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Abstract

:

The dynamics of surface water play a crucial role in the hydrological cycle and are sensitive to climate change and anthropogenic activities, especially for the agricultural zone. As one of the most populous areas in China’s river basins, the surface water in the Huai River Basin has significant impacts on agricultural plants, ecological balance, and socioeconomic development. However, it is unclear how water areas responded to climate change and anthropogenic water exploitation in the past decades. To understand the changes in water surface areas in the Huai River Basin, this study used the available 16,760 scenes Landsat TM, ETM+, and OLI images in this region from 1989 to 2017 and processed the data on the Google Earth Engine (GEE) platform. The vegetation index and water index were used to quantify the spatiotemporal variability of the surface water area changes over the years. The major results include: (1) The maximum area, the average area, and the seasonal variation of surface water in the Huai River Basin showed a downward trend in the past 29 years, and the year-long surface water areas showed a slight upward trend; (2) the surface water area was positively correlated with precipitation (p < 0.05), but was negatively correlated with the temperature and evapotranspiration; (3) the changes of the total area of water bodies were mainly determined by the 216 larger water bodies (>10 km2). Understanding the variations in water body areas and the controlling factors could support the designation and implementation of sustainable water management practices in agricultural, industrial, and domestic usages.
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1. Introduction


The water resources are vital to human economic prosperity, production development, the maintenance of ecosystem functions, and the promotion of sustainable development [1]. Climate change can have a dramatic impact on interannual and intra-annual variations of surface waters, which can have a profound influence on human society and ecosystems [2,3]. Currently, China and the rest of the world have to cope with the impacts of climate change on water resources and agricultural production [4]. The Huai River Basin is an important crop planting area whose population density ranks the first among the major river basins in China, and it plays an important role in China’s economic and social development. According to the 2016 Huai River Water Resources Bulletin, the surface water resource supply in the Huai River Basin accounts for 74.6% of the total water supply of various water supply projects. Therefore, the temporal and spatial variation characteristics of surface waters need to be accurately mapped to ensure the sustainable economic and social development of the river basin and the stability of the ecosystem.



Previous studies mapped the surface water using different data, algorithms and produced different spatial scale production. Satellite-based methods have advantages compared to the traditional methods in surface water mapping due to the low cost, high frequency, and repeatable observations. In recent decades, regional, continental, and global-scales surface water areas have been investigated using the advanced very high resolution radiometer (AVHRR) [5,6], the moderate-resolution imaging spectro-radiometer (MODIS) [7], Landsat [8,9,10,11,12,13,14,15,16,17,18], Sentinel satellite images and so on. Meanwhile, many satellite-based approaches have been developed to detect surface water. The surface water detection algorithms can be roughly divided into general feature classification methods and thematic water surface extraction algorithms [17,19]. General feature classification methods include spectral mixture models [20,21], maximum likelihood classification [22], artificial intelligence methods [15,23,24], etc. However, these methods are difficult to quickly map water body using multi-temporal images over a large basin, a big country, and at a global scale [19], because it needs human expertise and knowledge to select samples and training algorithms. Thematic water surface extraction algorithms can primarily be categorized into satellite spectral bands [25] and different kinds of water indices [26,27,28]. The multi-band water indices are superior to the single-band because it takes advantage of different reflectivity differences of spectrum information between water and other land covers. Meanwhile, the water indices also have the advantages in accurate, easy, rapid and reproducible extraction of the surface water information to capture the dramatic intra-annual and inter-annual water variability, and were successfully used to extract surface water using remotely sensed data [17,18,19,29,30,31].



The surface areas of water bodies have significant inter-annual and intra-annual variations. Therefore, there are a lot of uncertainties using a single image to map water surface areas [32,33,34]. Firstly, because of the intra-annual variability of surface water areas, when using the selected image at a single time of year to map the surface water, the results always have differences. It is difficult to select a suitable time to capture images for different purposes. In wet seasons, the maximum water areas could be mapped, while in a dry season, the permanent water area could be observed. In order to avoid these mapping differences, using all images within a year can reduce such uncertainties. Secondly, because the surface water has interannual water variability, using multiple years’ images captured at the same time to describe the long trends of surface water variability may result in inconsistent surface water areas and water body numbers [2,3]. It is difficult to define the proper time in a year for a single image and the same date’s image across different years to reduce the uncertainties in the mapping results. Therefore, it is necessary to implement a comprehensive analysis to investigate the continuous change of surface water areas using enough available images captured in different seasons and years.



