SWBA in the middle and lower reaches of the Yangtze River.  

 

Figure 8. The spatial changes of surface water in the entire YRB during the rainy season from 1991 to 

2021. (a) Spatial dynamic distribution of the rainy season surface water in the YRB from 1991 to 2021. 

(b), (c), and (d) Partial enlargement of the selected area in Figure 8a. 

Due to the comprehensive influence of climate, water vapor source, terrain and other factors, 

hydrological elements are unevenly distributed in the YRB, which has caused frequent floods and 

droughts in the basin over a long period. To explore the specific dynamic changes of surface water 

bodies in the YRB, the 12 water systems defined by the CWRC shown in Figure 2 were taken as the 

research objects and the dynamic changes of surface water bodies in the rainy and dry season in their 

respective basins from 1991 to 2021 were shown in Figure 9a and Figure 9b, respectively. The rainy 

season average SWBA of TLWS (11.7%), LYR (18.0%), MYR (15.3%), DLWS (14.9%), PLWS (15.9%), 

and HRS (6.3%) in the middle and lower Yangtze River region accounted for 82.2% of the total SWBA 
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in the entire YRB. Inter-annual changes in SWBA in the DLWS, PLWS, MYR and LYR fluctuated 

greatly, indicating their vulnerability to floods and droughts. Rainy season fluctuation in surface 

water bodies was also marked in the TLWS, HRS, JRaS,MRS and JRS. In comparison, the variations 

in SWBA for the UYR, JRbS and WRS were relatively stable. The SWBA in the JRaS, JRbS, MRS, JRS, 

and HRS showed an increasing trend, which might be due to the melting of glaciers on the Qinghai-

Tibet Plateau and Hengduan Mountains, as well as the construction of water storage projects in the 

middle and upper Yangtze River region. The peak and valley values for SWBA in each sub-basin also 

reflected regional historical hydrological events. The average SWBA for the TLWS (15.4%), LYR 

(21.0%), MYR (17.1%), DLWS (12.8%), PLWS (13.1%) and HRS (6.6%) in the dry season accounted 

for 86% of the total SWBA of the YRB. The maximum value years of dry season SWBA for LYR, MYR, 

TLWS and HRS were relatively concentrated in 1999 and 2009. Although the source of surface water 

bodies in the dry season was greatly reduced, the dynamics of surface water bodies still reflected water 

abundance and scarcity to a certain extent.  

 

Figure 9. Dynamics of surface water body in 12 water systems in the YRB during the rainy and dry 

seasons. (a) Dynamics of the rainy season surface water bodies from 1991 to 2021. (b) Dynamics of the 

dry season surface water bodies from 1991 to 2020. 

In addition to obtaining information on the spatial location, areal extent, lake shape, and river 

width of surface water, elevation data of surface water and ice/snow coverage could also be obtained. 

Figure 10 shows the spatial distribution of seasonal and permanent surface water bodies and 

ice/snow cover in the YRB in 2020. From the statistical distribution of longitude and latitude in Figure 

10b,c,h, surface water bodies are mainly distributed in low-altitude areas below 100 m, with longitudes 

ranging from 111°E to 121°E and latitudes ranging from 25.7°N to 33.4°N. Four peaks in longitude are 

corresponded to Dongting Lake, Poyang Lake, Chaohu Lake and Taihu Lake, among which surface 

water bodies in the Dongting Lake and Poyang Lake basins change dramatically during the year and 

change little in the Taihu Lake basin (Figure 10d–g). Surface ice/snow cover is mainly distributed in 

high-altitude areas above 3000 m, with longitudes ranging from 90.6°E to 104.6°E and latitudes ranging 

from 28.6°N to 35.7°N. The variation of surface ice/snow cover mainly occurs at an altitude of 4000–
5000 m, accounting for 85% of the total seasonal surface ice/snow cover. Permanent surface ice/snow 

cover is distributed at an altitude of over 5000 m, and the two peaks in longitude correspond to the 

