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Changes in lake water resources and regional hydrological processes in response to climate change and human activity necessitates timely and accurate access to lake change information to monitor water cycles and water security. The Ebinur Lake Basin has experienced a serious ecological crisis in recent years, which is majorly due to excess use of its water. Therefore, in this study, we used Ebinur Lake as a research object, and used Geographic Information System and remote sensing technology, Landsat, Sentinel, and MODIS images, the Google Earth Engine platform, and the water body index method to determine the changes in lake area from April to October of 2011–2020. Daily data from the Alashankou and Jinghe meteorological stations from 2011 to 2020 were collected. The center of gravity-geographically and temporally weighted regression model was used to analyze the factors changes in surface area. The results showed obvious spatial and temporal heterogeneities for the surface area. Except for 2016, which had unusual/extreme weather, in the last decade, the lake surface area generally showed a monthly decreasing trend from April to October. When Ebinur Lake is one water body, the surface area ranges between 530 and 560 km2. We concluded that the spatio-temporal characteristics of Ebinur Lake can be divided into two levels. When the southeast and northwest regions of the lake merge, it represents the largest possible surface area of Ebinur Lake; this was called the “water storage level”. Historically, Ebinur Lake has lost significant amounts of water, and there is no water body connecting the two main parts of the lake (thereby dividing the lake into two areas); this was called “water demand level”. The trajectory of the center of gravity of the lake is linear, with a slope of 45° and a direction of northwest to southeast. The lake gravity center has different aggregation states. According to the season, it can be divided into spring gathering and autumn gathering. The variation in the surface area of Ebinur Lake is highly correlated with the meteorological and hydrological variation during the year. The highest correlation was observed between lake surface area and wind speed. This study aimed to supplement other studies that explore the lake annually and provide a reference for future water resources management and planning.
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1 INTRODUCTION
The uneven spatial and temporal distribution of water resources caused by global climate change has a huge impact on natural ecology and the development of human society (Guo et al., 2012; Hu et al., 2022). Moreover, the sustainability of ecosystems is greatly threatened (Yu et al., 2018). Alongside economic development, water demand for agricultural, industrial, and domestic use in arid zones is increasing, and water shortages have become a prominent problem which hinders societal development (Yao et al., 2019; Peng et al., 2022). Xinjiang is located in the center of the Eurasian continent and is a key region for arid zone research. It is sensitive to changes in water resources (Wang et al., 2019; Yao et al., 2022). Most of the water sources in arid zones originate in high mountain environments (Ke et al., 2021), and climate change has led to dramatic changes in water supply in high mountain rivers (Liu et al., 2011), causing several ecological problems (Williams, 1991; Stanev et al., 2004; Cretaux et al., 2009). Therefore, timely and accurate information on the changes in water bodies is necessary for monitoring water cycles and water security (Zhu et al., 2015).
Remote sensing (RS) images and hydrological records are effective tools for studying large geographic areas (Ysa et al., 2022). Owing to the development of RS technology, various types of satellite images (especially high-resolution optical satellite images) can be used for different purposes. These have become important sources of data for geological and meteorological studies (Hong et al., 2010; Li et al., 2012). Numerous scholars have used RS images to observe water bodies and discuss their spatial and temporal variability in various characteristics. Pickens et al. (2022) used Landsat and Sentinel-2 images to identify areas of surface water and ice and generated global ice phenology maps to predict future climate change. Hu et al. (2021) explored water resource distribution in Central Asia using multi-source satellite datasets and global hydrological models. Zhu et al. (2022) used Landsat images to observe the Inner Mongolian plateau over a long time series and concluded that the plateau wetlands were severely degraded. These studies have shown that RS images have utility at various regional scales; thus, RS images can be used to monitor the dynamic changes in watershed lakes. The causes of lake wetland degradation can be categorized as follows: 1) climate warming-associated drying up of the lake (Yan and Zheng, 2015), and 2) increased human activity leading to drying up of the lake (Wang et al., 2017; Bakr and El-Kawy, 2020; Zhang et al., 2022). Therefore, numerous scholars have conducted in-depth studies to determine the causes of changes in lake dynamics. Many scholars believe that these changes are mainly influenced by factors such as precipitation, temperature, and runoff into the lake (Bhasang et al., 2012; Yan et al., 2019; Wei, 2019; Wang et al., 2019). Some scholars have also analyzed the relationship between changes in lake surface area and changes in human activities (Cui et al., 2017; Sun et al., 2020; Mfa et al., 2021; Dang et al., 2022). Their study results suggest that establishment of water facilities in the upper branches of rivers for agricultural irrigation leads to decreased amount of water entering the lake, thereby causing changes in lake surface area. The causes of changes in lakes differ for each watershed; therefore, lake monitoring of the Ebinur Lake Basin is necessary.
