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Abstract

:

High-temporal-resolution inundation maps play an important role in surface water monitoring, especially in lake sites where water bodies change tremendously. Synthetic Aperture Radar (SAR) that guarantees a full time-series in monitoring surface water due to its cloud-penetrating capability is preferred in practice. To date, the methods of extracting and analyzing inundation maps of lake sites have been widely discussed, but the method of extracting surface water maps refined by inundation frequency map and the distinction of inundation frequency map from different datasets have not been fully explored. In this study, we leveraged the Google Earth Engine platform to compare and evaluate the effects of a method combining a histogram-based algorithm with a temporal-filtering algorithm in order to obtain high-quality surface water maps. Both algorithms were conducted on Sentinel-1 images over Poyang Lake and Dongting Lake, the two largest lakes in China, respectively. High spatiotemporal time-series analyses of both lakes were implemented between 2017 and 2021, while the inundation frequency maps extracted from Sentinel-1 data were compared with those extracted from Landsat images. It was found that Sentinel-1 can monitor water inundation with a substantially higher accuracy, although minor differences were found between the two sites, with the overall accuracy for Poyang Lake (95.38–98.69%) being higher than that of Dongting Lake (95.05–97.5%). The minimum and maximum water areas for five years were 1232.96 km2 and 3828.36 km2 in Poyang Lake, and 624.7 km2 and 2189.17 km2 in Dongting Lake. Poyang Lake was frequently inundated with 553.03 km2 of permanent water and 3361.39 km2 of seasonal water while Dongting Lake was less frequently inundated with 320.09 km2 of permanent water and 2224.53 km2 of seasonal water. The inundation frequency maps from different data sources had R2 values higher than 0.8, but there were still significant differences between them. The overall inundation frequency values of the Sentinel-1 inundation frequency maps were lower than those of the Landsat inundation frequency maps due to the severe contamination from cloud cover in Landsat imagery, which should be paid attention in practical application.
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1. Introduction


Lakes account for about 3% of the Earth’s land surface, taking up 4.2 million km2 in area [1,2]. These lakes are important components of the terrestrial hydrosphere, playing an essential role in water supply, flood control, the water cycle, and regional climate change [3,4,5,6,7,8]. In the context of climate change and human activity, surface water bodies have been severely affected with regard to lake acreage, resulting in a noticeable water area variation that affects human survival and social development [9,10,11]. Therefore, timely and accurate monitoring of the characteristics of surface water could satisfy a need for flood control, drought relief, and agricultural production [12,13,14].



Satellite remote sensing provides an effective way to monitor timely water change across a large area. To date, many surface water mapping studies have been based on optical sensors. The datasets that have a coarse resolution such as Moderate Resolution Imaging Spectroradiometer (MODIS) [15,16,17,18] and medium resolution such as Landsat [19,20] and Sentinel-2 [21,22] have been widely covered in previous research. The mapping methods implemented on optical imagery include decision tree approaches [23], spectral information and threshold [24,25,26,27,28,29], and deep learning [30,31,32]. Although the well-defined optical imagery can extract surface water bodies with a high accuracy [33,34], the cloud cover problem always limits the requirement of a full and regular time-series. Especially in monsoonal regions, monthly cloud-free optical remote sensing images are difficult to generate, severely affecting the following time-series analysis [35,36,37]. Moreover, the peak surface water extent often coincides with flood events, which always have serious contamination problems, resulting in a date gap [38,39]. Therefore, an effective identification method without cloud influence is essential in water dynamics monitoring.



Synthetic Aperture Radar (SAR) has been utilized as a promising tool as its sensors are cloud-proof and illumination-independent [40], addressing the cloud contamination problem in optical images well. The Copernicus Sentinel-1 satellite was launched by the European Space Agency (ESA) in 2014, with consistent and free data available to the public, which solved the problem of the high expense of using high-resolution SAR data such as TerraSAR-X (X-band), COSMO-SkyMed (X-band), and RADARSAT-2 (C-band) [41,42] at a large scale. Its cloud-penetrating ability and consistent SAR images enable research into the continuous and regular monitoring of features of and changes to surface water bodies [43]. The processing and identification methods utilized for SAR images are similar to the optical images, covering decision tree approaches [44], threshold [45,46], and deep learning [47,48,49]. Although the benefits of cloud-penetrating ability and consistent monitoring can be concluded in SAR imagery, the influence of geographic environment and speckle noise should be taken into consideration as well [50].



In order to obtain high-quality surface water products in the context of practical applications, an automatic approach is needed to avoid manual and subjective imagery interpretation. The threshold-based algorithm is popular, but the accuracy of classification of the surface water products should be carefully evaluated and further improved. SAR instruments have a strong ability to penetrate clouds; however, transportation facilities such as ships will cause extremely bright spots under SAR imagery [51], which will lead to severe errors of omission. To dates, little work has focused on removing the errors caused by these objects. Therefore, we combine the threshold-based algorithm with an approach involving eliminating the misclassification of transportation to obtain products with better quality.