Geladandong Snow Mountain and Gongga Snow Mountain, respectively (Figure 6c). 
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Figure 10. Maps of the distributions of seasonal and permanent surface water in the YRB in 2020. (a) 

Overall spatial distribution of seasonal and permanent surface water bodies and ice/snow cover in 

the YRB. Statistical distribution of surface water bodies and ice/snow cover in the YRB by (b) longitude 

and (c) latitude. Locally amplified spatial distribution of seasonal and permanent surface water bodies 

in the (d) Dongting Lake, (e) Poyang Lake, (f) Chaohu Lake and (g) Taihu Lake. (h) Statistical 

distribution of elevation data information on surface water bodies and ice/snow cover. 

The temporal changes of seasonal and permanent surface water in the sub-basins of the YRB 

from 1991 to 2020 are presented in Figure S3. Inter-annual changes in seasonal SWBA in the PLWS, 

DLWS, MYR and LYR fluctuated greatly (Figure S3a). The maximum values for seasonal SWBA in 

the PLWS, DLWS, LYR, MYR and HRS were mainly observed in 1998, 2010 and 2016, with the 

maximal areas of surface water bodies occurring in the rainy season and the minimal areas of surface 

water bodies occurring in the dry season. In Figure S3b, the variation in permanent surface water bodies 

in the PLWS, DLWS and MYR fluctuated significantly before 2003, and became less severe after 2003, 

which might be related to the regulation of surface water by the Three Gorges Dam [55]. Except for 

extreme values in 1996 and 2009, the permanent surface water bodies in the HRS changed gently, and 

exhibited a steady upward trend after 2012. Permanent surface water bodies in the JRaS fluctuated 

greatly, while those in the JRbS changed gradually and generally presented an increasing trend. 

Among all the water systems in the YRB, the smallest difference between the average rainy season 

surface water bodies (4216.1 km2) and average permanent surface water bodies (3774.8 km2) was for 

the TLWS. Both seasonal and permanent surface water bodies in the YRB showed an increasing trend, 

with growth rates of 179.5 km2·yr−1 and 80.8 km2·yr−1, respectively (Figure 11a). The surface ice/snow 

cover was distributed in JRaS, JRbS, MRS and JRS, and was mainly concentrated in JRaS, JRbS, and 

MRS, as shown in Figure 11b and Figure 11c. Both seasonal and permanent ice/snow cover showed 

a decreasing trend, with change rates of −603.5 km2·yr−1 and −35.2 km2·yr−1, respectively.  
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Figure 11. Dynamic change trends of (a) seasonal and permanent surface water bodies, (b) seasonal 

and (c) permanent surface ice/snow cover in the YRB from 1991 to 2020. Notes: Permanent surface 

water bodies here refer to surface water that persists from May of one year to April of the next. 

3.3. Mechanisms of Surface Water Resource Change 

According to the dynamic changes of surface water extracted in the past 30 years, surface water 

bodies generally present an upward trend, with frequent alternation of “abundant and dry” years 
and extreme situations of continuous drought and flood, which has extremely adverse effects on the 

development of the Yangtze River Economic Belt and people’s lives. To understand the mechanism 
of surface water change, multiple linear stepwise regression analysis was applied to analyze the 

impact of climate change on surface water. Meteorological and hydrological factors used as 

independent variables were total precipitation in the rainy/dry season (X1), average air temperature in 

the rainy/dry season (X2), average surface skin temperature in the rainy/dry season (X3), total 

evaporation in the rainy/dry season (X4) and total surface storm runoff in the rainy/dry season (X5). 

The spatial distribution of meteorological data and its statistics of the 12 water systems in the YRB 

during the rainy season are presented in Figure S4–S7 and Table S3–S6, respectively. The areal extents 

of surface water were used as the dependent variables, namely SWBA in the rainy/dry season (Y1) 

and surface ice/snow cover area in the rainy/dry season (Y2). Among them, surface water bodies in the 

rainy season and surface ice/snow cover in the dry season were the main research objects. In this 

paper, multiple linear stepwise regression analysis was carried out separately for each of the 12 river 

systems in the YRB. The statistical models describing the relationship between the surface water area 

and hydro-meteorological elements, together with the associated significance level and R2 are 

presented in Table 2. It should be noted that due to the potential multicollinearity, average air 

temperature and average surface skin temperature cannot be used as variables simultaneously to 

construct regression models. 