The Ebinur Lake Basin is the most important area along the Belt and Road Initiative, and its water security is of national strategic importance (Ding et al., 2021). The Ebinur Lake Basin is currently facing several ecological problems including reverse succession of the basin ecosystem, soil salinization, severe sanding, and increased landscape fragmentation (Ge et al., 2016; Wang et al., 2020; Ding et al., 2021). Therefore, the degradation of Ebinur Lake wetland has attracted research attention (Zhang et al., 2018; Jing et al., 2019). Ding et al. (2021) explored the spatial and temporal variation in the surface area of Ebinur Lake using a random forest classification model on a seasonal time scale and found that, in the past 30 years, the largest transformation of salt marsh and lake in Ebinur Lake occurs between seasons every year. Wang et al. (2021) used drone imagery and a method that estimates historical discharge to reveal that the water level of the Ebinur Lake has been declining rapidly for nearly 5,000 years. These studies indicate that Ebinur Lake is facing a serious ecological crisis and a scientifically sound solution is urgently needed. However, these aforementioned studies analyzed changes on a quarterly or annual time scale, which have a large time span and cannot aid the evaluation of changes in water bodies in a precise or timely manner. Therefore, monthly monitoring of the lake surface area is necessary. Researchers have focused on factors, such as precipitation, runoff, and temperature, to explore the causes of the changes in Ebinur Lake (Ge et al., 2016; Jwa et al., 2021; Hao et al., 2018; Han et al., 2021; Nigemare et al., 2021). However, few studies have analyzed wind speed. For the analyses of hydrological dynamics, Gan et al. (2022) analyzed the contribution of climate change and human activities to lake changes using a degree-day model. However, the model was more suited for glacial-related changes (Zhang et al., 2006) and was not optimal for assessing changes in lake surface area, which is influenced by multiple factors. Hu et al., (2022) used gray correlation analysis to predict the impact of climate change on permafrost. However, this method can only qualitatively analyze the relationship between the dependent and independent variables (Wang et al., 2019) and cannot provide explanations for the spatial variations. The geographically and temporally weighted regression (GTWR) model can better describe the spatio-temporal relationship between the independent and dependent variables (Zhang and Lu, 2022). Therefore, this study proposes a center of gravity-GTWR model to investigate the drivers of changes in Ebinur Lake.
In this study, we aimed to answer the following questions: 1) How has the lake area of Ebinur Lake changed in the past 10 years? 2) Is the center of gravity-GTWR model proposed in this study applicable to the study area? 3) What is the magnitude of the influence of each driver on Ebinur Lake? 4) How does wind speed influence the changes in surface area of Ebinur Lake? We used the MODIS, Landsat, and Sentinel-2 datasets to generate a 10-year time series data corresponding to the monthly surface area of the Ebinur Lake Basin. The center of gravity-GTWR model for the study area was then applied and its validity was investigated. Finally, meteorological and hydrological data were used to explore the causes of variation in the surface area on a spatio-temporal scale using the center of gravity-GTWR model.
