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Abstract

:

Surface water bodies exhibit dynamic characteristics, undergoing variations in size, shape, and flow patterns over time due to numerous natural and human factors. The monitoring of spatial-temporal changes in surface water bodies is crucial for the sustainable development and efficient utilization of water resources. In this study, Landsat series images on the Google Earth Engine (GEE) platform, along with the HydroLAKES and China Reservoir datasets, were utilized to establish an extraction process for surface water bodies from 1986 to 2021 in the Yellow River Basin (YRB). The study aims to investigate the dynamics of surface water bodies and the driving factors within the YRB. The findings reveal an overall expansion tendency of surface water bodies in the YRB between 1986 and 2021. In the YRB, the total area of surface water bodies, natural lakes, and artificial reservoirs increased by 2983.8 km2 (40.4%), 281.1 km2 (11.5%), and 1017.6 km2 (101.7%), respectively. A total of 102 natural lakes expanded, while 23 shrank. Regarding artificial reservoirs, 204 expanded, and 77 shrank. The factors that contributed most to the increase in the surface water bodies were increasing precipitation and reservoir construction, whose contribution rates could reach 47% and 32.6%, respectively. Additionally, the rising temperatures melted permafrost, ice, and snow, positively correlating with water expansion in the upper reaches of the YRB, particularly natural lakes.
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1. Introduction


Surface water bodies, including lakes, rivers, reservoirs (artificial lakes), ponds, and ditches, are the basis for human survival and have a significant impact on regional economic and social development. Surface water bodies make up only around 0.8% of the land surface but provide domestic water for nearly 78% of urban residents [1]. Natural lakes and rivers represent the majority, accounting for approximately 88% of the surface water bodies accessible for human utilization, serving as the primary source of surface water resources [2]. Beyond supplying basic water for human survival, surface water resources play a key role in industrial production and agricultural irrigation within human society [3,4]. Recently, there has been a significant shift in the state of water resources and the pattern of the water cycle, primarily driven by climate changes and intensified human activities [5]. Therefore, monitoring the spatio-temporal dynamics of surface water bodies is crucial for promoting the rational utilization of water resources, protecting the ecological environment, and fostering the sustainable development of both society and economy.



The development of remote sensing technology provides a valuable database for resource surveys, environmental assessment, and disaster monitoring across various temporal and spatial scales. Remote sensing, with its advantages of real-time performance, wide coverage, and rapid data updates, has emerged as an important technology for monitoring water bodies’ dynamics. Previous studies have explored the dynamics of surface water at different scales, ranging from regional to global, using optical sensors such as MODIS [6,7,8], Landsat [9,10,11,12], and Sentinel [13,14]. The extraction of water bodies is mainly automatic methods involving support vector machines [15,16], decision trees [17], object-oriented methods [18], and so on. These methods are target-based image classification whose accuracy is limited by the training sample selection [19]. The pixel-based thresholding method, which identifies water bodies based on the threshold of water indices, is favored due to its relatively simple operation and high accuracy. The widely utilized water indices include the Normalized Difference Water Index (NDWI) [20], the Modified Normalized Difference Water Index (MNDWI) [21], and the Automated Water Extraction Index (AWEI) [11]. However, since the spectral signature of the same ground objects varies in different external environments, it is challenging to distinguish water bodies using a single ideal threshold [22]. The Otsu algorithm solves this problem by automatically determining the optimal threshold [23,24], but this algorithm is difficult to ensure the accuracy of local water extraction in large watersheds [25]. The synthesis and optimization of multiple indicators are important for improving the extraction accuracy of surface water bodies.



Surface water bodies are affected by seasonal rainfall and are dynamic systems that rely on high spatial-temporal resolution satellite remote sensing imagery, requiring the processing of a large volume of these images. Traditional image processing methods have a low level of automation, long time consuming, and intensive labor, making it challenging for long-term dynamic monitoring of surface water bodies. The emergence of cloud computing platforms has significantly improved the processing of geospatial data, allowing for large-scale analysis without requiring extensive expertise and effort. Among these platforms, Google Earth Engine (GEE), as an archetypal cloud-based platform, exhibits expedited data processing capabilities, operating intrinsically and in parallel, ensuring optimal performance. GEE boasts extensive repositories housing multi-petabytes of remote sensing data, greatly enhancing the efficiency of image processing [26,27]. The GEE platform has been successfully applied in various fields, such as the mapping of forests [28], urban land [29], coastal tidal flats [30], as well as surface water bodies [31,32,33]. For example, Pekel, Cottam, Gorelick, and Belward [31] completed mapping of worldwide surface water bodies spanning the time period from 1984 to 2015 based on GEE, and Zou et al. [32] also explored the connectivity of surface water bodies in the United States, over the temporal span from 1984 to 2016.