Table 2. Relationships between surface water and hydro-meteorological elements. 

Water 

System 

Surface Water Bodies in the Rainy 

Season 
Surface Ice/Snow in the Dry Season 

YR 
Y1YR= 7061.97 + 34.28 × X1YR 

(R2 = 0.58, р < 0.05) 
— 

JRaS 

(1) Y1JRaS = −568.44 + 8.2 × X4JRaS 

(R2 = 0.45, р < 0.001) 

(2) Y1JRaS = −942.08 + 7.33 × X4JRaS + 139.55 

× X3JRaS 

(R2 = 0.51, р < 0.05) 

Y2JRaS = −7885.14 − 1267.77 × X3JRaS 

(R2 = 0.42, р < 0.05) 

JRbS 
Y1JRbS = −2825.53 + 307.27 × X3JRbS 

(R2 = 0.33, р < 0.05) 

Y2JRbS = 6458.02 − 1565.74 × X3JRbS 

(R2 = 0.19, р < 0.05) 

MRS 
Y1MRS = 338.03 + 2.51 × X5MRS 

 (R2 = 0.32, р < 0.001) 

Y2MRS = 3918.48 − 1155.34 × X3MRS 

(R2 = 0.26, р < 0.05) 
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JRS 

Y1JRS = −2724.16 + 1.09 × X1JRS + 153.68 × 

X2JRS 

(R2 = 0.44, р < 0.05) 

— 

UYR 

(1) Y1UYR = 675.79 + 2.86 × X5UYR 

(R2 = 0.43, р < 0.001) 

(2) Y1UYR = −1993.45 + 125.6 × X2UYR + 2.73 

× X5UYR 

(R2 = 0.55, р < 0.05) 

— 

WRS 

(1) Y1WRS = 126.52 + 1.56 × X5WRS 

(R2 = 0.31, р < 0.05) 
(2) Y1WRS = −2218.12 + 119.53 × 

X2WRS + 1.52 × X5WRS 

(R2 = 0.51, р < 0.05) 

— 

HRS 
Y1HRS = 1646.38 + 8.5 × X5HRS 

(R2 = 0.28, р < 0.05) 
— 

MYR 
Y1MYR = 4644.16 + 5.05 × X5MYR 

 (R2 = 0.28, р < 0.001) 
— 

DLWS 
Y1DLWS = 2867.73 + 2.51 × X1DLWS 

 (R2 = 0.32, р < 0.001) 
— 

LYR 
Y1LYR = 4124.35 + 2.42 × X1LYR 

 (R2 = 0.46, р < 0.001) 
— 

PLWS 
Y1PLWS = 2888.83 + 2.52 × X1PLWS 

 (R2 = 0.49, р < 0.001) 

Y1PLWS = 2787.17 + 3.59 × X5PLWS 

(R2 = 0.33, р < 0.001) 

TLWS — — 

Overall, the changes in surface water bodies in the YRB during the rainy season were mainly 

related to precipitation, and the driving factors of surface water body change varied among different 

water systems. Two regression models were used to describe the relationship between SWBA and 

meteorological elements during the rainy season in the JRaS. Comparing model 1 with model 2, the areal 

extent of rainy season surface water bodies in the JRaS were positively correlated with the total 

evaporation in the rainy season. In fact, the total evaporation in the JRaS was the result of a 

combination of meteorological factors (e.g., light, air temperature, wind speed and humidity), and 

ultimately showed a significant positive correlation with the rainy season SWBA in that water system. 

In addition, the SWBA in the JRaS during the rainy season was positively correlated with the average 

surface skin temperature in the rainy season, while the dry season surface ice/snow cover in the JRaS 

was negatively correlated with the dry season average surface skin temperature. Surface skin 

temperature had more influence on variation in the surface water bodies in the JRbS than in the JRaS. 