2 DATA AND METHODS
2.1 Study area
Ebinur Lake is located in the southwestern part of the Junggar Basin (44°74′∼ 45°13′N, 82°58′∼ 83°16′E), which is within Bortala Autonomous Prefecture of the Xinjiang Uyghur Autonomous Region, China (Figure 1). The Kuitun, Jing, and Bortala Rivers flow into the lake. The topography of the basin is complex. It is surrounded by mountains on three sides. Alashankou region is northwest of the lake and on high terrain. The southeast of Ebinur Lake Basin is a plain area. In the northwest of Ebinur Lake is Alashankou region. Alashankou region is a well-known wind outlet in China, with northwest wind blowing all year round. The basin area has an arid and northern temperate continental climate, with low precipitation, abundant sunshine, and high surface water evaporation throughout the year. The average annual temperature of the lake is 6.6–7.8°C, and the average annual precipitation and evaporation is approximately 116–170 mm and 1,315 mm, respectively. In the context of a changing climate and increased human activities, water resources have changed dramatically, and conflict over water is becoming increasingly prominent.
[image: Figure 1]FIGURE 1 | Geographical location of the study area.
2.2 Data sources
Google Earth Engine (GEE) is a cloud-based platform that provides easy access to high-performance computing resources to process very large geospatial datasets, which is more efficient and simpler than traditional software for processing RS images. Therefore, we used the GEE platform to obtain the “Landsat 7/8”, “COPERNICUS/S2,” and “MODIS/006/MOD09GQ” dataset, and selected a total of 4,633 images from April to October of 2011–2020 to calculate the surface area of Ebinur Lake.
The daily climate data collected by two meteorological stations, Alashankou and Jinghe, were downloaded from the National Meteorological Science Data Sharing Service Platform1, and the runoff data of Ebinur Lake were obtained from four inlet stations as the background data of the area change of Ebinur Lake and meteorological and hydrological response. Ebinur Lake surface area data collected on a monthly basis in 2020 were obtained from the Jinghe hydrological station to assess the accuracy of lake surface area.
2.3 METHODS
2.3.1 Water index method
We used RS technology to determine the lake surface area using the normalized difference water index (NDWI) method (Mcfeeters, 1996). This method is sensitive to soil characteristics, dry lake bodies, and presents the water body boundary closest to the actual boundary of the water body (Zhu et al., 2019; Yang et al., 2020). The modified normalized difference water index (MNDWI) method focuses more on the spectral information in the imaging systems using the short-wave infrared band of the building (Tian et al., 2017). As can be seen from Figure 1, the relatively empty area around the lake does not affect the determination of buildings from the water body. Several studies have shown that the NDWI method shows higher accuracy in Ebinur Lake extraction (Liu et al., 2020; Wang et al., 2020; Xiang et al., 2022). Considering the above, the NDWI method for water body extraction was used in this study as follows:
[image: image]
where Green and NIR represent the surface reflectance at green and near-infrared bands in images, respectively.
2.3.2 Otsu algorithm
The Otsu method, also known as the Big Law algorithm, was proposed by the Japanese Big Law in 1979 (Otsu, 2007). The Otsu method is an algorithm where the user does not need to set parameters, and it does not require supervised classification for threshold selection. It is based on one-dimensional grayscale image segmentations. This is computationally simple, not affected by image brightness or contrast, and is widely used in image processing. The calculation formula is as follows:
[image: image]
where β0 is the ratio of the number of foreground color pixel points to the pixel points of the whole image, α0 is the average grayness of the foreground color pixel points, β1 is the ratio of the number of background color pixel points to the number of pixel points of the whole image, α1 is the average grayness of the background points color pixels, and t is the optimal threshold value when the variance between the current view and the background color is at its maximum. The variance was calculated as follows:
[image: image]
In this study, we used the Otsu algorithm to obtain the threshold value when extracting the water body, and then used the normalization method to eliminate the outliers.
