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Abstract

:

With the growth of cloud computing, the use of the Google Earth Engine (GEE) platform to conduct research on water inversion, natural disaster monitoring, and land use change using long time series of Landsat images has also gradually become mainstream. Landsat images are currently one of the most important image data sources for remote sensing inversion. As a result of changes in time and weather conditions in single-view images, varying image radiances are acquired; hence, using a monthly or annual time scale to mosaic multi-view images results in strip color variation. In this study, the NDWI and MNDWI within 50 km of the coastline of the Yucatán Peninsula from 1993 to 2021 are used as the object of study on GEE platform, and mosaic areas with chromatic aberrations are reconstructed using Landsat TOA (top of atmosphere reflectance) and SR (surface reflectance) images as the study data. The DN (digital number) values and probability distributions of the reference image and the image to be restored are classified and counted independently using the random forest algorithm, and the classification results of the reference image are mapped to the area of the image to be restored in a histogram-matching manner. MODIS and Sentinel-2 NDWI products are used for comparison and validation. The results demonstrate that the restored Landsat NDWI and MNDWI images do not exhibit obvious band chromatic aberration, and the image stacking is smoother; the Landsat TOA images provide improved results for the study of water bodies, and the correlation between the restored Landsat SR and TOA images with the Sentinel-2 data is as high as 0.5358 and 0.5269, respectively. In addition, none of the existing Landsat NDWI products in the GEE platform can effectively eliminate the chromatic aberration of image bands.
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1. Introduction


In recent decades, satellite imagery has developed, representing an effective source to monitor natural resources [1], vegetation ecological inversions [2], ecological function [3], and land–sea interactions [4]. High-quality satellite images normally need to satisfy three criteria for efficient operation: high-quality mosaic, abundant information, and harmonious tones [5]. Satellite images are inevitably affected by external disturbances, including seasonal variations and diverse atmospheric conditions, as well as internal elements, such as sensors and the satellite re-entry cycle during the image capture process, which all lead to uneven light distribution in satellite images [6,7]. Especially in large-scale satellite monitoring of long time series, it is frequently necessary to compare multi-period remote sensing images in order to distinguish the factors in response to the problem of different grayscale values of images and the phenomenon of uneven hue of adjacent image strips, such as changes in features, as well as image data mosaicked in different time scales, such as monthly, quarterly, and annual.



Google Earth Engine (GEE) is a cloud platform for satellite image visualization, calculation, and analysis at a planetary scale. A large number of studies have been deployed using GEE, including disaster monitoring [8], vegetation change [9,10], urban expansion [11], and land cover analysis [12]. The GEE platform brings together more than 600 datasets, including Landsat, MODIS, Sentinel, and a large number of multi-spectral satellite images, facilitating the work of researchers [13]. Increasing trends can be observed in long time series NDWI and MNDWI analysis, as well as online visualization at a large scale [14,15,16]. NDWI is a fundamental index used to monitor climate changes that have induced water body change and to evaluate the impact of economic development on inland aquatic ecosystems [17]. NDWI has a clear advantage in assessing the relationship between surface water and seasonal precipitation [18,19]. When using NDWI for water body assessment, images of mountain shadows and clouds are easily received, and the results are prone to inaccuracy [20]. MNDWI is a modified normalized difference water index that enhances open water features [21]. Long-term monitoring of changes in coastal shorelines using MNDWI based on long-term of Landsat image series can effectively identify coastal erosion and coastal exploration. Dynamic monitoring of shorelines and tidal flats using Landsat image inversion for MNDWI could be a suitable indicator for sustainable development analysis [22]. The NDWI is commonly used to extract the body of water part of images [23]. However, the MNDWI is more accurate in built-up areas [24]. Moreover, the existing NDWI analyses over long time series often do not address the striping problems caused by image mosaics.



There has recently been an increased focus on the color leveling of remote sensing images. For instance, the Wallis method of filtering is used to differentiate areas of images with similar mean and variance; GeoDodging software employs this method to align the color and brightness of different images [25]. The histogram-matching method can be applied to a single image or image overlap area as a reference and change other images to be restored in the image mosaic process for color leveling, which is a typical non-linear image restoration method [26]. Color correction in ArcGIS software is based on the idea of gamma correction for image leveling in the survey area, which is based on the principle of interpolation of the correction parameters of non-overlapping areas from the overlapping areas of an image [27]. The above methods can be effective for color leveling studies of similar features in multi-scene images; however, for a wide range of image coverage with multiple image strips with inconsistent color differences in a given area, using the above image restoration methods causes overall tonal distortion. Currently available methods do not consider the position relationship between images and cause cumulative errors in color transfer when used in long-term analyses.