The Landsat data have the consistency spectrum and represent the longest-running terrestrial satellite records. Therefore, it has been successfully used to investigate the impacts of anthropogenic activities and climate change. Since January 2008, petabyte-scale archives of the Landsat images could be downloaded for free to comprehensively analyze the change of the land use or land cover [35,36]. At the same time, a wide variety of cloud computing platforms have been developed to process large-scale geospatial data, without requiring considerable technical expertise and effort. Google Earth Engine (GEE) is a representative cloud-based platform that can process the data in an intrinsically-parallel way with high-performance and consists of a multi-petabyte remote sensed data, which is preprocessed to ready-to-use and to efficiently access [37]. GEE has been successfully used to map regional, national and global land cover in urban land [38,39], coastal tidal flats [31], mangrove forests [40], crop planting areas [30,41], forests [40] and open surface waters bodies [13,17,18,42].



This study aims to examine the spatiotemporal dynamics of surface water areas, which include the maximum water areas in a specified year, the continual year-long water areas, seasonally changing in water bodies area, which is equal to the maximum minus year-long water body area and the average water areas in Huai River Basin from 1989 to 2017 using the time series of Landsat TM/ETM+/OLI images on GEE cloud computing platform. The specific purpose of this study is to: (1) Analyze spatiotemporal changes of surface water body areas and numbers in the Huai River Basin during 1989–2017; (2) identify the major driven factors that impact the observed dynamics of surface water bodies. Our study would provide important references for policymakers to design sustainable agriculture and industrial water usage policies to conserve water resources and cope with future climate changes.




2. Materials and Methods


2.1. Study Area


The Huai River is an important river located in eastern China (111°55′~121°25′E, 30°55′~36°36′N), bordering the Yellow River in the north and Yangtze River in the south (Figure 1a). It originates in the Tongbai Mountains in Henan province and flows from the west to the east across the Anhui province, Shandong province, and Jiangsu province to the Yellow Sea (Figure 1a,b). It is also an important climate transition between the north and south of China. The annual average temperature is 11 °C~16 °C (Figure 1d). The average annual precipitation is 920 mm with a decreasing pattern from south to north (Figure 1c), 50–70% of which falls during the warm season. The total catchment area is 270,000 km2 with a total population of 165 million. Therefore, the population density is the highest in China’s major river basins. It is an important agricultural region in China and mainly planted with wheat, rice, potato and rapeseed [43,44].




2.2. Data Source


2.2.1. Landsat5 TM, 7 ETM+, 8 OLI Data


The Huai River Basin covers 27 path/row of the Landsat Worldwide Reference System (WRS-2) (Figure 2c). The Landsat standard Level 1T (L1T) terrain-corrected orthorectified images, which are processed by the Landsat Ecosystem Interference Adaptive Processing System Algorithm (LEDAPS), are used in our study. Based on the GEE platform (https://earthengine.google.com/), all the Landsat (TM, ETM+, and OLI) surface seflectance images (16,760 scenes) were obtained from 1 January, 1989 to 31 December, 2017 (Figure 2). The distribution of Landsat images was shown in Figure 2, including the total observation numbers of per pixel (Figure 2a), good-quality observation numbers of per pixel (Figure 2b), the numbers of Landsat images in each path/row (Figure 2c), the total numbers of images from different sensors (Landsat 5/7/8) (Figure 2d), and the cumulative percentage of pixels with good observations of 0, 1, 2, 3, 4, [5,10), [10,20), [20,40), [40,80), [80,160), respectively during 1989–2017 (Figure 2e). The acquisition of high-quality satellite imagery is critical to generating an annual water map, so bad-quality satellite images caused by ineffective pixels, clouds, cloud shadows, and snow are masked using the Fmask. The spatial distribution of the number of annual good observations and total observations across the study area from 1984 to 2015 can be found in Supplementary Figures S1 and S2.