2.3.3 Calculation formula of meteorological parameters
Ebinur Lake is located downwind of Alashankou. The data from the two meteorological stations was combined, and the weighted average method was selected. Then, to determine the wind speed at the lake, we used the following equation.
[image: image]
where, [image: image] is the weighted wind speed of the two stations, W1 is the measured wind speed value at Jinghe weather station, W2 is the measured wind speed value at Alashankou weather station, d1 is the weighted distance from Jinghe weather station to the center of Ebinur Lake, and d2 is the weighted distance from Alashankou weather station to the center of Ebinur Lake.
The weighted values were calculated as follows:
[image: image]
where D1 is the distance from Jinghe weather station to the center of Ebinur Lake, D2 is the distance from Alashankou weather station to the center of Ebinur Lake, and Di is the distance from weather station point i to the center of Ebinur Lake.
2.3.4 Center of gravity GTWR model
In geography, the term “center of gravity” represents the equilibrium point of a regional space. The location (coordinates) of the center of gravity is an essential factor in geographical studies, as it clearly and objectively reflects the trajectory of the spatial and temporal distribution of the research object (Zheng et al., 2022). For the study of lakes, since the surface area varies significantly throughout the year, the lake’s center of gravity shift trajectory can reflect the trends in spatial changes in the lakes during different time periods, thereby enabling visualization of water movement in the lakes (Wang et al., 2022). The lake’s center of gravity is calculated using the following formula.
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where Cti is the center of mass of the lake distribution in month i of year t, Xt, Yt are longitude and latitude coordinates, respectively, Sti is the lake area in month i of year t, and Xti, Yti are its longitude and latitude coordinates in month i of year t, respectively.
The common regression models in geography are the ordinary least squares, the geographically weighted regression (GWR), and GTWR models. The traditional geographically weighted regression model is a two-dimensional data model, that is, used to describe geospatial location coordinates without the introduction of temporal latitude. The GTWR model (Wang et al., 2018) is an extension of the geographically weighted regression model, with the addition of temporal latitude, to form a three-dimensional model. GTWR models have been widely applied in climate studies (Guo et al., 2020; Shi et al., 2021; Karimi and Ghajari, 2022). Moreover, it has also been applied for the analysis of water bodies (Chu et al., 2018). Using the GTWR model requires the research object to have different spatial coordinates at different time periods; therefore, combining the lake center of gravity shift model with the GTWR model can better reveal the drivers of spatial changes in the lake. The following is the mathematical expression used in the GTWR model.
[image: image]
where: ([image: image], [image: image], Ti) are the spatial and temporal coordinates of the ith sample data, Xik and Yi are the explanatory variables of the ith sample data, λ0 ([image: image], [image: image], Ti) is the intercept term, λk is the estimated coefficient of the kth explanatory variable, δi is the residual of the function, n is the number of explanatory variables, and [image: image] and [image: image] are the longitude and latitude coordinates of the center of gravity point, respectively.
3 RESULTS
3.1 Spatial and temporal variation characteristics of the Ebinur Lake surface area
3.1.1 Verification of spatiotemporal change results of the Ebinur Lake surface area
Ebinur Lake’s freezing period extends from November to March every year; therefore, performing surface area extraction during this period is not possible. On the basis of RS image analysis, we concluded that the lake’s ice-free period extends from April to October every year during which surface area extraction can be performed. Based on the seasons, the ice-free period comprises spring (April–May), summer (June–August), and autumn (September–October). To verify the accuracy of the extracted data, we performed a correlation analysis between the monthly measured surface area and the extracted surface area of the lake in 2020. For April and May, we used MODIS data; June and July, Landsat 7/8 data; and August and October, Sentinel-2 data. The correlation coefficient between the measured and extracted surface area of the lake in 2020 and their comparison results reached 0.99 (Figure 2). The difference between the extracted and measured surface area ranged from 0.32 to 18.78 km2, with an average value of 9.32 km2. The results showed that the data extracted using the NDWI method accurately represented the monthly change in the lake surface area from 2011 to 2020.