Mainstream machine learning methods include SVM (support vector machine), neural networks, random forests, etc. SVM can only achieve small-scale sample training and binary classification with a significant effect [28]. A neural network is a typical gradient algorithm that solves the global extrema of complex nonlinear functions, with highly randomized training accuracy depending on the selected network and the quality of training samples [29]. Compared with other machine learning methods, random forest methods can provide mutually independent training subsets without feature selection and can achieve fast parallelization of high-dimensional and complex training data [30]. Random forest methods are widely used for remote sensing image classification, natural resource surveying, and environmental monitoring [31] but are rarely used for image restoration; therefore, in this paper, we adopt random forest methods for image restoration.



Three primary issues need to be addressed in the afterglow processing of remote sensing images with grayscale values of existing multi-view images to improve understanding of long-term NDWI and MNDWI indices. First, in the study of strip color differences caused by stitching of medium and large-scale multi-view images, it is difficult for existing leveling algorithms to achieve basic consistency in terms of brightness and hue among image strips after processing [6]. Second, in long-term time series remote sensing monitoring, the image restoration rules based on multi-source remote sensing are inconsistent and cannot effectively guarantee the objectivity of current image quality and the accuracy of long-term image inversion [32,33]. Third, an automatic and robust method is needed to implement batch processing of large amounts of image restoration for the homogenization of medium- and large-scale remote sensing images of long-term time series [5,34]. Therefore, there is an urgent need to solve the problem of how to efficiently and rapidly achieve restoration using current homologous remote sensing images in long time series and medium- and large-scale remote sensing image homogenization processes.



To address the above issues, in the present study, we employed a random forest algorithm to quickly classify the DN values and probabilities of the images separately based on the GEE platform; the classified results were then matched in a histogram. In this study, two water body indices, NDWI and MNDWI, were analyzed using Landsat TM/OLI image band computing from 1993 to 2021, and the results of image restoration were compared with existing Landsat, MODIS, and Sentinel-2 products to verify the effectiveness of the method. We propose a machine-learning-based histogram image restoration method that can provide a theoretical foundation for the homogenization study of long time series large-scale images.




2. Materials and Methods


2.1. Study Area


The Yucatán Peninsula (18°50′42″N, 89°07′32″W) is a peninsula located in northern Central America and southeastern Mexico [35], separating the Caribbean Sea from the Gulf of Mexico [36]. It is bordered by the Caribbean Sea to the east, the Gulf of Mexico and the Bay of Campeche to the west, and Cuba across the Yucatán Strait to the northeast, with an area of 197,600 square kilometers. The Yucatán Peninsula has an average elevation of less than 200 m, with a high southern and low northern topography. The average width of the peninsula is approximately 320 km, and its coastline is approximately 1100 km long [37]. The area analyzed in the present study is within 50 km of coast of the Yucatán Peninsula, as shown in Figure 1.



The climate of the Yucatán Peninsula is tropical, ranging from semiarid in the north to humid in the south. The average annual precipitation varies from less than 800 mm in the driest regions of the northwest to 2000 mm in the southern Petén Basin. Rainfall varies seasonally, with August and September generally representing the wettest months. As one of the largest karst landscapes in the world, the Yucatán Peninsula provides a suitable habitat for mangrove growth, with a carbon stock of more than 1000 Mg C ha-1 [38]. The carbon stocks in the Sian Ka’an Biosphere Reserve store the equivalent of approximately 185.7 million Mg CO2e, which is equivalent to almost half (40–46%) of the carbon emissions of Mexico in 2009 (399.7 million Mg of CO2e) [39]. Mangroves have the potential to help regulate the atmosphere, particularly by reducing atmospheric carbon concentrations and sequestering carbon stocks [40].