2.2.2. Sentinel-2 Multispectral Instruments (MSI) Images, Globeland30, and Climate Data


Sentinel-2 is a European wide-scan, high-resolution, multi-spectral imaging sensor, which was successfully used to monitor vegetation, soil and water cover [45,46]. The Sentinel-2 MSI images were collected from 1 July, 2017 to 30 August, 2017 to closely match the period of the max surface water area to minimize bias that could arise because of large differences in time, and got the total number of 790 images in UTM/WGS84 projection to cover the study area. Sentinel-2 MSI data with the singular of 10 m was used to validate the accuracy of the Landsat extracted water map by visual interpretation. The Joint Research Centre Yearly Water Classification History (v1.0) dataset (JRC-data) [13] was also downloaded to compare with our results.



To validate our algorithm, this study firstly generated validation points from Globeland30, which can be downloaded from http://www.globallandcover.com/GLC30Download [11,47]. A systematic and random sampling method was adopted to select 1000 water surface points and 1000 non-water surface points from the water and non-water types of Globeland30, which are the water and non-water verification points evenly distribution across the Huai River Basin.



The annual average temperature, annual cumulative precipitation, and annual cumulative evapotranspiration is calculated from 3 h Global Land Data Assimilation System (GLDAS) product [48], which ingests satellite and ground-based observational data, and can be obtained based on the GEE platform.





2.3. Data Processing


2.3.1. Waterbody Area Extraction Algorithm


The modified normalized difference water index (mNDWI) is one of the most widely and efficiently used to delineate open water features using the green (band 2) and short-wave infrared (band 5) of Landsat TM, which can easily suppress the signal from built-up land noise [28]. However, mNDWI still has errors in distinguishing water bodies from vegetation [49,50]. Due to the mixed distributions of water and grasses in the wetlands, the wetland vegetation is the main factor leading to the classification errors of surface water bodies [51]. It has been suggested that combining mNDWI, the normalized water body index (NDVI) and enhanced vegetation index (EVI) can perform better and more stable than the individual index in delineating water [17,18,29,30,31]. Accordingly, this study used the combination of three indexes to extract surface water areas, which are EVI, NDVI, and mNDWI (Equations (1)–(3)). The criteria of mNDWI > NDVI and mNDWI > EVI were proved successfully to map surface water based on that water signal being stronger than the vegetation signal [17,18]. To reduce the interferences of wetland vegetation on the extraction of wetland water, the criteria of EVI < 0.1 can eliminate the interference of wetland vegetation. Therefore, the two criteria of (mNDWI > NDVI and EVI < 0.1) and (mNDWI > EVI and EVI < 0.1) were combined to identify the surface water bodies.


NDVI=(ρNIR−ρred)(ρNIR+ρred)



(1)






 mNDWI=(ρgreen−ρSWIR1)(ρgreen+ρSWIR1) 



(2)






 EVI=2.5×(ρNIR−ρred)(ρNIR+6×ρred−7.5×ρblue+1) 



(3)




where ρred, ρgreen, ρblue, ρnir, and ρswir1 are the reflectance of the red band, green band, blue band, near-infrared band 1 and shortwave infrared band 1, respectively.