Surface water bodies in the JRS showed a positive relationship with both total precipitation and average 

air temperature during the rainy season, indicating that in addition to precipitation, temperature also 

contributed to changes in surface water bodies in the JRS. A possible explanation for this is that the 

increase in average air temperature in the rainy season accelerated the melting of ice/snow in the upper 

reaches of the Jialing River, resulting in an increase in the SWBA of the JRS. 

Two regression models were used to describe the relationship between SWBA in the UYR during 

the rainy season and meteorological elements. Comparing model 1 and model 2, when storm surface 

runoff was used as the only independent variable in the regression analysis, the R2 value was 0.43; 

this increased to 0.55 after average air temperature was added to model 1. These results indicated 

that storm surface runoff could explain 43% of the change in SWBA in the UYR and average air 

temperature could explain 12% of this change. Similarly, regression models for the variation in SWBA 

in the WRS during the rainy season indicated that 51% of this variation could be explained by storm 

surface runoff (31%) and average air temperature (20%). The rainy season SWBAs for the MRS, UYR, 

HRS and MYR were positively correlated with total surface storm runoff; the upper reaches of MRS 

and HRS were extremely vulnerable to geological hazards caused by storm-water runoff such as 

mountain torrents and debris flows [56,57]. The regression model for the change of surface water 
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bodies in the HRS in the rainy season had a relatively low R2 value, which might be due to the fact the 

middle route of the South-to-North Water Diversion Project transferred water from Danjiangkou 

Reservoir in the middle and upper reaches of the Han River. The low R2 value of the regression model 

for the surface water bodies in the MYR during the rainy season might be due to its complex water 

regime. For example, the main stream of the Yangtze River is naturally connected to the Dongting 

Lake, which plays a role in conserving water sources and regulating the water level of the Yangtze 

River. When the water level in the main stream was lower than that in the Dongting Lake, the lake 

water flowed into the Yangtze River, which increased the water volume. When flooding occurred in 

the main stream of the middle reaches of the Yangtze River, water poured back into Dongting Lake 

to reduce the flood peak. 

The rainy season SWBAs in the DLWS, LYR and PLWS were positively correlated with total 

rainy season precipitation in their respective drainage basins. The regression model describing the 

relationship between the rainy season SWBA and its corresponding climate factors in the TLWS failed 

to pass the significance test. This is closely related to the government regulation of surface water bodies 

in the TLWS, which is the key area to implement the national strategy for the integrated development 

of the Yangtze River Delta. Specifically, floods caused by continuous rainfall in the rainy season were 

discharged into the Yangtze River in the north, Huangpu River in the east and Hangzhou Bay in the 

south. In case of drought in the rainy season, surface water from the Yangtze River could be 

introduced into the TLWS to meet the water demand for living, production and ecology. 

The change in surface ice/snow cover in the JRaS, JRbS and MRS during the dry season was 

negatively correlated with the average surface skin temperature, especially in the JRaS. In addition, 

factors driving the changes in surface water bodies might differ between seasons; for example, these 

factors differed between the rainy and dry season in the PLWS. 

In general, the regression analysis results indicated that the changes of surface water in the YRB 

and its 12 water systems were not only affected by meteorological and hydrological factors, but also 

by human activities that influenced the distribution of water resources. 

4. Discussion 

4.1. Extraction of Surface Water Resources throughout the Yangtze River Basin 

Based on the GEE platform, multi-date composite change detection was performed by utilizing 

dense time stacks of Landsat imagery. Unlike previous studies of annual surface water changes [50], 

here we extracted surface water (i.e., surface water and ice/snow cover) in the rainy and dry seasons 

of the entire YRB separately to obtain accurate surface water information. Cloud masking was 

applied to each individual image in the selected image collections. However, while this procedure 

could mask out pixels with high cloud scores (i.e., thick clouds), thin clouds and haze [58] as well as 

shadow areas formed by thick cloud cover, were not removed, which might affect the subsequent 