Due to the extreme karst nature of the whole peninsula, the northern Yucatán Peninsula is devoid of rivers. Where lakes and swamps are present, the water is typically marshy and generally unpotable [41]. Dry forests occupy the dry northwestern peninsula and include dry forests and scrublands, as well as cactus scrub. Moist forests occupy the middle and eastern portions of the peninsula and are characterized by semi-deciduous forests, where 25% to 50% of the trees lose their leaves during the summer dry season. Belizean pine forests are found in several enclaves across central Belize. The southernmost portion of the peninsula is in the Petén–Veracruz moist forests ecoregion, an evergreen rain forest [42].




2.2. Data and Processing


2.2.1. Image Collection


To reduce the images of Landsat 7 ETM data strips for image analysis, we primarily used Landsat 5 TM and Landsat 8 OLI data, with experimental data obtained from the GEE cloud platform. By screening the images of the study area, it is found that the Landsat 5 TM dataset from 1984 to 2012 did not include images for 1988, 2004, 2005, or 2006. A large number of images were missing for 2010, 2009, 2008, 2007, 2003, 2002, 1992, 1991, 1990, and 1989. Complete Landsat 5 TM were available for 1993 to 2001, and complete Landsat 8 OLI date were available for 2013 to 2021. The NDWI synthetic products available on GEE (ANNUAL, 32-DAY, 8-DAY, and MODIS) and the NDWI images after the Sentinel-2 band operation were also used as a dataset for comparison and validation. The range of Landsat image ranks in the study area is: World Reference System (WRS) PATH: 18–21, WRS_ROW: 45–47. A summary of image data details is shown in Table 1.




2.2.2. Image Processing


Figure 2 depicts the technical process employed in this study, which is divided into four steps. The first step is image preprocessing, which includes (1) time and boundary screening, (2) cloud and cloud shadow removal, and (3) NDWI and MNDWI calculation to obtain the mosaic image. The preprocessed images were visually evaluated for the presence of strip color differences in the second step; portions with strip color differences were segmented and designated as the target image, and the reference image corresponding to each image was chosen. In the third step, the probability density function and cumulative distribution function were calculated for the NDWI and MNDWI values of each target image and reference image part. In order to obtain the DN values and probability distribution statistics, a classifier was built using a random forest algorithm, taking the DN values of the reference image as a training subset and mapping the training results to the target image. The final step was image analysis, including annual time series image analysis, single-view image analysis, and multi-source remote sensing image comparison analysis.



We used the existing technical methods of GEE: (1) normalized index calculation function ee.Image.normalizedDifference(), (2) image filtering boundary filter and time filter functions ee.ImageCollection.filterBounds() and ee.ImageCollection.filterDate(), (3) single-band image mosaic function ee.ImageCollection.qualityMosaic(), and (4) random forest function ee.Classifier.smileRandomForest(). The library of functions called external GEE includes ee-palettes (a module for generation of color palettes in GEE to be applied to mapped data). The main improvements and independently implemented parts are as follows: (1) the removal of clouds and cloud shadows using the QA (pixel_qa) band bit mask technique in Landsat images, (2) the statistical functions (probability distribution function and cumulative distribution function) in each band of the image, (3) the image mapping method using the random forest method, and (4) multi-band image Pearson correlation analysis function.





2.3. Methods


2.3.1. NDWI and MNDWI


NDWI (normalized difference water index) and normalized difference processing with green band and NIR (near infrared) bands of remotely sensed images were used to highlight the water body information in the images [43]. The value range of NDWI is [−1, 1], and DN ≥ 0 of image elements in NDWI generally indicates that the ground is covered by water bodies or dark, bare ground, whereas negative values indicate vegetation coverage [44].



MNDWI is an improved water body index proposed on the basis of the modification normalized difference water index (MNDWI), which is a normalized ratio index based on the near-infrared band and the mid-infrared band. Previous studies have demonstrated that MNDWI achieves better performance than NDWI for water body extraction and can better reveal changes, such as fine features of water bodies [21,23].




2.3.2. Random Forest Algorithm


The random forest algorithm is a machine learning algorithm based on the combination of decision trees proposed by Breiman [45,46]. The construction of a random forest classifier involves two primary aspects: random selection of data and random selection of features [47]. The basic principles of the algorithm are as follows:




	(1)

	
Using put-back sampling, the statistical DN values and the probabilities of the reference images serve as the original dataset from which a subset of data is constructed with the same amount of data as the original dataset [48]. The size of each bagging is approximately 1/2 of the original data, and the size of the test dataset is about 1/2 of the original dataset, which is known as the out-of-bag (OOB) data. The above parameters are the default values for the bag fraction parameter of the GEE randomization algorithm.