The detailed process consists of four major steps (Figure 3): Firstly, this study chose Landsat 5/7/8 surface reflectance Tier1 on the GEE platform across the Huai River Basin during 1989–2017, and performed masking on the collected images to remove the low-quality pixels caused by clouds, snow, and shadows using the function of Fmask. Secondly, EVI, NDVI, and mNDWI were calculated on a pixel-by-pixel basis, and extracted the surface water using the criteria of (mNDWI > NDVI and EVI < 0.1) or (mNDWI > EVI and EVI < 0.1). When the criteria were met, a pixel was classified as surface water which was then assigned to 1. On the contrary, the pixel was classified as non-water which was assigned to 0. Thirdly, the water body frequency was calculated, which is a ratio of the total number of water observations to the total number of good observations using all Landsat images within one year and multi-year. According to previous literature [17,18], when the annual water frequency was ≥0.25, the pixels were classified as an effective surface water, forming annual maximum water extent. When the annual water body frequency was ≥0.75, the pixels were classified as annual year-long water extents. When the annual water body frequency spanned from 0.25 to 0.75, the pixels were classified seasonal surface water areas. The annual average surface water area is the sum of all the effective water pixel’ s area (900 m2) multiplied by the water body frequency. Finally, this study calculated the annual area of the maximum, year-long, seasonal, and average surface water area from 1989 to 2017. The inter-annual variations and changing trends of surface water areas in the past 29 years were analyzed using a linear regression analysis.




2.3.2. Variation Analysis


The precipitation, evapotranspiration, and temperature are used as the measures of regional climate and have direct relations with water body changes [52]. The trend of precipitation, evapotranspiration, temperature and four types of annual surface water area were analyzed using the Kendall-Theil regression, which is considered to be a robust linear trend regression method in previous studies [53,54]. To explore the relationship between the Huai River Basin water area and climatic factors, a linear correlation analysis was performed and tested for the four types of annual water area with the annual total precipitation, total evapotranspiration, and average temperature. c





2.4. Accuracy Assessment


Sentinel-2 MSI images with 10 m resolutions taken from 1 July, 2017 to 30 August, 2017 were used as the reference data. To maintain balanced sampling for the water and non-water zone, the 1000 points were stratified randomly selected in the water and non-water areas from the 30 m resolutions of the Globeland30 across the Huai River Basin, respectively. Then, 2000 points were added to the 10 m resolution Sentinel-2 MSI images and visually interpreted the water or non-water surfaces (Figure 4). The visually interpreted 2000 points served as reference data. Meanwhile, 2000 points were added to a single temporal surface water map, which was produced from 27 Landsat images from 1 July, 2017 to 30 August, 2017 in the Huai River Basin, to generate the confusion matrix with the producer’s (PA), the user’s (UA), the overall accuracies (OA) and the Kappa coefficient (Kc). The OA evaluated the overall performance of the model and is the proportion of correctly classified pixels and the sum of classified pixels. PA represents the agreement between the reference data and the classification, while UA evaluates how well the classified pixels agree with the known reference data. The UA and PA are related to commission and omission errors. The Kappa coefficient is the measure of the actual agreement between the reference data and the classifier used for the classification versus the chance of the agreement between the reference data and the random classifier. The Equation of PA, UA, OA, and Kc is as following:


PA=SijSi × 100%



(4)






UA=SijSj×100% 



(5)






 OA=Stotaln 



(6)






 Kc=n×Stotal−∑i=1rSiSjn2−∑i=1rSiSj 



(7)




where Stotal is the sum of correctly classified pixels, n is the sum of validation pixels, r is the number of rows, Sij is observation in a row i column j; Si is a marginal total of row i; Sj is a marginal total of column j.





3. Results and Analysis


3.1. Accuracy Assessment of Single-Temporal Surface Water Map


As the maximum water areas, year-long water areas, and seasonally changing water areas were obtained from the same method and images, the classification accuracies of these maps are comparable. Therefore, this study just selected the maximum water areas as an example to validate the accuracies of our results. As shown in Table 1, each sampling point was visually interpreted as water or non-water pixels according to Sentinel-2 MSI images and a confusion matrix was generated. According to the confusion matrix, the overall accuracy of the water identification algorithm was 93.6%, the Kappa coefficient was 0.87, the producer’s accuracy was 89.64% and the user accuracy was 95.99%.