The shortage of water resources in the Yellow River Basin (YRB) is prominent, and it will continue to be a challenge in the future due to climate change and increased human activities. With only 2% of the nation’s river runoff, the YRB supplies water for over 12% of the Chinese population and irrigates more than 15% of China’s farmland [34]. Due to global warming and the implementation of the “Grain to Green” Project, the reduction in runoff observed in YRB since the late 1980s was an unprecedented event within the historical record over the past 500 years [35]. There is a lack of systematic research on how the surface water body area of the YRB has changed. Șerban et al. [36] explored the thermokarst lakes and ponds situated within the source regions of the YRB, employing the supervised Maximum Likelihood Classification method with Landsat imagery for three periods: 1986, 2000, and 2015. Zhou et al. [37] revealed the changes in surface water bodies area in the source regions of the YRB from 1986 to 2019 using the GEE. Some other studies focus on long-term changes in local areas of the YRB, such as the Hetao Plain and the Xiaolangdi Reservoir [38,39]. There is a lack of comprehensive studies that examine the long-term changes in surface water bodies for the entire YRB, and more detailed spatial descriptions of the impacts of climate change and reservoir construction on surface water bodies changes in the YRB are still lacking.



The main purposes of this study are (1) to construct the extraction process of surface water bodies during 1986–2021 in the YRB using Landsat series images on the GEE platform, (2) to reveal the temporal and spatial dynamics of surface water bodies within distinct sub-regions, as well as their natural lakes and artificial reservoirs, and (3) to attribute the influences of climate fluctuations and anthropogenic activities on changes in surface water bodies. This study can enhance the comprehension of climate-driven and human-influenced surface water bodies and provide important insight for policymakers to formulate effective and sustainable water resource management policies.




2. Materials and Methods


2.1. Study Areas


The Yellow River, located in northern China, is the country’s second-largest river, with a total length of approximately 5464 km. It covers an area of nearly 795,000 km2 (8.3% of China’s area) and has a variety of topographical and climate features. Based on the flow direction, the YRB experiences three typical landforms: the Qinghai-Tibet Plateau, boasting an average elevation surpassing 3500 m; the Loess Plateau, with an average elevation of 2000 m, and an alluvial plain [40]. The YRB experiences a continental monsoon climate, displaying arid, semi-arid, and semi-humid characteristics. Precipitation levels increase from northwest to southeast, with the annual mean precipitation ranging from 368 to 670 mm. The average annual temperature in the region ranges from 4 to 14 °C [41].



To consider the regional differences of surface water bodies in the YRB, the eight sub-basins are divided according to the secondary basin boundary (Figure 1). The eight sub-basins along the flow direction of the Yellow River are upper of Longyang Gorge (ULG), Longyang Gorge to Lanzhou (LTL), Lanzhou to Hekou (LTH), the interior drainage area (IDA), Hekou to Longmen (HTL), Longmen to Sanmenxia (LTS), Sanmenxia to Huayuankou (STH), and the lower of Huayuankou (LOH).




2.2. Data Sources


Nearly all Landsat 5/7/8 surface reflectance images, totaling 64,620 scenes with cloud cover less than 30%, were utilized (Figure 1). The Landsat images used in this study ensured both a sufficient number of images and a lower cloud cover. These images were atmospherically corrected using the LEDAPS algorithm and were acquired from the GEE platform (https://earthengine.google.com/, accessed on 1 January 2022). The entire study area covers 72 Landsat paths/rows of the Worldwide Reference System (WRS-2), and the spatial distribution of good-quality observations is shown in Figure 2a. The number of images acquired annually varies from 382 in 1986 to 2623 in 2021 (Figure 2b).



The NASA Digital Elevation Model (NASADEM) is utilized as auxiliary data to generate a slope mask, which aids in the removal of terrain shadow pixels that might be mistakenly classified as water pixels. The HydroLAKES dataset (https://www.hydrosheds.org/, accessed on 1 January 2022) and China Reservoir Dataset (CRD) [42] are employed to generate lake masks and reservoir masks, respectively. In order to evaluate the accuracy of the water information extracted in this study, Sentinel-2 images are utilized to derive the water and non-water samples. The results obtained in the study are also compared with the Joint Research Centre Global Surface Water Dataset (JRC-data) [31].



Precipitation, air temperature, and water surface evaporation are selected as representations of climatic factors, ignoring negligible factors (i.e., sunshine duration and humidity) [17,43]. These datasets are collected from ERA5 reanalysis hourly data (https://www.ecmwf.int/, accessed on 1 January 2022), which have been validated for reliability with station observations [44,45].




2.3. Methods


2.3.1. Water Extraction Algorithm


The MNDWI has been widely utilized for surface water extraction [46], and it was an extension of NDWI. However, MNDWI is subject to commission errors in pixels, especially when the pixels comprise surface water bodies and vegetation cover [47]. Combining MNDWI, Enhanced Vegetation Index (EVI), and Normalized Vegetation Index (NDVI) is more stable and effective than individual indices in extracting surface water bodies [48]. Therefore, a combination of MNDWI, EVI, and NDVI is used to detect surface water bodies in this study. The criteria employed (MNDWI > EVI or MNDWI > NDVI) have been proven to be effective in water information extracting based on water signals and are stronger than vegetation signals. Moreover, the criteria of EVI < 0.1 can reduce the interference from wetland vegetation. Therefore, this study extracts surface water bodies utilizing the criteria of ((MNDWI > EVI or MNDWI > NDVI) and (EVI < 0.1)).