[image: Figure 2]FIGURE 2 | Results of change and comparison of Ebinur Lake surface area in 2020, from measured and extracted data. (A) Ebinur Lake area in 2020 (B) Area comparison (in the Supplementary Material).
3.1.2 Analysis of temporal variation characteristics of the Ebinur Lake surface area
Results (Figure 3) showed that the surface area of Ebinur Lake ranged from 335.17 to 882.56 km2 from 2011 to 2020, with the maximum value occurring in April 2018 and the minimum value occurring in October 2020. In 2016, the surface area showed a decreasing and then an increasing trend. However, in all the other years, the monthly changes in surface area showed a decreasing trend from April to October. Using the meteorological data from Alashankou and Jinghe weather stations (Figures 4, 5, respectively), we concluded that the high rainfall in the summer of 2016 increased the runoff into the lake (Figure 6). Therefore, during that time period, lake recharge was greater than the loss of water from the lake, thereby increasing the lake volume and surface area.
[image: Figure 3]FIGURE 3 | Results of the change in Ebinur Lake surface area (April–October, 2011–2020).
[image: Figure 4]FIGURE 4 | Temperature and wind speed results for Alashankou meteorological station.
[image: Figure 5]FIGURE 5 | Temperature and wind speed results for Jinghe meteorological station.
[image: Figure 6]FIGURE 6 | Average monthly flow of each lake inlet station.
Results of the surface area analysis (Figure 3) and flow rate measured at each inlet station (Figure 6) showed that, except for the years with unusually high or low flow rates. The largest surface area was observed in spring (April–May), the highest rate of decrease in surface area was observed in summer (June–August), and smallest surface area was observed in autumn (September–October).
Figure 7 shows a schematic diagram representing the monthly changes in the surface area of the lake (shown in blue) from 2011 to 2020. Ebinur Lake is comprised of two main areas which are connected through a thin water body. The two main areas are, the larger, southeastern area and the smaller, northwestern area. This variation occurs in a regular pattern. Using the extracted surface area data (Figure 3), we determined that the surface area of Ebinur Lake ranges from 530 to 560 km2 (critical surface area at connection range). In September and October of the years 2012, 2013, 2014, 2015, and 2020, the northwestern area of the lake dried up completely and only the southeastern part of the lake was present. When the lake was not at its critical surface area at connection range, it indicates that the water level had dropped.
[image: Figure 7]FIGURE 7 | Schematic diagram of Ebinur Lake area from April to October 2011–2020.
From the above conclusion, the surface area of Ebinur Lake can be represented in two ways. When the southeast and northwest areas of the lake marge, representing the largest surface area of the lake; this was called the “water storage level.” When Ebinur Lake has lost a sufficient amount of water to where there is no water body connecting the two main areas (thereby splitting the lake into two areas); this was called the “water demand level”.
3.1.3 Analysis of spatial variation characteristics of the Ebinur Lake surface area
Mostly, changes in lakes are measured by their surface area and water volume. From the results in section 3.1.2, we found that the change in the lake surface area was closely related to the directional shift of the water body. Therefore, studying the directional shift of the center of gravity of Ebinur Lake should reflect the spatio-temporal characteristics of the area more accurately. Using ArcGIS and the raster images of the lake from April to October (2011–2020), we obtained the vector boundary of the lake. This boundary was then converted into points to obtain the center of gravity of the lake for each month (Figure 8). The center of gravity of the Ebinur Lake was analyzed according to the center of gravity shift using Eq. 6.
[image: Figure 8]FIGURE 8 | Center of gravity shift trajectory of Ebinur Lake from 2011 to 2020.