Poyang Lake and Dongting Lake are the largest and second-largest lakes in China, both located in monsoonal regions and connected to Yangtze River, playing important roles in maintaining ecology balance and regulating runoff of the Yangtze River [52]. For these two lakes, prior studies have been performed focusing on monitoring surface water area variation using various data, and inundation frequency (IF) maps have been generated to discuss the change of the water [53,54,55,56]; however, there are still some limitations that should be studied further. First, for Sentinel-1 images, the water mapping algorithms need to be improved. Second, the distinction between IF maps generated from different data sources have not been extensively studied.



This study is dedicated to extracting water bodies on a high spatiotemporal scale with a considerably high accuracy of classification, enabling us to obtain a substantial number of surface water maps with high quality. The goals of this study are to (1) propose a fast and novel surface water mapping approach that combines a threshold-based algorithm with a temporal filtering that removes the misclassification caused by ships and assess the performance of the algorithm in two sites; (2) analyze the water dynamics directly in the form of water area and in the form of inundation frequency maps over both lake sites; and (3) compare the inundation frequency maps of Sentinel-1 images with those extracted from Landsat images.




2. Materials and Methods


2.1. Study Area


For this study, we focused our analysis on the central region of China. More specifically, we selected Poyang Lake and Dongting Lake as our study areas with the purpose of comparing and analyzing the results of water body extraction (Figure 1).



Poyang Lake (approximately 28°22′ to 29°45′N and 115°47′ to 116°45′E) is located in the province of Jiangxi. With an average area of approximately 3210 km2 and a mean volume of approximately 25.2 km3 [57], Poyang Lake is China’s largest freshwater lake. Poyang Lake is divided by Songmen Mountain into a narrow and deep northern outlet and a wide and shallow southern part. The outlet connects with the Yangtze River, resulting in annual runoff of 143.6 billion m3 [58]. In the period of the dry season, the water discharges along the northern outlet to the Yangtze River, while in the period of the wet season, the Yangtze River reverses flows to Poyang Lake because of the higher water level [59].



Dongting Lake (approximately 28°30′ to 30°20′N and 110°40′ to 113°10′E) is located in Hunan Province. With a mean surface water area of 1148 km2, Dongting Lake is China’s second largest freshwater lake. Several rivers are connected to the primary body of water, three of which are also connected to the Yangtze River (Songzi River, Hudu River, and Ouchi River), and the water flows into the Yangtze River at the northeastern exit near Chenglingji [60]. The lake is also supplied by other major rivers, namely, the Xiangjiang River, Zishui River, Yuanjiang River, and Lishui River [61]. Located in an area with a subtropical monsoon climate, the lake has a distinct dry season from October to March when water flows from the lake in the rivers, and a distinct wet season from April and September, when flood water is stored [60].




2.2. Materials


2.2.1. Sentinel-1 Data


The Sentinel-1 mission contains Sentinel-1A and -1B satellites, which were launched in April 2014 and April 2016, respectively, and are equipped with C-band radar. C-band radar has cloud-penetrating capability, which means that Sentinel-1 data can provide continuous images for analysis, especially effective during the wet season, which this study covers. In this study, a total of 240 dual-polarization Sentinel-1 level-1 Ground Range Detected (GRD) products spanning the period from 1 January 2017 to 26 December 2021 were used. This Sentinel-1 C-band dataset provides vertical transmitting with vertical transmitting, vertical receiving (VV) and vertical transmitting, horizontal receiving (VH) polarization modes. Only VV polarization data were used in this study, as a previous study indicated that VV polarization performed best in surface water mapping [62,63]. The Level-1 GRD products were preprocessed on the Google Earth Engine (GEE) platform. For the preprocessing, we used the Lee-Sigma speckle filter [64] to eliminate the granular noise before surface water mapping. Table 1 shows the specific information of the Sentinel-1 GRD images used in this study, which were acquired in the span of half a month.




2.2.2. JRC Monthly Water History Data


The dataset was built by Pekel et al. [2] in 2016, which contains maps of the spatial and temporal distribution of water extent for a long period (1984–2020). The surface water maps were generated by scenes from a Landsat series satellite specifically from 16 March 1984 to 31 December 2020. Each pixel was individually classified into water/nonwater using an expert system and the results were collated into a monthly history for the entire time period for change detection. This dataset enables users to obtain surface water extent in the form of water maps or inundation frequency maps. For this study, we merged 48 maps between 2017 and 2020 to generate Landsat inundation frequency maps.




2.2.3. Validation Data


The Sentinel-2A satellite was launched on 23 June 2015, providing 5 days of repeat frequency data at the equator and 2–3 days at the mid latitude [65,66]. The Sentinel-2 dataset has a distinguished quality with a high spatial resolution of 10 m and multispectral sensors with 13 bands. The false color composition containing visual bands and near-infrared band decreases the difficulty of the visual interpretation by noticeably identifying the water from the vegetation areas, which will lead to a set of high-quality sample points [52,67]. We collected validation data from GEE with a cloud proportion lower than 5%. Furthermore, the selected scenes corresponded to the Sentinel-1 SAR acquisition for the close data and the same region. To verify the classification accuracy of the water inundation from Sentinel-1, we classified each scene into water/nonwater by giving sample points from visual interpretation.