  MNDWI  =      ρ   Green   −   ρ   SWIR       ρ   Green   +   ρ   SWIR      



(1)






   EVI = 2.5   ×        ρ   NIR   −   ρ   Red       ρ   NIR    + 6   ×      ρ   Red   −  7.5   ×      ρ   Blue    + 1     



(2)






   NDVI =      ρ   NIR   −   ρ   Red       ρ   NIR   +   ρ   Red      



(3)




where     ρ   NIR    ,     ρ   Red    ,     ρ   Blue    ,     ρ   Green     and     ρ   SWIR     are near-infrared bands, red bands, blue bands, green bands, and shortwave infrared bands of Landsat images.



For each pixel, the water frequency (WF) can be calculated as follows:


   WF =    1   N     ∑  i  = 1    N    w    



(4)




where N represents the number of good-quality observations within one year, w is a binary variable that indicates the pixel type, with 1 for water bodies and 0 for non-water bodies. The value of WF ranges from 0 to 1.0. Previous studies have considered that when the annual WF of a pixel is equal to or greater than 0.25, it is classified as an annual effective water body [32,49]. In order to effectively reflect the long-term annual changes of surface water bodies in a specific region, the waters in the study refer to effective water bodies.



The extraction of surface water bodies is implemented on the GEE platform. First, this study selects the Landsat satellite series on the GEE platform across the Yellow River Basin during the period of 1986–2021. Each image undergoes cloud, shadow, and snow removal using the CFmask algorithm based on the quality assessment band (QA) of Landsat satellite datasets. NASADEM is utilized to calculate the slope. Since pixels with a slope exceeding 10° usually contain mountain shadows that may interfere with water pixels, these pixels are filtered out [7]. Second, surface water bodies are extracted using the criteria of ((MNDWI > EVI or MNDWI > NDVI) and (EVI < 0.1)). Pixels that meet the criteria are identified as water pixels and assigned a 1; otherwise, the pixels are identified as non-water pixels and assigned a 0. Third, the WF is calculated iteratively based on all water pixels in one year, and when WF ≥ 0.25, the pixels are classified as annual surface water bodies. Fourth, based on the HydroLAKES and CRD dataset, lake masks and reservoir masks are generated by the 600 m buffer distance to include all possible historical water coverage scenarios [50], and surface water bodies are intersected with the lake and reservoir masks to generate the Natural Lake dataset and the Artificial Reservoir dataset, respectively. Finally, count the extraction results of surface water bodies in the Yellow River Basin every year and analyze the annual variation of the total water area, natural lake areas, and artificial reservoir areas. The workflow of surface water body extraction is shown in Figure 3.




2.3.2. Accuracy Assessment


To validate the accuracy of the water extraction results, a total of 8000 samples, including 4305 water samples and 3695 non-water samples, are generated using visual interpretation in Sentinel-2 images (Figure 4). Accuracy indices are used, including overall accuracy (OA), producer’s accuracy (PA), user’s accuracy (UA), and Kappa coefficient (Kc), which are based on confusion matrices. In addition, Sentinel-2 imagery and Landsat imagery should have the same date to minimize possible bias due to time differences, and a total of 138 Sentinel-2 images covering the entire YRB are used. The formulas for OA, PA, UA, and Kc are as follows:


   Overall   accuracy   =      p   Total     N    × 100 %   



(5)






   Producer ’ s   accuracy   =      p   i j       p   i      × 100 %   



(6)






   User ’ s   accuracy =      p   i j       p   j      × 100 %   



(7)






   Kappa   coefficient =    N ×   p   Total   −   ∑  i  = 1    r      p   i     p   j         N   2   −   ∑  i  = 1    r      p   i     p   j        



(8)




where pTotal represents the sum of correct classifications, N represents the sum of validation samples, r represents the number of rows in the confusion matrix, pij represents the number of observations in row i and column j in the confusion matrix; pi represents a marginal total of row i; pj represents a marginal total of column j in the confusion matrix.




2.3.3. Trend Analysis Methods


The trend analysis methods of Sen’s slope [51] and the Mann–Kendall test [52,53] were used to discover trends in surface water bodies’ area and climate factors. The methods have the advantage of being insensitive to outliers and have been used widely to detect temporal trends in hydrological and meteorological data. Sen’s slope can be calculated as follows:


  Slope = median       x   j   − x   i     j − i     1 < i < j    



(9)




where slope represents the inter-annual trend in surface water bodies, xi and xj represent the annual surface water bodies in i and j, respectively, and n is the length of the time series.