Every year, the monthly shift in center of gravity of Ebinur Lake is linear, with a slope of 45°, indicating a clear regularity in its shift in center of gravity. From 2011 to 2015 and 2017 to 2020, the lake shows a shift from northwest to southeast. Additionally, the faster the water body shrinked in the northwestern part of the Ebinur Lake, the greater the center of gravity shift. The difference in the center of gravity and surface area of the lake is largest between April and October each year. The shift of the center of gravity also reflects the water level of the lake, as water flows to the part of the lake with a lower elevation. The northwestern part of Ebinur Lake has a higher elevation and lower water level than the southeastern part. In 2016, the lake received unusually high rainfall, which caused the center of gravity to take a different trajectory compared to that in the other years (the center of gravity did not show the regular shift from northwest to southeast). Rather, it showed a shift to the southeast from April to June, to the northwest from July to August, and to the northwest from September to October.
In 2011–2014 and 2016–2020, the center of gravity of the lake showed different degrees of aggregation. The Ebinur lake changes slightly within the scope of the accumulation heap. According to the season, it can be divided into spring gathering and autumn gathering. Spring shows the largest lake area every year. In spring, the temperature was low and the amount of water entering the lake was high. Additionally, the loss of water in spring was less than that observed in summer or autumn. Therefore, the change in area is small. Each year, autumn showed the greatest shrinkage in lake surface area. The part of the lake water loss in autumn is the southeast main part of Ebinur Lake where the water level is deeper and the water volume is large. When the loss of lake water per unit area is the same, the change of area reduction is slower, so the lake changes less every autumn.
3.2 Analysis of driving factors of the Ebinur Lake surface area change
The change in lake surface area is related to several meteorological factors. In this study, four factors were selected to evaluate the surface area change of Ebinur Lake: temperature, precipitation, wind speed, and runoff into the lake. These factors were selected because they showed high correlation and represent the drivers of natural factors and human activities. The values of the meteorological elements at the location of Ebinur Lake were extracted by interpolating the data from the weather stations using ArcGIS (ESRI, version 10.3). The correlation and collinearity with the surface area of Ebinur Lake were calculated separately for each element. Table 1 shows that the correlation between each element and the average monthly surface area of the lake is strong. The variance inflation factor value was close to 1, and there was no problem of multicollinearity between the elements.
TABLE 1 | Correlation and collinearity between monthly meteorological elements and monthly average area of Ebinur lake from 2011 to 2020.
[image: Table 1]This analysis showed a clear regularity in the temporal and spatial variation of the surface area changes of Ebinur Lake. The relationship between the drivers and monthly changes in surface area was obtained by analyzing the drivers (Figure 9). The results show that the causes of surface area variation are different for each month, and the largest driving factor is runoff into the lake, followed by wind speed, temperature, and precipitation. Runoff and precipitation have a combined effect that leads to an increase in the surface area, whereas wind speed and temperature showed the opposite effect. When analyzing monthly results, we concluded that the most notable changes in the surface area were due to: runoff in April and May (spring), temperature in June (at the beginning of summer), wind speed in April and May (spring), and precipitation in August (summer). The validation result obtained through the model was: R2 = 0.9. The observed and simulated surface area for each month are shown in Figure 10. The difference between the observed and simulated value ranged between 0 and 138 km2, and the average difference was 3.17 km2. The results indicate a good fit between the observed and simulated values; therefore, the model prediction was accurate, except for some outliers, which were individual values with large errors.
[image: Figure 9]FIGURE 9 | Schematic diagram of influencing factors of monthly average wind speed, monthly precipitation, and average temperature of the lake.
[image: Figure 10]FIGURE 10 | Monthly lake surface area calculated based on the GTWR modelSch.
Through the study of each of the drivers, we concluded that among the monthly meteorological elements, wind had the highest correlation with the change in monthly average surface area of Ebinur Lake; therefore, it was analyzed separately. The wind speed data of Alashankou was studied (Figure 11), and we concluded that northwesterly winds prevail in Alashankou throughout the year. Additionally, there are gusts of magnitude 8 (17.2–20.8 m/s) and above, accounting for approximately one third of the days of the year, with the highest number of these gusts occurring in spring and summer.