quality of composite images. Therefore, high-precision detection algorithms for thin clouds and cloud 

shadows are needed. Spectral indices and DEM data were added as bands to the selected image 

collections, which not only expanded the extracted surface water information but also inproved the 

accuracy of surface water extraction by introducing mulit-dimensional features. For the national-scale 

study area, more than 55,000 Landsat scenes were included in the image composites in the rainy and 

dry seasons during the period 1991–2021. With the support of the GEE, the time cost required for the 

data pre-processing was greatly reduced. Cloud cover mainly caused by weather conditions might 

have led to data gaps in the composite images. In order to minimize the deviation from the actural 

truth value of the missing area, an approach of fill in the missing parts of the single-year composite 

image was proposed by constructing three-year image mean data (the single year was included in 

the three-year). Fortunately, among all the rainy season and dry season composite images during the 

period 1991–2021, the proportion of missing data was relatively low and the proportion of surface 

water resources included in the missing part was even lower (less than 5%), thus having little impact 

on the overall study. Similarly, the available pixels of Landsat series image data involved in image 

composites might show uncertainty because of cloud cover, resulting in deviation from the real value 
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to the actual situation, as explained in Section 2.3.3. This was mainly why, to minimize uncertainty, 

we applied the mean reducer to the integrated image collections. Problems with the sensor itself also 

affected the image synthesis quality and the extraction of surface water information. The Landsat-7 

Enhanced Thematic Mapper Plus (ETM+) airborne SLC malfunctioned on 31 May 2003, resulting in 

data gaps in the images acquired thereafter (i.e., Landsat 7 ETM+ SLC-off data). Besides, there 

aredifferences in spectral response between different remote sensors, even different sensors of the 

same sateellite series have differences in rediation, which might affect the surface water extraction. 

Thus, the Landsat series imagery selected for our study was Landsat 5 TM (1991–2011) and Landsat 

8 OLI (2013–2021) image data, as well as the only available Landsat 7 ETM+ image data in 2012. There 

were obvious spectral disturbances in Landsat 5 TM image data from May 2001 to March 2002 in the 

study area, and the approach here was to combine Landsat 5 TM data with Landsat 7 ETM+ data to 

extract the rainy and dry season surface water information in 2001. The results showed that the 

influence of data gaps in the Landsat 7 image data in 2012 was greater than that of the spectral 

perturbation in 2001, although a gap-filling algorithm was applied to fill the scan gaps in the SLC-off 

data. Further study might be required that combines other available image data to obtain accurate 

surface water information in 2012. 

For the construction of sample datasets, some previous studies directly selected samples from the 

existing land use/land cover (LULC) products to monitor LULC changes, and applied the same 

sample dataset for each year to reduce the costs in labor and time. However, samples in this way are 

most likely pixels with no change in land use type and ignore the pixel features in the area where 

land use transition might occur, which will result in an imbalanced classification dataset. Here, based 

on manual visual interpretation, we deployed sample datasets using MNDWI single-band grayscale 

images as references. To extract rainy and dry season surface water resources in the YRB from 1991 to 

2021, a total of 22 sample datasets for the rainy and dry seasons were deployed in every three-year 

period from 1991 to 2021. In terms of the GEE, due to the large number of pixels in our computation, a 

“computation time out” error might arise. The way to allow the computation to succeed was to increase 
the scale parameter. However, this may have resulted in a large deviation from the calculation results 

at the original resolution of the image data source (30 m). To address this issue, the classification results 

for surface water were exported to the local ENVI 5.3 software for raster-to-vector conversion, and then 

transferred to ArcGIS 10.6 software for area calculation, mapping and extraction of derived data (such 

as seasonal surface water bodies, and permanent surface ice/snow). 