The Database for Hydrological Time Series of Inland Waters (DAHITI) was built in 2013 to provide a continuous water level time series of inland water [68]. The water level data in DAHITI were acquired by means of satellite altimetry or a hypsometric curve describing the relationship between water levels and surface areas, and the former was selected as the additional validation data for this study.





2.3. Methods


The workflow is shown in Figure 2 and can be divided into four fractions: preprocessing, water extent delineation, accuracy design, and water dynamics analysis. The preprocessing step mainly focused on Sentinel-1 SAR imagery corrections, involving format transformation and smoothing. Subsequently, an optimized Otsu’s method (Edge Otsu’s method) and a temporal-filtering algorithm were used to obtain surface water maps. Thirdly, the accuracy of extracted water body images was assessed, and finally, the analysis and comparison of Poyang Lake and Dongting Lake changes were conducted. Figure 2 depicts the workflow.



2.3.1. Data Preprocessing


The Sentinel-1 SAR imagery was preprocessed on the GEE platform. A radiometric conversion from a linear scale to a dB scale was conducted using the expressions of σ0dB = 10 × log10 (σ0) [69]; and the Lee-Sigma speckle filter was applied to σ0 bands to reduce the granular noise characteristic of SAR data [64]. The mean values of the same location were used to represent the semimonthly water body extent.




2.3.2. Edge Otsu’s Algorithm


The water body maps were automatically extracted by an unsupervised algorithm. Otsu’s method is a histogram-based thresholding approach that calculates the interclass variance between two classes, a foreground and background class, which provides a threshold for each scene under unique circumstances [70]. To obtain better water pixels, an optimized Otsu’s method was utilized in this study. Edge Otsu’s method was first purposed by Donchyts et al. [71], which is a combination of the Canny edge detection algorithm and Otsu’s method, proven to perform better than Otsu’s method or other optimized Otsu’s methods under the same circumstance [50].



The workflow of the Edge Otsu water mapping algorithm is shown in Figure 3. Following the experimental routine, we firstly selected the threshold to binarize the image. Then, a Canny edge detector was conducted on the images to highlight the edges of water bodies, specifically the edges of Poyang Lake and Dongting Lake in this study. Subsequently, the edges of water bodies were buffered to collect samples that constructed the histogram. Finally, Otsu’s method was conducted on the histogram sampled from buffered edges to calculate histogram-based threshold implemented on the entire image.



We noted that the initial threshold that binarized the SAR image had a strong influence on the final accuracy of classification. Markert et al. utilized −16 dB as a default initial threshold with a considerably high accuracy [50], and Guo et al. obtained the best threshold to binarize the SAR imagery over the Yangtze River basin through the experiments, which was −21 dB specifically [72]. Both of the initial thresholds and their effects are discussed in this study. Moreover, the morphological dilation (buffer) of the edges of the water bodies was utilized to perform better sampling. The selection of the buffer size would directly affect the quality of the histogram, in which case poor selection would cause skewed distribution of buffer small water bodies. In this study, we selected a buffer size of 3000 m in a large-scale study according to the study by Markert et al. [50].




2.3.3. Temporal-Filtering Algorithm


Ship transportation can be frequently witnessed in both Poyang Lake and Dongting Lake. However, as Figure 4a indicates, in the case of water extraction from SAR imagery, the ships might severely contaminate the data sources and affect the final surface water maps. The ships in SAR imagery present the characteristic of a star-shaped, high-brightness area with slightly darker edges [51]. An unsupervised histogram-based thresholding algorithm could not classify ships into the water class due to the significant distinction of the physical properties of these two objectives in SAR imagery. Consequently, a simple binarizing approach could not detect severe misclassification caused by ship contamination extracted from SAR imagery (Figure 4b).



Here, we propose an approach to postprocessing to solve the issue mentioned above. First, we merged all of the images extracted by the Edge Otsu algorithm to generate inundation frequency maps over the study areas. Then, water maps were extracted again by the algorithm combining the Edge Otsu algorithm and the temporal-filtering algorithm based on both dB values and IF values.



The temporal-filtering algorithm was driven by two vital parameters, namely, dB and IF values, respectively, which we founded during the experiments. Based on observation and physical properties, we chose the threshold of −16 dB to binarize the SAR imagery, in which case the values were higher than those considered as sand, cities, vegetated areas, and ships.