Mann–Kendall test can be calculated as follows:


      S =    ∑   i =  1    n −  1        ∑   k = i +  1   n     s g n     x   k   −   x   i              



(10)




where xk and xi represent the continuous surface water bodies area variable, and n is the length of the time series.


      s g n   θ   =       1 , θ > 0       0 , θ = 0       − 1 , θ < 0            



(11)






      Z =         S  − 1      v a r    S        , S > 0       0 , S = 0          S +  1     v a r    S      , S < 0            



(12)







When |Z| > 1.96, the variable has a significant level at the confidence level p = 0.05, and when |Z| > 2.57, the variable has a significant level at the confidence level p = 0.01.




2.3.4. Driving Factors of Surface Water Bodies Area Changes


The partial correlation coefficient was used to analyze the relationship between the surface water area of YRB and factors such as precipitation, air temperature, evaporation, and reservoir construction. It can reflect the degree of net correlation between two variables by analyzing the correlation between two variables only under the condition of controlling the linear influence of other variables. The greater the absolute value of the partial correlation coefficient (the closer it is to 1), the higher the degree of linear correlation between variables, and vice versa.



Multiple linear regression and contribution analysis [33] were used to quantify the contributions of meteorological factors and reservoir construction on the change in surface water bodies area. To address the overestimation of the regression coefficients caused by the co-trendiness of the time-series data, this study first de-trended the surface water bodies area and the influencing factors. The regression coefficients were then calculated using multiple regression analysis (Equation (13)).


    d e t   SWA   =   S   Pre   ×   d e t   Pre    +    S   Tem   ×   d e t   Tem    +    S   Eva   ×   d e t   Eva    +    S   Rse   ×   d e t   Rse    



(13)




where detSWA, detPre, detTem, detEva, and detRse represent the time series of surface water bodies area, precipitation, temperature, water surface evaporation, and reservoir construction after de-trending, respectively; SPre, SET, STem, SEva, and SRse represent the regression coefficients of surface water bodies area, precipitation, temperature, water surface evaporation, and reservoir construction, respectively.



The contribution of single factors to the change in surface water bodies area can be calculated as follows:


      d   SWA     d t    =    S   Pre   ×     d   Pre      d t    +   S   Tem   ×     d   Tem      d t    +   S   Eva   ×     d   Eva      d t    +   S   Rse   ×     d   Rse      d t     



(14)






  p ( x )  =        S   x   ×     d   x      d t            S   Pre   ×     d   Pre      d t      +     S   Tem   ×     d   Tem      d t      +     S   Eva   ×     d   Eva      d t      +     S   Res   ×     d   Res      d t         



(15)




where       d   SWA      d t    ,     d   Pre      d t    ,     d   Tem      d t    ,       d   Eva      d t    ,       d   Rse      d t      represent the long-term trend of surface water bodies area, precipitation, temperature, water surface evaporation, and reservoir construction after de-trending, respectively, p(x) is the contribution of single factors on the change in surface water bodies area.






3. Results


3.1. Accuracy Assessment of Surface Water Bodies


As shown in Table 1, the OA of the water extraction algorithm is 97.80%, the Kc is 0.96, the PA is 97.56%, and the UA is 98.37%, indicating that the surface water information extracted from Landsat images exhibits high accuracy and can be used for subsequent research.




3.2. The Areas of Surface Water Bodies and Spatial Distribution


Overall, from 1986–2021, the total water area (TWA) in the YRB is 9549.3 km2 on average, accounting for 1.2% of the total area of the YRB. Among them, the average of natural lake areas (NLA) and artificial reservoir areas (ARA) are 2527.9 km2 and 1871.7 km2, respectively, accounting for 26.4% and 19.6% of the TWA in the YRB.



As shown in Table 2, the ULG sub-basin exhibits the largest total water area (TWA) of 2963.6 km2, accounting for 31.0% of the total water area of YRB, followed by LTH (2824.0 km2, 29.6%). The smallest TWA of 408.4 km2, amounting to 4.2% of the YRB’s total water area, is found in the IDA sub-basin. Similarly, the ULG sub-basin is the primary location for natural lakes and artificial reservoirs. The ULG has the largest NLA, covering a total area of 1772.3 km2, accounting for 70.1%, while the STH sub-basin has the smallest NLA, about 3.4 km2, accounting for just 0.1% of TWA of the YRB. As for artificial reservoirs, the ULG also exhibits the largest area with 444.9 km2 (23.7%), while the smallest is in IDA, with a total area of 16.5 km2, accounting for only 0.9%.



The spatial distribution of different types of surface water bodies in the YRB varies significantly along longitude (Figure 5a) and latitude (Figure 5b). Natural lakes are mainly distributed in the ULG sub-basin (longitude less than 100°E), accounting for more than 90% of the total water area (Figure 5a). Large reservoirs are mainly distributed in the LTL and LTH sub-basin (longitude between 100–106°E), as well as downstream areas of the Yellow River. The remaining areas mainly consist of the Yellow River and its tributaries and scattered reservoirs. As the main water supply, many reservoirs are concentrated in urban areas.