	(2)

	
According to the principle of minimum Gini coefficient, N bagging groups are randomly selected to form N decision trees, and multiple CART decision trees are constructed using the subsets of each node variable after internal splitting to form a random forest [44]; the number of trees selected in this study is 100.




	(3)

	
Statistics of image DN values and probability distributions. The magnitude of DN values in each band of the reference image and the target image are counted using the probability distributions function, and the probability distribution of the DN values of the images are counted using the cumulative distribution function to compare the differences between the reference image and the target image. The image DN values and probability distributions are prepared for the next step of random forest classification.




	(4)

	
The generated random forest classifier classifies the data. The reference image and the image to be restored are assigned DN values, and their probability distributions are classified by the random forest algorithm according to the above steps in the following process: (1) The DN value classifier of the reference image is derived according to the statistical DN values of each band of the reference image as a training subset using the random forest function. (2) The probability of the DN value of each band of the image to be restored is used as the training subset, and the random forest function is used to derive the probability classifier of the image to be restored. (3) The DN values of the reference image are matched with the DN values of the restored image using the DN value classifier of the reference image to map the probability distribution of the DN values of the reference image to the reference image.












3. Results


In the process of year-by-year NDWI and MNDWI calculations, the inconsistency of strip color difference caused by image mosaic is a common occurrence. The strip color difference of images from 1993–2001 and 2013–2021 were repaired and corrected, respectively. The mean value of NDWI of Landsat TOA images increased from 0.6243 to 0.6280, and the standard deviation of image elements decreased from 0.1302 to 0.1272; the mean value of NDWI of Landsat SR images increased from 0.7042 to 0.7279, whereas the standard deviation of NDWI decreased from 0.2321 to 0.2100. The mean value of the restored MNDWI of Landsat TOA images increased from 0.8790 to 0.8819, and the standard deviation of image elements decreased from 0.0897 to 0.0867; the mean value of the MNDWI of Landsat SR images increased from 0.7565 to 0.7745, and the standard deviation decreased from 0.2328 to 0.2183.



The results of the time-series analysis of NDWI and MNDWI from 1993–2001 and 2013–2021 are shown in Figure 3. The fluctuations of Landsat TOA images before and after restoration are smaller than those of Landsat SR. MNDWI is consistently smoother than NDWI over time, and there are obvious differences between Landsat SR images in 2001 and 2013 in the articulation section. Due to the variances in sensors, picture timing, and climatic circumstances, as well as the various cloud removal techniques used by TOA photographs and SR images, it is also evident that Landsat TM and OIL images differ from one another and because SR images and TOA images use various de-clouding techniques. The R2 of Landsat SR and TOA images after NDWI correction decreased by 0.0450 and 0.0333, respectively, in comparison to that before restoration, whereas the R2 of Landsat SR and TOA images after MNDWI image correction increased by 0.0321 and 0.0405, respectively, compared with that before restoration.



3.1. Single-Image Analysis


By analyzing the images year by year, differences between the results of Landsat TM images and OIL images were discovered. To further analyze the effect before and after image restoration, 1998 and 2016 were selected for separate analyses; the restored single-view images are shown in Figure 4 and Figure 5. The results demonstrate that the NDWI and MNDW images after image restoration are smoother without the strip color difference created by the mosaic of single-view images, indicating that the restored images can more accurately depict the desired outcomes.



The areas with chromatic aberrations in the 1998 and 2016 images were restored in accordance with the image-stitching stripes, and the mean and standard deviation of NDWI and MNDWI before and after restoration were calculated based on the idea of restoring smaller areas. The statistical results are displayed in Table 2. The standard deviation of the image elements of Landsat SR and TOA images decreased by an average of 0.0283 and 0.0107, respectively, indicating that the effect of using Landsat TOA images for water body index calculation is superior to that of Landsat SR.



In order to verify the effect of the restored images of the random forest, the area random points of the restored image area and the reference image in 1998 were prepared, with the reference image as the true value and the restored image as the actual value. As shown in Figure 6, the correlations of both the restored image and the reference image are high, whereas the correlations of the Landsat SR image NDWI and MNDWI (R2 = 0.9467 and R2 = 0.9451) are slightly lower than those of Landsat TOA images (R2 = 0.9834 and R2 = 0.9779). In addition, we confirmed that Landsat TOA images were superior to Landsat SR images for restoration purposes.