3.2. Spatial Distribution of Surface Water in the Huai River Basin


There are approximately 11 million water pixels, in which the annual water frequency is larger than or equal to 0.25, in both the annual water frequency map of 2017 and the accumulated water frequency map of 1989–2017 across the Huai River Basin, accounting for 3.6% of the total area of the Huai River Basin (Figure 5a,b). The spatial distribution of water pixels at different frequencies in 2017 and 1989–2017 indicates that 52% and 47% of the water have a pixel frequency greater than 0.75 (Figure 5c,d). These water pixels consist of the interior of a large lake, a reservoir, and a river with water all year round. Due to the fluctuations of the water levels, the edge of a large water body may expose fully during the dry season water. For example, the water frequency map of the central area of Hongze Lake is close to 1, indicating that water is present all year round in the depth of the lake. The frequency level of the edge of the Hongze Lake is 0.63, indicating that the water is shallow and water disappears in some season. The pixel frequency value of the junction of the river and the lake (e.g., intersection of the Xuhong River and Hongze Lake) is less than 0.55, indicating that the water extent of the lake expands in a rainy season although the water is shallow. Small water bodies have lower pixel frequencies, indicating that they may only exist for a few months in a rainy season or become too small to be detected. The number of water pixels observed with 8 water frequency levels from 1989 to 2017 is shown in Figure 5e. The highest water frequency span 0.95 to 1, and the other water frequency levels are more or less.



Among the 11 million water pixels in 2017, there are 5.72 million water pixels of the year-long surface water body, which located in the central area of the lake, the reservoir, and the main river. The remaining 5.38 million water bodies are seasonal variations of water bodies, which are located in small ponds, tributaries, and lake edges. The maximum water area was 52% and the seasonal water area was 48%. According to the water frequency map of 1989–2017 (Figure 5b), large water bodies have higher water frequency, indicating that they have a higher probability of a continuous water surface throughout the year. In contrast, small bodies of water have lower water frequency, suggesting that they may be changed considerably by evaporation, recharge groundwater, less inflow caused by intensified irrigation, and less precipitation in some years, especially in related sectors such as public water, hydropower and animal husbandry.




3.3. Trends of Surface Water Area Variations in Huai River Basin from 1989 to 2017


The maximum, seasonal and average water body areas all showed a typical decreasing trend from 1989 to 2017, but the year-long water area showed a slight upward trend (Figure 6). The maximum water area varied from 9062 km2 to 12260 km2, which was 21% higher and 10.5% lower than the average area of 10130 km2, respectively. The year-long water area varied from 3465 km2 to 6650 km2, which was 35% below and 24% above the average value (5362 km2), respectively. The seasonal water area varied from 3698 km2 to 5742 km2 over seasons in one year, which was 22.3% below and 20.6% above the average value (4762 km2), respectively. Since the average water area is based on the pixel level of the water bodies, it can best reflect the changes in water bodies in one year. The average water area varied from 5878 km2 to 8794 km2, which was 19.4% below and 20.5% above the average value (7296 km2), respectively. As shown in Figure 6, the statistics of water bodies show a downward trend from 1989 to 2017, including the maximum water body area (p < 0.01), the seasonal water body area (p < 0.01), and the average water body area (p < 0.01). The water body with an upward trend found for the year-long water area (p < 0.01). In the past 29 years, the total surface water area of the Huai River Basin has generally shown a downward trend. According to the linear regression model, the average water area in the Huai River Basin decreased by 2.2 km2 per year in the past 29 years (Figure 6b).



The number of maximum and year-long water bodies showed similar patterns of decreasing tendency during 1989–2017 (Figure 7). The maximum number of water bodies varied from 200,000 to 320,000, which was 19% below and 29.5% above the average value (247,000), respectively. The year-long number of water bodies varied from 96,000 to 170,000, which was 26.1% below and 30.7% above the average value (130,000), respectively. The downward trend was found in the maximum number of water bodies (p < 0.01) and the year-long number of water bodies (p < 0.01). The downward trend in the number of water bodies indicates that some water bodies disappear year after year.



The number and area distributions of maximum surface water bodies at different size levels are shown in Figure 8. In the maximum water body map, the water bodies are divided into 10 categories based on the size. From 1989 to 2017, water bodies which have area larger than 100 ha accounted for 0.23% of the total maximum water body numbers, and accounted for 75.9% of the total maximum water body area, 0.18% of the maximum water body number changes, and 74.5% of the total maximum water body area changes. However, the maximum water bodies which have area less than 0.5ha accounted for 80.6% of the maximum water body numbers, and accounted for 3% of the total maximum water body area, 84.6% of the maximum water body number changes, and 5.9% of the total maximum water body changes. Therefore, the number change of maximum water body in the Huai River Basin is mainly contributed by small water bodies, but the area change of the maximum water body is mainly contributed by large water bodies.