The WF varies with season across the YRB (Figure 6a). The water pixels with WF ≥ 0.9 are areas with water all year round, covering an extent of 2736.2 km2, accounting for 49.3% of TWA, and consisting mainly of large lakes (such as Gyaring Lake and Ngoring Lake) (Figure 6b,c), reservoirs (such as Liujiaxia Reservoir) (Figure 6d) and the mainstream of the Yellow River (Figure 6e,f). The area of water pixels with a WF of 0.25–0.3 is 1132.6 km2, which is a seasonal variation of water bodies, mainly composed of small ponds, edges of rivers and lakes, and narrow streams. Due to fluctuations in water levels caused by seasonal changes, the extent of some water bodies may experience a reduction in their central areas during the dry season (Figure 6e). The higher the WF in water bodies, the higher the probability that these surface water bodies have a year-round continuous water surface. Conversely, the water bodies with lower WF may be affected by reduced precipitation or increased water consumption in some years.




3.3. Areal Changes of Surface Water Bodies


3.3.1. Annual Trends of Surface Water Bodies Area from 1986 to 2021


The TWA in the YRB, including NLA and ARA, has shown an overall significant upward trend (p < 0.01) (the p is calculated using the Mann–Kendall test) during the period of 1986–2021 (Figure 7a). TWA, NLA, and ARA have increased from 7392.0 km2, 2445.4 km2, and 1000.6 km2 in 1986 to 10,375.8 km2, 2726.6 km2, and 2018.1 km2 in 2021, an increase of 40.4%, 11.5% and 101.7%, respectively. The growth rate of ARA (21.6 km2 yr−1) in YRB is notably higher than that of NLA, which is 3.5 times faster than NLA (6.1 km2 yr−1).



The surface water bodies are divided into three types according to their area: small (1–10 km2), medium (10–50 km2), and large (more than 50 km2), and the changes in the area and number of surface water bodies of these three levels are analyzed in 1986–2021 (Figure 7b–d).



Small-size natural lakes and artificial reservoirs show an upward trend in both area and number (Figure 7b). The NLA and ARA increased from 267.1 km2 and 274.1 km2 in 1986 to 347.5 km2 and 470.3 km2, an increase of 30.1% and 71.6%, respectively, and the number of natural lakes and artificial reservoirs increased by 16 and 75, respectively. The areas of medium (Figure 7c) and large-sized (Figure 7d) artificial reservoirs increased significantly, increasing by 224.5 km2 (101.7%) and 596.8 km2 (118.0%), respectively, while natural lakes changed less, increasing by 40.5 km2 (8.6%) and 160.3 km2 (9.6%), respectively.



The annual fluctuations of NLA and ARA are not completely consistent, especially during the severe drought in YRB in 1989 (Figure 7c,d). The areas of medium and large-sized natural lakes decreased significantly, while the areas of artificial reservoirs increased instead of decreasing. Water storage projects may affect or even reverse the natural trend of changes in the areas of artificial water bodies.




3.3.2. Spatial Distribution of the Trend of Surface Water Area


As shown in Figure 8a, except for IDA (TWA decreased by 38.0 km2), the TWA changes in all other sub-basins of YRB exhibited a positive increasing trend during the period of 1986–2021. Among them, the TWA of LTH and ULG increased obviously, which were 1321.8 and 724.8 km2, an increase of 70.6% and 28.5%, respectively. Similar to the TWA, the changes in NLA within YRB were mostly positive, except for sub-basin IDA. Among them, LTH and ULG had the largest increase in NLA, with an increase of 146.8 km2 and 123.9 km2, respectively. The difference is that the changes in the area of artificial reservoirs in all sub-basins showed a net increase. The ULG sub-basin had the largest increase in ARA at 343.6 km2, followed by STH with a total of 258.0 km2, and IDA had the smallest increase in ARA at 4.5 km2.



The number of natural lakes that have significantly expanded and shrunk was counted. A total of 102 natural lakes in YRB expanded in size, and 23 natural lakes shrunk. Most of the natural lakes in the upper YRB are expanding significantly, such as ULG (100%) and LTH (86.5%), while most of the shrinking natural lakes are located in IDA (51.9%). In YRB, there are 22 natural lakes with an expansion area of more than 3 km2, seven natural lakes with an expansion area of more than 10 km2, and one with an expansion area of more than 50 km2, such as Ngoring Lake (Figure 8b) in ULG, with an expansion area of 61.0 km2. There are 25 natural lakes with a shrinking area of less than 5 km2, of which Hongjiannao Lake (Figure 8c) has the largest shrinking area, about 20.1 km2.



In the YRB, 204 artificial reservoirs were significantly expanded, and 77 shrunk. The expansion changes of artificial reservoirs were mainly concentrated in LTS (81.8%) and LTH (82.0%), while the artificial reservoirs in the middle and lower reaches of YRB shrank more, such as HTL (46.5%) and LOH (50.0%). There are 36 artificial reservoirs with an expansion area of more than 3 km2, of which 13 are expanded over 10 km2, and three are expanded over 50 km2. The artificial reservoir with the largest expansion area is Longyangxia Reservoir (Figure 8d) in ULG, with an expansion area of 319.2 km2. The shrinking area of 75 artificial reservoirs is less than 5 km2, among which Sanshenggong Reservoir (Figure 8e) has the largest shrinking area, about 20.5 km2.