However, we considered the threshold selection for the IF map to be tricky. During the experiments, we found that selecting a threshold too high would lead to poor processing effects, while selecting a threshold too low would lead to obvious misclassification, both of which would reduce the classification accuracy. When the water area was very small, the area covered by ship spots should be nonwater, which has little influence on the final result. Therefore, according to the rule that the smaller the water area is, the smaller the area covered by ship spots will be, we believed that a rule could be formulated to select the threshold given the situation of each image. Here, we propose a threshold selection method based on the water area. The IF maps were equally divided into 10 classes and labeled. Specifically, we labeled the area of water extent in class 90–100%    S  I F , 1    , class 80–90%    S  I F , 2    , and so on. The area of each class was determined by the following expression:


   S  c l a s s , n   =   ∑   i = 1  n   S  I F , i        (  n ≤ 10  )   








where    S  c l a s s     is utilized as a criterion to select the final binarizing IF value. Specifically, the IF threshold is determined by both the area of each surface water map (   S  w a t e r    ) and water area criterium (   S  c l a s s    ) as follows:




	
If    S  w a t e r   <  S  c l a s s , 1    , assign threshold 1;



	
If    S  c l a s s , i   <  S  w a t e r   <  S  c l a s s , i + 1    , assign threshold   I  F i    according to expression of   I  F i  = 1 − 0.1 × i  ;



	
If    S  w a t e r   >  S  c l a s s , 10    , assign threshold 0.








The masks extracted by two thresholds were subsequently intersected to obtain the ship-covered water area (Figure 4e). The intersect mask extracted by two indicators guaranteed a lower possibility of misclassifying sand and vegetated area into the ship-covered area. In addition, a special case should be taken into consideration. Due to the special material and vertical structure, the cities and center parts of the ships were extremely bright in SAR imagery with dB values higher than 0, while the IF values of the cities remained at 0 except for the extreme flooding situation. So, we used 0 dB to obtain the high-value parts of the ship and a 0 IF value to exclude the cities.




2.3.4. Evaluation Design


To demonstrate the classification accuracy from Sentinel-1 SAR, we chose four images over Poyang Lake and four images over Dongting Lake (eight in total) whose dates corresponded to the validation datasets. Sentinel-2 images with 10 m-resolution were utilized for visual interpretation of the sample points in water/nonwater classifications on the GEE platform. We utilized a confusion matrix to calculate accuracy metrics, which consisted of a cross-control sample count of the classification map and reference data [52,73,74]. The matrix was composed of four categories, namely, True Positive (TP), False Positive (FP), False Negative (FN), and True Negative (TN). In this study, four metrics were calculated to measure the accuracy: overall accuracy (OA), producer’s accuracy (PA), user’s accuracy (UA), and F1-Score (F1) [52]. The metrics are calculated using the following expressions:


  OA =   TP + TN   TP + TN + FP + FN    










  PA =   TP   TP + FN    










  UA =   TP   TP + FP    










   F 1  =   2 TP   2 TP + FP + FN    











We selected PA and UA metrics, which provide measures on recall (error of omission) and precision (error of commission) rates for the method. The F1 values indicate the classification quality, which belongs to [0, 1]. The higher the value, the better the classification.



Furthermore, the correlation between the surface water area extracted by Sentinel-1 SAR images and water level was evaluated with the determinate coefficient R2.




2.3.5. Analysis of Water Dynamics


Poyang Lake and Dongting Lake are very important to the ecological environment and water resources of China. Hence, monitoring the water dynamics of both lakes has an essential value. To do so, the fundamental methods include monitoring area changes using the indicator’s area, which evidently shows the dynamics over five years. In this section, we conducted inundation frequency analysis, which could effectively show the spatiotemporal dynamics change of surface water area zonally and sequentially [75]. We merged all of the images spanning five years to obtain the general characteristic of water dynamics of Poyang Lake and Dongting Lake.



In addition, the comparison work of inundation frequency maps derived from Sentinel-1 images and Landsat images as conducted for the period of 2017 to 2020. Due to the difference of spatial and time resolution, we assumed that the distinction of IF maps from these two different data sources would be noticeable. The Pearson index and scatter diagram were used during the comparing session.






3. Results


The Edge Otsu algorithm and temporal-filtering algorithm were both applied to the Sentinel-1 SAR dataset, across all of the dates and scenes where validation datasets coincided. The classification maps were validated by 10,000 sample points within the study area manually interpreted from Sentinel-2 images. The detailed information and verification results are displayed in Table 2. It can be seen that the general classification accuracy of Poyang Lake was high with overall accuracy ranging from 95.36% to 98.69%. The producer’s accuracy and user’s accuracy were analogous with an accuracy range of 91.35–98.53% and 90.75–97.71%, respectively. The high values in both PA and UA for each consequence shows that the results were supported by both accurate interpretation and proper estimation of water extent. The F1-Score was consistently high with an average accuracy of 0.95, which proves the effectiveness of the water extent classification, having an acceptable accuracy.



Compared with the Poyang Lake verification results, the results of Dongting Lake were slightly lower, with the overall accuracy ranging from 95.05% to 97.5%. The user’s accuracy of Dongting Lake was higher than that of Poyang Lake, with a considerably higher accuracy range of 99.71% to 99.68%, while the producer’s accuracy was comparably lower, with a range of 80.84% to 88.73%. The lower overall accuracy could be explained by the complex geographic environment and the large residential site area especially located in South Dongting, which worsened the effect of the Edge Otsu algorithm by creating more noise.