3.4. Relationship Between the Climatic Factors and Huai River Basin’s Water


Figure 9 shows a consistent increase in evapotranspiration and temperature for the Huai River Basin. Meanwhile, an increasing trend in precipitation also has been observed. The evapotranspiration increases faster than precipitation, which aggravates aridification of the Huai River Basin.



On the inter-annual scale, the precipitation in the Huai River Basin had a significant correlation with the Huai River maximum water body area (r = 0.6, p = 0.02) and average water body area (r = 0.56, p = 0.03) (Table 2). There is no significant correlation with the minimum water body area (p = 0.2) and the seasonal water body area (p > 0.05). The evapotranspiration and temperature also are not significantly (p > 0.05) correlated with the maximum, minimum, seasonal, and average water body area (Table 2). Therefore, precipitation in the Huai River Basin is the main climate factor which influences on the water body area.




3.5. Changes of Surface Water in Wet and Dry Years


Precipitation is one of the most important climate drivers for surface water changes [55], which has a strong impact on the total surface water area. The total annual rainfall of the Huai River Basin in 2001 and 2003 was 730 mm and 1203 mm, respectively (Figure 9). Compared with the average rainfall (914.5 mm) in the past 29 years, 2001 was a dry year while 2003 was a wet year. The maximum surface water map has more area and number of water bodies in the wet year of 2003 than in the dry year of 2001 (Figure 10a,b). In 2003, the number of water bodies was 320,000, which was 80,000 more than in 2001 (240,000). Among the two years difference of 80,000, the number of water bodies with an area less than 0.5 ha accounts for 80.9%, and the number of water bodies with an area spanning 0.5 ha to 5 ha accounts for 16.5%. Therefore, the changes in the total number of water bodies were mainly controlled by small water bodies, while small water bodies were more affected by precipitation. The water area increased by 3197.3 km2 from 2001 to 2003, water bodies with an area100 ha and above accounted for 71% of the additional water area in 2003, indicating that the change of surface water area was mainly affected by large surface water bodies.





4. Discussion


4.1. Comparison with JRC-Data


This study compared our identified surface waters with the JRC-data across the Huai River Basin (Figure 11). The JRC-data contains the global spatial and temporal distribution of surface water bodies from 1984 to 2015. The dataset was generated from Landsat 5, 7, and 8 images from March 16, 1984 to 10 October, 2015 with 3,066,102 scenes [13]. Each pixel was classified using an expert system to determine whether it was a water body. As the global scale is involved, surface water is only divided into seasonal surface water and permanent surface water by seasonal classification of water throughout the year. In order to comprehensively monitor the water variation, this study not only generated annual seasonal and permanent surface water, but also produced the annual maximum, and the average water body maps. At the same time, the details about the water body areas and numbers at different levels have been discussed. Finally, the maximum surface water (the sum of seasonal and permanent surface water) and seasonal surface water were produced by JRC-data. This study selected five different water types (lakes (a), rivers (b), ponds (c), mountain waters (d) and urban water bodies (e)) to quantify the similarity and difference between the annual surface water map in this study and the JRC-data. Figure 11 shows that the surface water profiles identified and drawn in two ways are comparable. The JRC-data defines seasonal surface water and permanent surface water by the appearance of monthly surface water obtained by image-wise processing with digital elevation models, glacier data, urban areas data, and lava mask, resulting in a comprehensive result. However, our study using the algorithm of remote sensing vegetation index combined with a water body index to identify and map surface water bodies is much simpler.