[image: Figure 11]FIGURE 11 | Schematic diagrams of annual wind speed and direction of Alashankou station ( 2011 to 2020).
Wind speed influences the changes in lake area by inducing evaporation at the lake surface. When the wind speed is higher, the turbulence on the lake surface is higher, which accelerates the movement of water molecules on the lake surface. The weights of Alashankou and Jinghe meteorological stations were determined using Eq. 7 (Figure 12). The monthly wind speed at Ebinur Lake was calculated using Eq. 6 correlation analysis of the calculated wind speed with the lake surface area was performed. The correlation coefficient was determined to be 0.7. The correlation analysis of the wind speed data obtained from the two weather stations was performed separately. The correlation coefficients of the wind speed of Alashankou and Jinghe weather stations were 0.71 and 0.28, respectively. Therefore, the area of Ebinur Lake is influenced by the wind speed at Alashankou to a greater extent than that at Jinghe station. A linear fit of wind speed to the surface area was performed; the confidence interval was 0.05, and the R2 value was 0.48. The linear fit results (Figure 13) showed that higher wind speed correlated with larger area of the lake. On the basis of the relationship between time, wind speed, and lake area (Figure 14), we calculated that the months with high wind speed and largest surface area are April and May. Wind speed continuously affects the surface of the lake. The RS image obtained corresponds to lake surface area on a particular day of a month. Therefore, the change in lake surface area shows a lag, the higher the wind speed during a month, the more the lake area decreases in the next month. Since the lake surface area is related to several meteorological factors, it is inaccurate to consider only the wind speed. Combining the lake area and meteorological data (Figures 3–6), the analysis showed that the lake area shrinks fastest in the month following a month of high temperatures and wind speeds. From the geographical map of the study area (Figure 1), we concluded that the wind influx from Alashankou acts exactly on the northwestern part of Ebinur Lake, which is the part of the lake that shows the largest annual change in surface area.
[image: Figure 12]FIGURE 12 | Weighted diagram of Jinghe and Alashankou Stations.
[image: Figure 13]FIGURE 13 | Linear fitting between wind speed and lake surface area.
[image: Figure 14]FIGURE 14 | Relationship between time, wind speed and lake surface area.
4 DISCUSSION AND CONCLUSION
4.1 Discussion
With the immense amount of data accumulated through satellite RS imagery over time, the use of traditional software for processing remote sensing data has become time-consuming, costly, and inefficient (Sur et al., 2021). RS cloud computing, with its high-performance computing efficiency, enables effective solutions to geographic research problems in vast areas and over long periods of time. The GEE is a cloud-based platform that can efficiently process RS data to analyze lake areas over significant time periods through the use of relevant algorithms.
Due to climate change and increasing water demand, surface water resources in both arid and semi-arid regions are facing depletion (Hu et al., 2019). Ebinur Lake is a typical tailwater lake in an arid zone and is facing the same shortages. In this study, we found that the water storage in Ebinur Lake was affected by climate change and increased human activities. These results are consistent with those of the study by Hu et al. (2021), where the authors proposed possible causes of water depletion in Central Asia. The lake area was the largest in spring followed by summer, and it was the smallest in autumn, which is consistent with the gradual decrease in lake area within the year obtained from the study of spatial connectivity of wetlands in Ebinur Lake by Ding et al. (2021). In the last decade, intra-annual variation of the Ebinur Lake’s surface area has shown a consistent pattern; however, the surface area fluctuates during the year. A minor increase in the temperature of Ebinur Lake was observed, possibly due to the effects of climate change (Wang et al., 2014; Hu et al., 2018; Hu et al., 2019; Dilinuer et al., 2021). The low precipitation in the region makes maintaining the balance between evaporation in the lake and precipitation difficult, generally resulting in a decrease in the lake area (Gan et al., 2022). The prevailing westerly zone shows a greater regulation of water, which is consistent with the results of the study by Zhao et al. (2022). Therefore, establishment of corresponding protective forests at the upwind end of the lake to counter the negative impact of the wind from Alashankou on the lake may be considered. Land use is one of the most important factors influencing runoff (Gu et al., 2021) and most directly reflects human activities associated with water resources. The results of the analysis showed that the largest driver of the changes in the lake surface area was the runoff entering the lake. The lake area is lowest in the summer, mainly because the river passes through arable land and is used for irrigating crops, resulting in a decrease in the volume of water entering the lake. This shows that agricultural water use in the middle and lower reaches of the rivers entering the lake has a significant effect on the runoff entering Ebinur Lake. Therefore, rational optimization of agricultural water use can effectively aid the mitigation the shrinkage of the Ebinur Lake.