Figure 5 depicts the correlation between water area and water level in Poyang Lake (Figure 5a) and Dongting Lake (Figure 5b) in the form of scatter diagrams. The results presented a strong relationship between water level and water area extracted from SAR images over two study sites with considerably high R2 values of 0.840 and 0.822. Overall, the results suggest that the water area calculated in this study was acceptable.



Figure 6 shows the surface water area of Poyang Lake and Dongting Lake calculated from SAR images and JRC monthly water history data. It can be seen that the distinction of the data volume was huge, with continuous and adequate acquisition of Sentinel-1 data and discontinuous acquisition of Landsat data. The cloud cover caused severe contamination of optical images while the SAR images were unaffected, which offered a full time series of water area. Additionally, it can be seen that the overall water area extracted from the Landsat images was higher than that from Sentinel-1 images due to the distinction of the extracting methods.



Figure 6a shows the surface water area of Poyang Lake from SAR imagery during the study period. Throughout the study period, the area of water body varied between 1232.96 km2 and 3828.36 km2. In general, the annual average water body area increased in the study period, ranging from 2355.41 km2 in 2017 to 2396.55 km2 in 2021, reaching a peak at 2482.16 km2 in 2020, which presented a steady trend. In the period of 2017–2021, the water body area displayed a seasonal behavior with the lowest value in winter, reaching an annual maximum in early summer and declining again during the fall. As Figure 6 indicates, a severe flood took place in 2020. The water area values of Poyang Lake in June to August 2020 were 2859.68 km2, 3762.32 km2, and 3719.55 km2, respectively, and the water level values of these months were 18.8 m, 19.95 m, and 18.12 m, respectively. The results indicate that the affected area of this flood in the Poyang Lake site was more than 900 km2, and the water level in July 2020 exceeded the warning water level of 19 m. To further analyze the seasonal behavior, we present the monthly water variation of Poyang Lake using a box plot (Figure 6b). The results suggest that the water body area increased in spring and early summer (January to July), with a noticeable decline following in fall and winter (August to December). A steep increase could be seen in late spring, which led to a noticeable peak in March or April in every year. This behavior coincided with the spring floods of the year [76]. However, the annual peak value could always be witnessed in the rainy season (July to August), whereas the year 2021 differed from the other years, when the peak value appeared in May.



Figure 6c shows the water body area of Dongting Lake from SAR imagery during the study period. The annual average water body area changed from 1201.92 km2 in 2017 to 1109.25 km2 in 2021, reaching a peak at 1329.16 km2 in 2020. Surface water area presented significant seasonal variation as well. The lake had an average water body area of 1424.4 km2 in the rainy season, and an area of 939.16 km2 in the dry season. Compared to a previous work, which indicated that the water body area of Dongting lake increased from 440 km2 in 2005 to 1900 km2 in 2009 [77], both the minimum and maximum values increased, ranging from 624.7 km2 to 2189.17 km2 in the study period, which showed a difference value greater than 200 km2. The peak values could always be witnessed in July except for 2021, during which the peak value appeared in September. The water area values of Dongting Lake in July and August (the Sentinel-1 SAR images in June 2020 over Dongting Lake was not complete) were 2189.87 km2 and 2119.56 km2, respectively, and the water level values of that were 31.08 m and 28.43 m, respectively. The results of this study cannot indicate whether a flood took place in Dongting Lake, but the official record of the peak water level was 34.47 m, which exceeded the warning water level of 32.5 m. Figure 6d depicts the monthly water variation of Dongting Lake using a box plot. We found that the water area fluctuation of Dongting Lake coincided with that of Poyang Lake, which soared from January to July and declined from August to December. Significant water area variation occurred in September and October when water started to retreat from the lake into the rivers.



We merged all surface water maps to obtain the inundation frequency maps, which show the spatiotemporal dynamics over the study areas in the period of 2017 to 2021 in Figure 7. The area of permanent water in Poyang Lake was 553.03 km2, taking up 12.37% of the whole lake body area, mainly distributed in the branch lakes and the edges of the main lake body in the south and east region, while the seasonal water area of Poyang Lake was 3361.39 km2. The significant distinction between permanent water and seasonal water of Poyang Lake illustrated the fact that Poyang Lake was deeply affected by the monsoon climate and Yangtze River flows, which meant that Poyang Lake had a high risk of flooding due to climate factors. The area of permanent water in Dongting Lake was 320.59 km2, taking up 11.2% of the whole lake body area, mainly distributed in East Dongting Lake, South Dongting Lake, and Datong Lake, while the seasonal water area of Dongting Lake was 2224.53 km2. Dongting Lake was affected by the monsoon driven environment. However, compared with Poyang Lake, the ratio of permanent or stable surface water of Dongting Lake was evidently lower, which was caused by the factors of precipitation, evaporation, run off, and infiltration [75]. In addition, the average elevation of the lake was considered as another main factor that caused this distinction as that of the Poyang Lake was 21 m while that of Dongting Lake was 33.5 m.