4.2. Impacts of Climate Change and Human Activities on the Temporal and Spatial Patterns of Surface Water Bodies


Precipitation is the main source of water in the Huai River Basin, and an increase in rainfall usually leads to an increase in the water area. The temperature and evapotranspiration had no significant negative effect on the annual average water area and the annual continuous water area, even though the high temperature increases evaporation through enhancing vapor pressure deficit. The high temperature also increases the demand for agricultural irrigation, which leads to water withdrawal and then decreasing the surface water area [31].



According to the 2016 Huai River Water Resources Bulletin, the surface water in the Huai River Basin is mainly used for farmland irrigation, industrial, domestic water and forestry, animal husbandry and fishery, which accounts for 63.4%, 14.1%, 10.4% and 7.2% of the total water consumption, respectively. In terms of human activities, the population and GDP of the Huai River Basin have grown rapidly in recent decades, particularly in the 2000s [56]. With industrialization and urbanization, some surface water bodies have become construction areas. By analyzing the trend of the maximum, seasonal and average surface water distribution in the Huai River Basin from 1989 to 2017, this study found that they all show a weak downward trend. As shown in Figure 5, since 2003, the change of surface water areas in the Huai River Basin has tended to be moderate. This is mainly due to the increasing emphasis on environmental protection and water resources protection by the central and local governments, especially for the protection of lakes and reservoirs. Furthermore, 216 large and medium-sized reservoirs in the Huai River Basin, such as lakes and Linhuaigang, have played an important role in maintaining the relative stability of surface water.



Due to the changes in precipitation intensity and frequency, the Huai River Basin would have a higher frequency and more severe drought [57]. Therefore, the surface water area is more likely to decrease, and it is likely to refresh its minimum record in the future. The problems bring challenges to the sustainable economic and social development of the Huai River Basin and the stability of the ecosystem. In addition to climate drivers, agricultural irrigation, water wastage, mining and water conservancy projects can lead to changes in water bodies.




4.3. Uncertainties of this Study


The Huai River Basin has a large number of small ponds and lakes, and these small water bodies tend to have larger areas during the wet seasons. In order to represent the intra- and inter-annual changes in water bodies, this study adopted four water-related indices (the maximum water area, the year-long water area, the average water area, and the seasonal water area), using the algorithms based on the combination of NDVI, EVI, and mNDWI, rather than single index and specific thresholds. Selecting a specific threshold may have subjective factors and be time-consuming [50], and the selected threshold applied to different images and times in different regions can introduce unpredictable uncertainties [49]. In addition, the method used in this study cannot detect water beneath a closed canopy.



The errors in the classification in this study are mainly caused by omission errors, and the missing errors are superior to commission errors in most water indices [58,59,60]. The mixed pixels at the edge of the water bodies are the main cause of missing water pixels [58], including narrow rivers often without any or only partial observations due to their weak water signals in mixed pixels [9]. The main water bodies in the Huai River Basin are usually wide, and water and sedimentary rivers occupy part of the riverbed, so many of the rivers in this study appear in seasonal water maps rather than annual persistent water maps. Asphalt roads, mountain shadows, and buildings all have low surface reflectance, which is the main cause of redundancy classification in water classification [50,61,62]. Although pixels contaminated by cloud have been excluded in the data preprocessing, residual clouds and shadows still affect the classification accuracies.