3.4. Drivers of Surface Water Bodies Area Changes


Partial correlation analysis was used to study the influence of meteorological factors and reservoir construction on the surface water bodies area of different sub-basins (Figure 9). Except for IDA (R = 0.24, p = 0.17), precipitation was the dominant climatic factor for surface water changes in the remaining seven sub-basins of the YRB. There was a strong and significant positive correlation between surface water bodies’ area change and precipitation (p < 0.05) (Figure 9a). The increase in temperature had a significant positive correlation with the expansion of water area in alpine regions, such as ULG (R = 0.47, p < 0.01) and LTL (R = 0.42, p < 0.05) in the upper reaches of the Yellow River (Figure 9b). The effect of evaporation on surface water bodies area was weak, and only one sub-basin STH (R = −0.44, p < 0.05) showed a significant negative correlation between surface water bodies area changes and evaporation (Figure 9c). The partial correlations in the IDA between surface water bodies’ area changes and precipitation, temperature, and evaporation were found to be weak (p-precipitation, p-temperature, and p-evaporation were all greater than 0.15). In addition, except for LTL (R = 0.31, p = 0.06), the remaining seven sub-basins showed a significant positive correlation between surface water bodies area changes and reservoir construction (Figure 9d).



The result of contribution analysis showed that the combined contribution of meteorological factors on surface water bodies area variation was 67.4% in the whole YRB, and the remaining 32.6% of the variation in surface water bodies area is attributed to reservoir construction.



Among the meteorological factors, precipitation accounts for 47%, temperature for 16%, and water surface evaporation for 4.4%. In specific sub-basins within the YRB, precipitation has the greatest influence on changes in surface water bodies area, exceeding 50% in the IDA (78.5%), LTS (76.4%), LTH (71.6%), and LTL (65.6%). These sub-basins are primarily affected by precipitation patterns. Contrarily, temperature contributes less than 10% in the six remaining sub-basins, except for TLT (24.7%) and ULG (22.7%). Surface water evaporation has a relatively minor impact on changes in surface water bodies area (Figure 10a–c).



Since the 1980s, the Yellow River Basin has vigorously built reservoirs, with more than 70 reservoirs continuously increasing. From 1986 to 2021, 32.6% of the change in surface water bodies area in the YRB was caused by artificial reservoirs. In the STH (80.3%), HTL (70.1%), and STH (51.5%) sub-basins, reservoir construction dominates changes in surface water bodies area (Figure 10d). As for HTL sub-basin, the area of artificial reservoirs in this sub-basin accounts for 26% of the total water area, but 70.1% of the increase in water area is caused by the expansion of artificial reservoirs. In the ULG sub-basin, the contribution of reservoir construction to the change in surface water bodies area was 48%, but the expansion of Longyangxia Reservoir, a large reservoir built in 1986 and surged in 1987, accounted for 92.9% (319.2 km2) of the change in the reservoir area.





4. Discussion


4.1. Impact of Climate and Human Activities on Changes in Surface Water Bodies


Climate change is one of the most important impacts on global water and ecosystems. As has been observed in recent decades, key hydrological and physical variables such as surface temperature, evapotranspiration, and land cover all respond dramatically and rapidly to climate change [54]. Over the past three decades, more than 90,000 km2 of surface water bodies came into existence globally [31], and associated expansion hotspots were identified in regions that are less affected by human activities, such as the Qinghai-Tibet Plateau, Greenland, and the Rocky Mountains [55]. The opposite results were also observed in southern Australia, western USA, central Asia, and the Middle East, where the area of surface water bodies decreased, which was associated with local drought events [56,57].



This study has found that the total water area in the YRB showed an obvious upward trend from 1986 to 2021, an increase of 40.4% (p < 0.05) (Figure 8a). Climate change has contributed over 60% to this increase in surface water bodies area. Precipitation plays an important role as a source of surface water in the YRB. The precipitation in the YRB exhibits a clear upward trend (Table 3), which can directly increase the quantity and area of surface water bodies. This study confirmed a significant and positive correlation between the change in surface water bodies area and annual precipitation in the YRB (Figure 9a). The increased precipitation mostly drove the expansion of non-glacial lakes, which is consistent with previous findings [58]. Localized studies have also demonstrated that changes in non-glacial lakes were dominated by precipitation, such as the middle and lower reaches of the Yangtze River Basin, including Taihu Lake, Poyang Lake, and Donting Lake [59,60]. The increase in temperature exhibits a significant and positive correlation with the expansion of water area in alpine regions, such as the ULG and LTL (Figure 9b). These regions are situated on the Qinghai-Tibet Plateau, which has an average elevation exceeding 3500 m and have experienced an annual temperature increase of approximately 1.8 °C, surpassing the global warming rate. Warming temperatures have accelerated the melting of glaciers, snow, and permafrost at the source of the Yellow River, increasing the amount of runoff into the lakes and indirectly contributing to the expansion of the lakes [61]. Moreover, as a major contributor to terrestrial water depletion, the decline in evaporation may have also played a role in mitigating water scarcity [62].