The seasonal water was reclassified into five classes for both of the study areas (Table 3). As for Poyang Lake, the 80–100% class accounted for the largest proportion (25.20%) of the inundation extent, with an area of 846.98 km2, while the class 20–40% accounted for the smallest proportion (17.25%), with an area of 579.75 km2. As for Dongting Lake, the 0–20% class accounted for the largest proportion (42.47%), with an area of 944 km2, and nearly took up the half of the whole lake area, while the 60–80% accounted for the smallest proportion (7.39%), with an area of 164.35 km2. The inundation frequency results suggested that both of the lakes have noticeable seasonal characteristics. Comparing the two lakes, Poyang Lake was more likely to be inundated than Dongting Lake on the spatial and time scales.



The distribution of seasonal water had strong regional characteristics. We roughly divided Poyang Lake along the latitudinal direction into the north tunnel (29°20′ to 29°45′N), main lake body (28°45′ to 29°20′N), and south branch lakes (28°22′ to 28°45′N) to illustrate the inundation ratio in different areas (Figure 8). In the north tunnel area of Poyang Lake, the 80–100% class and 60–80% class accounted for a high proportion (33.81% and 35.27%), while the 20–40% class accounted for the lowest proportion (4.13%). It can be seen that this area was frequently inundated, with a high proportion of the IF value over 60%. In the main lake body, the 80–100% class accounted for the largest proportion (32.46%) and four high proportions were occupied by the 60–80%, 40–60%, 20–40%, and 0–20% classes, with proportions of 15.72%, 17.38%, 17.05%, and 17.39%, respectively. In the south branch lakes, the 80–100% class took up an extremely high proportion (55.34%) and the 0–20% class accounted for the second highest proportion (21.97%). The high proportion of the 80–100% class and 0–20% class suggested that the region is slightly affected by the external factors and the water remains calm.



Dongting Lake was divided into the west, south, and east part in this study (Figure 8). In West Dongting Lake, the 0–20% class accounted for the largest proportion (54.01%), the 80–100% class accounted for the second largest proportion, and the 40–60% class accounted for the lowest proportion (2.82%). The seasonal water distribution in south Dongting Lake was similar to that in West Dongting Lake, with the largest proportion in the 0–20% class (54.85%) and second largest proportion occupied by the 80–100% class (20.26%). Compared with the West and South Dongting Lake, the proportions occupied by the 20–40% class and 40–60% class were noticeably higher (20.39% and 25.11%), which indicated that East Dongting Lake was more stable than other parts.




4. Discussion


For this study, the use of high-resolution and cloud-free SAR images showed high potential of flood mapping particularly in a monsoon-driven environment. Adopting threshold-based and history temporal-filtering algorithms in this study improved the effect of water detection especially in ship-covered areas.



4.1. Surface Water Mapping Algorithms


During the experiments, we noted that unsupervised classification was severely affected by the commission and omission from the misclassification from the edges of the lake. However, the problem was subsequently solved, leading to a high verification accuracy. Figure 9 highlights a case from South Dongting on 18 July 2020 with corresponding original SAR imagery and optical imagery for comparison. The SAR images in Figure 9a show the target spot that the temporal-filtering algorithm aimed to correct, and the optical images in Figure 9b prove that the unusual bright spot was caused by the ships. The images in the middle show the effect of the Edge Otsu algorithm with different initial thresholds, indicating that an Edge Otsu threshold of −21 dB caused large amounts of noise and misclassifications, which were mainly distributed on the edge of the lands, ship-covered spots, and small ponds. Figure 9c indicates that −16 dB Edge Otsu algorithm had an excellent performance in water extraction in these two cases except for the classification of ship-covered spots, while the −21 dB algorithm expanded the misclassified area, causing even lower accuracy (Figure 9d).



The sequential temporal-filtering algorithm presented a great effect in error correction. As presented in Figure 9e, the ship-covered spots were successfully detected and reclassified by the algorithm. The temporal-filtering algorithm was a combination of the IF mask and SAR mask, and determined water/nonwater by both the IF value and SAR value of each pixel. While successfully filtering the ship-covered spots, the algorithm might cause noticeable misclassification. During the experiments, we noted that the distribution of IF values was crucial to the effects of filtering and causing errors of misclassification, and permanent water pixels had extremely low dB values, which would be filtered by the SAR mask. Therefore, the pixels presenting IF values ranging from 60% to 80% may be the main factor for the misclassification effect. As discussed in Section 3, the IF values between 60% and 80% accounted for 18.87% in Poyang Lake and accounted for 7.39% in Dongting Lake. In the dry season, pixels presenting 60–80% inundated might be mistakenly classified as water by the temporal-filtering algorithm, indicating that the algorithm was more suitable for Dongting Lake due to the IF map distribution.