4.2. Comparative Analysis with Existing Surface Water Datasets 

In this section, we compare the surface water extraction results obtained using our method with 

the JRC Yearly Water Classification History (Version 1.4) and GLIMS Current datasets. The JRC 

Yearly Water Classification History dataset contains a year-by-year classification of the seasonality 

of surface water, divided into seasonal and permanent surface water bodies based on the occurrence 

values detected throughout the year. The GLIMS Current dataset was created by repeatedly surveying 

the world’s estimated glaciers, which were regarded as permanent ice/snow. The permanent water 

and seasonal water derived in this study were compared with the JRC Yearly Water Classification 

History and GLIMS Current datasets, as shown in Figure 12. Comparison analysis for surface water in 

the SRYR, the typical area of DLWS and PLWS, and the Qingyi–Shuiyang River System (QSRS) were 

conducted in 1996, 2006 and 2016 respectively. Although there were differences in the definition of 

seasonal and permanent surface water, the contours and shapes of the surface water obtained by the 

two methods were comparable. For the surface water in the SRYR, the difference was mainly reflected 

in the lake water state. Because the expert system treated ice as an invalid observation, the observation 

period for JRC surface water corresponded to the unfrozen months only. Therefore, the lakes in the SRYR 

were considered to be permanent surface water, while our results showed the actual situation of lake 

water being frozen and snowbound as the season changed from the rainy season to the dry season.  
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Figure 12. Comparisons of permanent and seasonal surface water derived from our extracted rainy 

and dry season surface water with the JRC Yearly Water Classification History and GLIMS Current 

datasets. JRC PW represents permanent surface water, and JRC SW represents seasonal surface water. 

Comparison results in the SRYR, the typical area of DLWS and PLWS, and the QSRS in (a) 1996, (b) 

2006 and (c) 2016, respectively. 

Overall, the permanent ice/snow cover area derived using our method was similar to that from 

the GLIMS data, and the difference was mainly in seasonal surface water. The areal extent of seasonal 

surface water we derived was smaller than that of JRC seasonal surface water. The main reason for 

this was probably the differences in the time phase of surface water extraction and the definition of 

seasonal surface water. The rainy season (May–October) and the dry season (November to April of the 

next year) were not divided by calender year. Seasonal surface water here was derived by calculating 

the symmetrical difference between the rainy and dry season surface water, and our surface water 

data set was extracted from the image composites aggregated by reducing the image collections with 

a mean reducer. Thus, some of the water pixels were weakened. The seasonal surface water of the 
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JRC surface water dataset appeared more like the maximum pixel value of water bodies throughout 

the year after removing permanent surface water. That is to say, surface water detected in fewer than 12 

months of the year was seasonal surface water. The JRC surface water was affected by data gaps that 

caused by the SLC failure in 2003, resulting in an error in the distinction between permanent and 

seasonal surface water, as shown in the typical area of DLWS and the lake area of QSRS in Figure 

12b, even for the typical area of the PLWS in 2016 (Figure 12c), there were still traces of striping. In 

addtion, there were obvious missing data in the JRC yearly surface water in the YRB in 1996, which 

were not shown in Figure 12. In view of these two issues, we proposed reasonable and feasible solutions 

to assist in the extraction of surface water. Further study is required to extract extreme values of water 

pixels during the rainy and dry seasons and explore the possible impacts of floods and droughts on 

the areal extent of surface water. 

4.3. Limitatios of Analyzing the Driving Fators of Dynamic Changes in Surface Water 

The relationships between surface water area and hydro-meteorological elements in 12 water 

systems in the YRB were estimated by utilizing multiple linear stepwise regression analysis. 

Unfortunately, quantitative indicators of human activities (e.g., water consumption, water supply for 

agriculture, industry, domestic and ecological environments) were not included in the regression 

analysis. There are several reasons for this: the lack of statistical data for some years, especially before 

1997; some statistical indicators in the statistical system have changed; the statistics are compiled on 

an annual basis, which differs from the time phase of our study. In addition, there has been a lack of 

research on the response mechanism and quantitative identification of surface water under the 

influence of human activities, such as the operation of water conservancy projects and government 

regulation of surface water. In particular, the Three Gorges Dam has played a positive role in reducing 

the flood control pressure in the middle and lower reaches by blocking flood flows and reducing flood 

peak during the rainy season, and alleviating drought effects by increasing water release and water 

supplementation during the dry season. Although the results of regression analysis revealed that 

changes in surface water were affected by both climatic factors and human activities, the response 

mechanism and quantitative identification of surface water under the influence of human activities 

should be further studied. 