Human activities, such as reservoir construction, are an important factor affecting changes in the surface water bodies area [31,63]. The construction of reservoirs is mainly used for various human water needs, including domestic water, industrial water, and irrigation water, and it can directly increase the quantity and area of surface water bodies [42,64]. Our study shows that 32.6% of the area change of surface water bodies in the YRB is attributable to artificial reservoirs during the period of 1986–2021. In the STH and HTL sub-basins, artificial reservoirs contributed more than 70% to the increase in surface water bodies area (Figure 10).




4.2. Performance and Uncertainty of Water Extraction Algorithms


This study assessed the practical applicability of the algorithm in different regions, including the United States, Brazil, Germany, South Africa, Russia, and Australia (Figure 11), and verified the accuracy of water body extraction results. These countries exhibit significant differences in terms of climate conditions, geomorphic features, land use, and water body sizes, which could potentially impact the accuracy of water body extraction. The research findings indicate that this method consistently achieves high accuracy, typically exceeding 96% (Table 4). Previous studies have shown that the algorithm achieves high accuracy, generally above 90% [65]. In this study, the water body extraction results in the YRB achieved high accuracy (97.8%). This suggests that changes in external environmental conditions have a relatively minor impact on the algorithm’s practicality. Therefore, there is substantial potential for the algorithm’s widespread use in other regions.



The surface water dataset of this study and the JRC data are compared to quantify their differences and similarities. Overall, the two products are relatively consistent in terms of spatial distributions and patterns of water bodies boundaries. However, the JRC data sometimes misses water bodies, resulting in discontinuities in river network connectivity. As shown in Figure 12h,i,l, in the JRC data, the WF of the mainstream of the Yellow River is mostly around 0.60, which is inconsistent with the reality that there was no break in the mainstream of the Yellow River in 2019. Other studies have shown that JRC data has large omissions in the identification of water bodies in summer, resulting in lower WF [37].



Due to the impact of image data resolution and the environmental conditions, there are still some limitations or uncertainties in the accuracy of the surface water bodies dataset in this study. First of all, due to the limitation of spatial resolution of remote sensing data, water bodies smaller than 900 m2 cannot be identified. Second, the accuracy of water extraction results may be reduced due to ice and snow cover in some months [66]. Finally, due to the 16-day revisit period of Landsat imagery, omission errors are inevitable when observations do not coincide with some short-term events in surface water, such as floods [67]. The Landsat image quantity and data quality need attention in follow-up research.





5. Conclusions


This study explores the temporal and spatial dynamics of surface water bodies area in the YRB and its eight sub-basins and quantitatively evaluates the driving factors of the area changes in the surface water bodies area. It was found that the TWA, NLA, and ARA in the YRB increased by 2983.8 km2 (40.4%), 281.1 km2 (11.5%), and 1017.6 km2 (101.7%), respectively. The results reveal a continuing upward trend in the total area of surface water bodies in the YRB, expanding at a rate of 38.4 km2 yr−1. Notably, the rate of increasing artificial reservoir areas was much greater than that of natural lakes. The increasing precipitation can directly increase the area and number of surface water bodies, and it largely contributed to the net volume increase in surface water bodies area, counting for 47%. Human activities, such as reservoir construction and water storage, contributed 32.6% to the change of surface water area, especially in the HTL, LTL, and STH sub-basins. Additionally, the rising temperature (contributed 22.7% to the change of surface water area) has accelerated the melting of permafrost and ice and snow in the source of the YRB, increasing the amount of runoff into the lakes, which indirectly led to the significant expansion of surface water bodies, especially the natural lakes. The decline in evaporation has played a role in mitigating water scarcity.



The water extraction process constructed in this study reduces the large uncertainties introduced in previous efforts to use date-specific images in different years. This automated process uses open data and cloud-based platforms for analysis, so it is suitable for water monitoring in various other regions, and the advent of other sensors with higher spatiotemporal resolution (e.g., Worldview 4, Sentinel-2) will further help improve surface water bodies extraction in the future. The results of this study provide an important reference for the meticulous management and optimal allocation of water resources under the circumstances of climate change and intensified human activities.
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Figure 1. The location and geographical features of the Yellow River Basin. 






Figure 1. The location and geographical features of the Yellow River Basin.