In this study, we analyzed the driving factors of changes in the surface area of Ebinur Lake and find the area range which is divided into two lake areas. The relationships between natural factors and changes in the surface area of the lake were analyzed. However, the influence of human activities was only indicated through changes in runoff (Yilinuer et al., 2020) and was not quantitatively analyzed. Therefore, the effect of human activity should be further explored in the future. The center of gravity-GTWR model used in the study achieved high accuracy. Moreover, the results estimated the magnitude of the influence of each driver on the variation in lake surface area. This suggests that the results of the extended gravity-GTWR model in explaining spatio-temporal heterogeneity and monthly variability are remarkable (Du et al., 2018). However, the explanatory factors of the model can only be variables that are highly correlated and free of covariates; therefore, the model may have limited applications.
The large intra-annual variation in the Ebinur Lake area is only a snapshot of the water resource problem in arid zones. Runoff from Ebinur Lake is supplemented by a combination of glacial meltwater, precipitation, and groundwater (Wang et al., 2014). The runoff characteristics of Jinghe River and Bortala River (Gan et al., 2022) are also different; therefore, the contribution of different rivers to Ebinur Lake should be further explored. Moreover, the spatial distribution of water resources in a larger region throughout the GEE platform may be a topic for future research.
4.2 Conclusion
In this study, we determined the lake surface area for the period April–October for the years 2011–2020 using GIS and RS technology. Additionally, we analyzed the intra- and inter-annual variation trends and influencing factors of the surface area of Ebinur Lake by integrating meteorological and hydrological data.
There is an evident spatial and temporal heterogeneity in the variation of the surface area of Ebinur Lake. The monthly variation showed a decreasing trend, except for 2016, which received an unusually high amount of rainfall. Each year, spring (April–May) is the season with the largest lake area, summer (June–August) is the season with the fastest shrinking lake area, autumn (September– October) is the season with the smallest lake area. By determining the lake surface area from the 10 years of remote sensing data, we concluded that when the Ebinur Lake area is sufficiently dry to decrease and split into two parts, the surface area of the southeastern area is between 530 and 560 km2 (critical surface area at connection range). Based on the fluctuation between the two, the spatial and temporal characteristics of Ebinur Lake were divided into two levels, the water storage level and the water demand level. The overall trajectory of Ebinur Lake appears as a straight line with a slope of 45°, with its center of gravity shifting from northwest to southeast. The faster the water body shrinks in the northwestern part of Ebinur Lake, the greater the shift in the center of gravity. The center of gravity of Ebinur Lake has different degrees of aggregation status, and the variation within the range of the aggregation pile is small. In terms of the season of accumulation, it can be approximately divided into spring and autumn aggregation.
There are many driving factors affecting the change in the surface area of Ebinur Lake, including runoff, wind speed, temperature, and precipitation. Our study results showed that the change in surface area and these driving factors were highly correlated. The GTWR model analysis showed that volume of runoff entering the lake has the greatest influence on the change in lake area, followed by wind speed, precipitation, and finally, the least influential factor was temperature. Of these factors, wind speed is the most relevant natural factor because the incoming wind from Alashankou acts directly on the northwestern part of the lake. This study provides a theoretical basis for understanding the changes of water resources in the Ebinur Lake basin and is beneficial to the rational development and utilization of its water resources.
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