Multiple linear regression attempts to estimate the relationship between a response variable and 

two or more predictor variables by fitting a linear equation, which does not mean that there is a strict 

causal relationship between the dependent variable and independent variables [59]. As discussed 

previously, the rainy season SWBA in the UYR and WRS was positively correlated with the rainy season 

average air temperature. The possible explanation might be that the rainy season average air 

temperature in the UYR and WRS were highly consistent with the average temperature in the rainy 

season for the entire YRB (R2 = 0.72 and 0.84, respectively). As the temperature rises, the amount of 

ice/snow melting water increases, and then feed back to the UYR, resulting in an increase in SWBA. 

For the WRS, the saturated vapor pressure increases significantly with the rise in average air 

temperature, making the air more capable of holding water vapor and greatly increasing the possibility 

of heavy precipitation, showing a positive correlation with the SWBA in the WRS. Thus, the change of 

the rainy season average air temperature in the UYR and WRS was largely affected by the warming 

background of the entire YRB, and the total surface storm runoff was considered to be the main 

driving factor for the dynamic change of SWBA in the UYR and WRS . In relation to surface water 

bodies in the WRS, Zhu et al. [60] conducted a study on water area changes and climate effects in the 

WRS during the period 1983–2015. Although there were differences in the time phase of the data, the 

correlation between surface water area and average temperature was echoed by the results of our 

regression analysis for the WRS. Therefore, in the multivariate regression analysis, in addition to testing 

the significance of the regression equation, it is necessary to conbine specific environment in which the 

variables are located to further determine the driving factors.  
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5. Conclusions 

To better understand the dynamics of surface water, this paper analyzed surface water bodies 

and ice/snow cover in the rainy and dry seasons separately, rather than just exploring annual surface 

water bodies. Supported by the GEE, we developed a multi-date composite image change detection 

technique utilizing dense time stacks of Landsat satellite imagery and applied the RF algorithm to 

extract rainy and dry season surface water in the YRB during the period 1991–2021. The spatial 

distribution, temporal changes of surface water bodies and ice/snow cover, and their relationships to 

climatic and anthropogenic drivers were analyzed. The proposed method for monitoring the 

dynamics of surface water in this study can provide a reference for similar studies at large regional 

or national levels. 

Our results suggested that the inter-annual variation of surface water in the YRB was in great 

dynamics and the spatiotemporal distribution of surface water is very uneven. Rainy season surface 

water bodies generally showed an increasing trend (+248.0 km2·yr−1), while surface ice/snow cover in 

both rainy and dry seasons displayed a decreasing trend, with decreasing rates of 39.7 km2·yr−1 and 

651.3 km2·yr−1, respectively. The inter-annual and intra-annual variations in SWBA in the DLWS, 

PLWS, MYR and LYR fluctuate greatly, reflecting their vulnerability to flood and drought disasters. 

In addition, the correlation analysis between areal extents of surface water and hydro-meteorological 

elements indicates that precipitation is the main cause of the changes in surface water bodies, and 

surface ice/snow cover is negatively correlated with the average surface skin temperature. The climate-

related factors driving surface water changes present spatial differences between secondary river 

systems, highlighting the complexity of surface water dynamics. This research helps to not only 

systematically explore the spatiotemporal distribution and variation characteristics of surface water 

in the YRB in the last three decades, but also to better understand mechanisms driving the impacts of 

climate change and human activities on the dynamics of surface water.  
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classification results for the rainy and dry season composite images in the YRB from 1991 to 2021; Table S2: 
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in 1999; Figure S3: Dynamics of seasonal and permanent surface water in the 12 water systems of the YRB from 

1991 to 2020; The spatial distribution and statistics of meteorological data (precipitation, surface skin temperature, 
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