4.2. The Inundation Frequency Maps


To illustrate the difference between the inundation frequency maps generated from different datasets, we generated inundation frequency maps and difference distribution maps to provide two examples. Figure 10 highlights two cases of the IF difference distribution maps from two datasets (Sentinel-1 SAR images and Landsat optical images) in the same period of time (2017–2020) over two different regions (Poyang Lake and Dongting Lake). The maps were compared using difference distribution maps that were further classified into five classes, in which we considered −20% to 20% as agreement. The IF maps from different datasets over Poyang Lake presented an agreement of 75.8%. The IF value generated from Landsat images was higher than that generated from Sentinel-1 images, the differences of which were particularly distributed in the north tunnel and main lake body. The results from Dongting Lake showed a similar tendency. The IF maps from different datasets over Dongting Lake presented an agreement of 84.9%. Compared with those from Poyang Lake, the agreement from Dongting Lake was 5.1% higher, which illustrated a higher consistency of IF maps from different datasets. According to the results above, we assumed that there is a strong correlation between the IF maps generated from Sentinel-1 SAR images and Landsat optical images, and the correlation over the Dongting Lake region was stronger than that over the Poyang Lake region.



To further demonstrate the effect of the dataset used to calculate the IF maps, we excluded the SAR data for the dates when optical data were severely contaminated by cloud cover and then calculated the IF values from the remaining dataset. The scatter diagrams are shown in Figure 11 to present the results. A positive correlation can be seen between the IF maps from SAR and optical images. The R2 of Dongting Lake was 0.8756, which was higher than that of Poyang Lake (0.8218). After excluding all the SAR images whose dates corresponded to those of the optical images, the value of R2 increased from 0.8218 to 0.8726 over Poyang Lake and 0.8756 to 0.8975 over Dongting Lake.



Despite the high correlation between the two types of IF maps, distinct differences could be found. This was particularly noticeable around the permanent water regions at both lake sites, showing a specific tendency for Landsat IF values being higher around these regions than Sentinel-1 IF values. After removing the SAR images corresponding to the invalidated JRC data, the R2 increased, suggesting a more similar expression of the inundation of the two datasets. We believe that the main reason for the above result was that the absence of long-term summer optical images led to detection errors of seasonal water, which eventually led to the low IF values of seasonal water area in the IF maps. However, the absent images during summer must be taken into consideration when calculating the IF map. So, we believe that IF maps from SAR images are more applicable.




4.3. Limitation and Caveats


For this study, there are some caveats to note. First, time-consuming, histogram-based thresholding algorithms cannot perfectly meet the requirements of near-real-time water monitoring due to complex manual operations, which can be replaced by less time-consuming, nonparametric, histogram-based thresholding algorithms [78]. The effects of all algorithms in this study are deeply influenced by the manual selection of the thresholds. For example, the effect of the Edge Otsu algorithm is affected by the initial binarization threshold and that of temporal-filtering threshold is affected by the threshold for IF maps and SAR imagery. Second, the usage of the algorithms can be refined. For example, a better filtering approach can be conducted to obtain better results, more choices of thresholds and parameters can be put into the Edge Otsu algorithm and temporal-filtering algorithm for discussion, and a more flexible and statistical threshold can be applied to the temporal-filtering algorithm with higher classification accuracy. Thirdly, the study was limited by the geographic location and data selection. Due to the monsoon climate, few validation data were used in this study as the cloud-cover proportion was extremely high. Lastly, as previous studies suggested, Sentinel-1 C-band data cannot penetrate the canopy structure to observe the underlying water [63], and so, L-band data are preferred.




4.4. Future Work


Additional work can build upon this study. Firstly, further analytical work can be performed on multiple spatial scales. For example, the effects of the algorithm and the pros/cons of the inundation frequency maps from SAR imagery can be discussed over the Yangtze River basin or even bigger region. Secondly, the temporal-filtering algorithm will be further discussed. We expect a global or local threshold for this algorithm to be automatically calculated based on statistical results from the histogram of each image. Thirdly, the pattern of the temporal filtering from frequency maps in this study can be further extended and applied on different study areas such as vegetation extraction and cloud removal using different datasets such as Landsat series and Sentinel-2 data. The filtering method can be conversely utilized as filling method in cases where the images are missing or severely contaminated, which has been explored in former work [79,80]. Lastly, all the methods can be integrated into an automatic surface water mapping software in order to supply near-real-time and high-quality water inundation products for monitoring.