5. Conclusions


This study adopted an integrated approach by combining the vegetation index and the water index to quantify the spatiotemporal variability of surface water bodies in the Huai River Basin during 1989–2017 from muti-temporal Landsat TM, ETM+ and OLI imagery based on GEE. The results demonstrate that our adopted method is effective to monitor the temporal and spatial variations of surface water bodies at a spatial resolution of 30 m. The maximum, average and seasonal variations of surface water areas in the Huai River Basin showed a downward trend in the past 29 years, while the year-long surface water area showed a slight upward trend. The surface water area was positively correlated with precipitation (p < 0.05) and negatively correlated with temperature and evapotranspiration (p > 0.05), and the small water bodies had the highest probability to disappear under drought conditions. The area and number of the surface water bodies in the Huai River Basin showed a downward trend in the past 29 years, and the changes of numbers of water bodies mainly depended on the number of small surface water bodies, and the changes of total surface water area were mainly controlled by larger surface water bodies. Our results provide important references for water-management policies and shifts in agricultural production in the context of continuous climate warming.
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Figure 1. (a) Geographical location of the Huai River Basin; (b) Digital elevation model (DEM); (c) Average precipitation from 1989 to 2017; (d) Average temperature from 1989 to 2017. 
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Figure 2. The numbers distribution of Landsat 5, 7, 8 images in Huai River Basin from 1989 to 2017: (a) The total numbers of Landsat observation; (b) the total number of high-quality Landsat images; (c) the total number of Landsat images in each path/row (tiles); (d) the total number images of different Landsat sensors; (e) Cumulative percentage of pixels with good observations of 0, 1, 2, 3, 4, [5,10), [10,20), [20,40), [40,80), [80,160), respectively during 1989–2017. 
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Figure 3. A flowchart of the overall route of open surface water mapping using Landsat 5, 7, and 8 images and Google Earth Engine (GEE). 
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Figure 4. Visually interpreted water and non-water pixels. 
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Figure 5. The water frequency distribution in Huai River Basin: Water frequency distribution map of 2017 (a) and 1989–2017 (b); The number of pixel distributions of water at different frequency levels with a bin of 0.05 in 2017 (c) and 1984–2015 (d); The number of pixel distributions of water at different frequency levels with a bin of 0.1 during 1989–2017 (e). 
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Figure 6. The water area distribution in the Huai River Basin from 1989 to 2017: (a) The maximum water body; (b) the average water body; (c) the year-long water body; (d) seasonally changing water body. 
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Figure 7. The inter-annual variations of water body numbers across the Huai River Basin from 1989 to 2017: The numbers of maximum water body (a) and year-long water body (b). 
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Figure 8. The numbers and area distribution of the maximum surface water body at different size levels during 1989-2017; (a) the number distribution of maximum surface water, (b) the area distribution of maximum surface water. 
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Figure 9. Changes in annual total precipitation, total evapotranspiration, and the average temperature in the Huai River Basin during 1987–2017. 
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Figure 10. The distribution and area distribution based on the water body range in 2001 and 2003: (a) The water body number distribution; (b) the water body size distribution. 
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Figure 11. A comparison between the water map generated in this study (MAX (a2–e2) denotes the maximum water body, and YEAR-LONG (a4–e4) denotes the year-long water body) and JRC-data (JRC-All represents the sum of the annual seasonal surface water and permanent surface water (a1–e1), and JRC-PW represents permanent surface water of the JRC-data (a3–e3). Lakes (a), rivers (b), ponds (c), mountain waters (d) and urban water bodies (e). 
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Table 1. The confusion matrix and accuracy evaluation for the maximum surface water map of the Huai River Basin based on a visual inspection of Sentinel-2 MSI images.
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Sentinel-2 MSI

	

	




	
Waterbody Map (2017)

	
Water

	
No-Water

	
Sum of Classified Pixels

	
User Accuracy (%)






	
Water

	
813

	
34

	
847

	
95.99%




	
No-Water

	
94

	
1059

	
1153

	
91.85%




	
Sum of reference pixels

	
907

	
1093

	

	
OA = 93.6%




	
Producer accuracy (%)

	
89.64%

	
96.89%

	

	
Kappa = 0.87
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Table 2. Statistical summary of the linear correlation between the precipitation, evapotranspiration, temperature and the Huai River Basin’s water body area from 1989 to 2017.
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Precipitation

	
Evapotranspiration

	
Temperature

	




	
Waterbody Type

	
r

	
p-Value

	
r

	
p-Value

	
r

	
p-Value






	
Maximum

	
0.60 *

	
0.02

	
−0.15

	
1.00

	
−0.24

	
1.00




	
Minimum

	
0.47

	
0.20

	
0.07

	
1.00

	
0.03

	
1.00




	
Seasonal

	
0.33

	
1.00

	
−0.34

	
1.00

	
−0.43

	
0.37




	
Average

	
0.56 *

	
0.03

	
−0.03

	
1.00

	
−0.11

	
1.00








* represent a significant value with a 95% confidence interval.
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