[image: Remotesensing 15 05157 g001]







[image: Remotesensing 15 05157 g002] 





Figure 2. Distribution and numbers of Landsat images in the YRB in 1986–2021. (a) Distribution of good-quality images of Landsat series images, and (b) annual variation in the number of Landsat images. 
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Figure 3. Flowchart of surface water extraction algorithm based on Landsat images. 
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Figure 4. Spatial distribution of validation samples for water extraction results in the study. 
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Figure 5. The spatial contribution of the average surface water bodies’ area of the YRB in 1986–2021. The changes of surface water bodies area, including lakes and reservoirs, along with (a) latitude and (b) longitude. 
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Figure 6. Maps of water frequency (WF) in the YRB during the period of 1986–2021. (a) Areas of surface water bodies at different levels of water frequency (0.05 intervals). Water frequency mapping of (b) Gyaring Lake, (c) Ngoring Lake, (d) Liujiaxia Reservoir, (e) mainstream of the Yellow River in the LTH sub-basin, and (f) mainstream of the Yellow River in HTL sub-basin, respectively. 
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Figure 7. Annual variation of surface water bodies from 1986 to 2021. (a) The trends of TWA, NLA, and ARA in the YRB. The trend is determined using Mann–Kendall, and the rate is calculated using Sen’s slope. The changes in the number and area of natural lakes and artificial reservoirs in different area levels: (b) 1 to 10 km2; (c) 10 to 50 km2; (d) greater than 50 km2. NLN and ARN refer to the number of natural lakes and artificial reservoirs; NLA and ARA refer to the area of lakes and reservoirs. 
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Figure 8. Expansion and shrinkage of surface water bodies from 1986 to 2021 in the YRB. (a) The area changes of surface water bodies, lakes, and reservoirs in eight sub-basins. The expansion and shrinkage of surface water bodies of (b) Ngoring Lake, (c) Hongjiannao Lake, (d) Longyangxia Reservoir, (e) Sanshenggong Reservoir, and (f) Xiaolangdi Reservoir, respectively. 
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Figure 9. Partial correlation coefficient between (a) precipitation, (b) temperature, (c) water evaporation, reservoir construction (d) and surface water bodies area in individual sub-basin with different significance levels. (* p < 0.05 and ** p < 0.01). 
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Figure 10. Contributions of precipitation (a), temperature (b), evaporation (c), and reservoir construction (d) to surface water bodies area changes in eight sub-basins of the Yellow River Basin. 
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Figure 11. Validation samples for water extraction results in the United States, Brazil, Germany, South Africa, Russia, and Australia. 
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Figure 12. Comparison of water frequency maps between the study (a–f) and JRC dataset (g–l). (a,g) Gyaring Lake, (b,h) Dongping Lake, (c,i) Xiaolangdi Reservoir, (d,j) mountainous water bodies in ULG, (e,k) urban water bodies in Xi’an City, and (f,l) mainstream in the lower reaches of the Yellow River, respectively. 
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Table 1. Accuracy assessment of surface water extraction algorithm used in the study.
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Sample Number

	
Sample Number

	
Total

	
UA




	
Water

	
Non-Water






	
Water

	
4235

	
70

	
4305

	
98.37%




	
Non-Water

	
106

	
3589

	
3695

	
97.13%




	
Total

	
4573

	
3659

	

	
OA = 97.80%




	
PA

	
97.56%

	
98.09%

	

	
Kc = 0.96











 





Table 2. The average surface water bodies’ area and proportion of the YRB and its sub-basins in 1986–2021. TWA is the total area of surface water bodies, NLA is the area of natural lakes, and ARA is the area of artificial reservoirs.
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	TWA (km2)
	NLA (km2)/

Proportion of TWA (%)
	ARA (km2)/

Proportion of TWA (%)





	YRB
	9549.5
	2528.0/26.5
	1871.7/19.6



	ULG
	2963.6
	1772.3/59.8
	444.9/15.0



	LTL
	531.9
	21.1/4.0
	310.9/58.5



	IDA
	408.4
	187.9/46.0
	16.5/4.0



	LTH
	2824.0
	303.1/10.7
	288.1/10.2



	HTL
	498.5
	13.5/2.7
	129.5/26.0



	LTS
	893.6
	64.0/7.2
	314.4/35.2



	STH
	495.1
	3.4/0.7
	274.2/55.4



	LOH
	934.4
	162.7/17.4
	93.2/10.0










 





Table 3. Annual trends of climatic variables, precipitation, temperature, and evaporation, in the Yellow River Basin and its sub-basins from 1986 to 2021. A single asterisk indicates a significance level of 0.05, and a double asterisk indicates a significance level of 0.01.
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	Precipitation

(mm yr−1)
	Temperature

(°C yr−1)
	Evaporation

(mm yr−1)





	YRB
	3.85 **
	0.04 **
	−0.35



	ULG
	5.97 **
	0.03 **
	0.40 *



	LTL
	3.75 **
	0.04 **
	0.31 *



	IDA
	2.41 **
	0.03 **
	−1.41



	LTH
	2.48 *
	0.03 **
	−1.33



	HTL
	4.44 **
	0.04 **
	−0.78



	LTS
	4.46 **
	0.03 **
	−0.16



	STH
	4.01 *
	0.04 **
	−0.15



	LOH
	3.50
	0.03 **
	−0.23










 





Table 4. The surface water extraction accuracy in the Yellow River basin and other region.
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	Regions
	OA
	Kc





	The United State
	97.12%
	0.94



	Brazil
	96.25%
	0.93



	Germany
	97.80%
	0.96



	South Africa
	96.57%
	0.93



	Russia
	96.11%
	0.93



	Australia
	97.01%
	0.94



	The Yellow River Basin
	97.80%
	0.96
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