5. Conclusions


This study combined an Edge Otsu algorithm with a temporal-filtering algorithm for retrieving the dynamic surface water extent of Poyang Lake and Dongting Lake from Sentinel-1 SAR VV band data. The objectives were to propose a novel approach for obtaining surface water products with a considerably high accuracy, analyze the water variation of Poyang Lake and Dongting Lake, and compare the inundation frequency maps from different datasets. The results indicated that the approach performed well in Poyang Lake region and Dongting Lake region, with an evaluation accuracy of 95–99% and 95–98%, respectively. The algorithms with different thresholds had different influences on the final surface water maps. The initial threshold to binarize the SAR imagery in the Edge Otsu algorithm was essential to the accurate classification of the edges of the objects. Thresholds of −16 dB and −21 dB were tested and discussed in this study, and the higher one had better performance in classifying the water, while the lower one caused great amounts of noise. The effect of the temporal-filtering algorithm was discussed as well, which was found to be effective in filtering noises caused by ships. We merged all of the surface water products processed by the temporal-filtering algorithm to construct the inundation frequency map over two study sites. As the IF results suggested, Poyang Lake tended to remain calm and steady, while Dongting Lake was more likely to be affected by the climate, Yangtze River flow, and human activities. Finally, the relationship between the IF maps from SAR and optical images was discussed. The results indicate a strong correlation between them, with high R2 values of 0.8218 and 0.8756. After we excluded the Sentinel-1 SAR images whose dates corresponded to those of the severely contaminated Landsat optical images, the R2 values increased to 0.8726 and 0.8975, respectively. Therefore, we considered the difference between the IF maps from two datasets to be mainly caused by the varying degrees of contamination of the cloud cover.
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Figure 1. Study area of Poyang Lake and Dongting Lake located in Jiangxi and Hunan, respectively. The blue region indicates the water body and river system. 
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Figure 2. Overall methodological workflow for surface water mapping and time-series analysis utilizing Sentinel-1 SAR imagery with VV polarization for mapping and Sentinel-2 TOA imagery for accuracy evaluation. 
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Figure 3. Specific method of the Edge Otsu algorithm followed by preprocessing, default threshold binarization, detecting edges, buffering, and Otsu threshold binarization. 
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Figure 4. Specific method of temporal-filtering algorithm with input data: (a) SAR imagery, (b) water map extracted using the threshold of −16 dB, (c) IF maps, (d) IF mask, and (e) the final water map. 
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Figure 5. The correlations between water level data and water area extracted from Sentinel-1 SAR images of Poyang Lake (a) and Dongting Lake (b). The redline indicates fitting curve. 
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Figure 6. Water inundation area time series from Sentinel-1 SAR data and JRC data of (a) Poyang Lake and (c) Dongting Lake, and the box plot of monthly water area from Sentinel-1 SAR data of (b) Poyang Lake and (d) Dongting Lake. 
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Figure 7. Inundation frequency map over (a) the Poyang Lake region and (b) the Dongting Lake region from 2017 to 2021. 
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Figure 8. Inundation frequency distribution in Poyang Lake and Dongting Lake. 
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Figure 9. Parts of surface water mapping over South Dongting on 18 July 2020 and Poyang Lake for 17 September 2017 using the Edge Otsu and temporal-filtering algorithm with (a) Sentinel-1 imagery over part of the South Dongting Lake region, (b) Sentinel-2 imagery over part of the South Dongting Lake region, (c) Edge Otsu processed image from (a) with the initial thresholds of −16 dB, (d) Edge Otsu processed image from (a) with the initial thresholds of −21 dB, and (e) temporal-filtering processed image from (c). 
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Figure 10. Difference between inundation frequency maps extracted from SAR imagery and optical imagery. (D-value short for Difference Value.). 
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Figure 11. The correlation between the Landsat IF map and Sentinel-1 IF map of Poyang Lake (a) and Dongting Lake (b). The correlation results between the IF maps of Poyang Lake (c) and Dongting Lake (d) after removing the Sentinel-1 SAR images whose dates corresponded to the severely contaminated Landsat optical images. 
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Table 1. Number of scenes of Sentinel-1 SAR imagery using in the study. (Res. is short for Resolution.)
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Region

	
Bands

	
Res. (m)

	
Scenes

	

	

	

	




	

	

	

	
2017

	
2018

	
2019

	
2020

	
2021






	
Poyang Lake

	
VV

	
10

	
48

	
48

	
48

	
48

	
48




	
Dongting Lake

	
VV

	
10

	
96

	
96

	
92

	
80

	
80
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Table 2. The statistical evaluation of input points samples calculated from confusion matrix.
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	Date.
	Reference
	Site
	OA/%
	PA/%
	UA/%
	F1





	17 September 2017
	17 September 2017
	Poyang Lake
	95.36
	91.35
	90.75
	0.91



	19 July 2018
	19 July 2018
	Poyang Lake
	97.20
	92.97
	97.37
	0.95



	2 August 2020
	1 August 2020
	Poyang Lake
	98.69
	98.53
	97.67
	0.98



	23 July 2021
	22 July 2021
	Poyang Lake
	98.41
	97.10
	97.71
	0.97



	17 July 2017
	17 July 2017
	Dongting Lake
	96.01
	82.72
	99.68
	0.90



	17 August 2019
	16 August 2019
	Dongting Lake
	95.05
	80.84
	98.75
	0.85



	20 August 2020
	18 August 2020
	Dongting Lake
	97.00
	88.73
	98.91
	0.93



	1 August 2021
	1 August 2021
	Dongting Lake
	97.50
	86.59
	98.46
	0.92
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Table 3. Inundation frequency classes with corresponding proportion and area.
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IF Value

	
Poyang Lake

	

	
Dongting Lake

	




	

	
Ratio/%

	
Area/km2

	
Ratio/%

	
Area/km2






	
0–20%

	
19.82%

	
666.35

	
42.47%

	
944.77




	
20–40%

	
17.25%

	
579.75

	
15.64%

	
347.99




	
40–60%

	
18.86%

	
634.03

	
15.72%

	
349.67




	
60–80%

	
18.87%

	
634.28

	
7.39%

	
164.35




	
80–100%

	
25.20%

	
846.98

	
18.78%

	
417.75
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