3.2. Multi-Source Image Comparison Analysis


To compare the differences between the restored results of the images matched by the random forest method and the existing GEE products, a portion of the restored areas of the 2016 images was selected for the present study. Figure 7 shows a comparison of the results of the restored images of the area to be restored in 2016 with those of the existing products. The restored results of Landsat TOA and SR image NDWI are shown in Figure 7b,c, and the corresponding comparison images are shown in Figure 7d–h; Landsat 8-day, 32-day, and annual images all have varying degrees of band color difference. The results of the restored areas are better than those of the existing Landsat products. It is sufficient to determine, by comparing them to the MODIS products, that the MODIS images lack strip chromatic aberration. The resolution of MODIS is too coarse to determine the presence of noise, making it unsuitable for the study of images of small areas, whereas the results of the Sentinel-2 data are more precise. Compared to the Sentine-2 image, the restored Landsat image has more significant tonal stratification and more accurately reflects the actual condition of the coastline.



Landsat TOA and SR images of the restored area in 2016 were compared with Landsat 8-day, 32-day, annual, MODIS, and Sentinel 2 results. The statistical results of the differences between the restored images and other data products were determined by comparing the maximum, minimum, mean, and standard deviation of their images of the restored area, as shown in Table 3. Table 4 shows that the NDWI values of the restored Landsat TOA images and the higher-resolution Sentinel-2 images are closer, with mean values of 0.7595 and 0.7499, respectively, and the restored Landsat SR images have a high value of 0.9530, whereas the rest of the Landsat NDWI products are correspondingly low, and the NDWI values of the lower-resolution MODIS products are relatively high. NDWI values are relatively high for the lower-resolution MODIS products.



Correlation analysis results of the corrected 2016 Landsat images with other data products are presented in Table 4. With the exception of the higher correlation between the restored Landsat TOA and SR images, the highest correlation between the restored Landsat SR images and Sentinel-2 images is 0.5358, followed by the highest correlation between the Landsat TOA images and Sentinel-2 images. The highest correlation is 0.5269, indicating that the results of the restored images are most similar to those of the Sentinel-2 images without strip chromatic aberration, followed by the Landsat annual composite images. Due to the variable degrees of strip chromatic aberration in Landsat’s multiple composites, the findings are less similar.





4. Discussion


In this study, we used the GEE platform to first segment the strip chromatic aberrations in the NDWI and MNDWI image mosaics after the waveform operation and then count the DN values and their probability distributions of the image to be restored and the reference images, respectively, by histogram, and used the random forest function to map the DN values and their probability distributions of the reference image to the image to be restored. The results show that the restored images are superior to the images before the restoration in terms of effectively communicating the desired results. Additionally, the restored images lack any overt banding chromatic aberrations, and the chromatic aberrations are smoother following the image mosaic. In addition, in order to reduce the image restoration process, the total area of the image to be restored was limited to less than 50% of the total of the study area to avoid the results of the restored image from being distorted and thus to improve the image inversion accuracy.



Compared with existing research on image restoration, this study has the following features: 1. In contrast with traditional image restoration techniques based on local ArcGIS and ENVI software, the technique proposed in this study is based on the GEE cloud platform, which can effectively reduce the time spent on image preprocessing and considerably improve the efficiency of image restoration. 2. The principle set out in this study is to restore less than 50% of the area, which can effectively reduce the over-restoration of the image, avoiding distorted image values. 3. The reference image is also the adjacent area of the composite image, which ensures the consistency of the tones of the simultaneous images throughout the restoration process, making it suitable for water index inversion study of long time series synthesized by Landsat, such as monthly, quarterly, and annual.



In this study, we relied on the powerful cloud computing capabilities of the GEE platform, which can determine image DN values and probability distribution statistics using random forest classification and histogram matching in a short period of time. The study process of image restoration does not correlate with the geographical location, topography, and climatic conditions in the study area, and the strip color difference of Landsat’s normalized water body index (NDWI and MNDWI) for long time series is more generalized. The images processed by the algorithm can eliminate the inconsistency of color difference, and there is no obvious difference in tones at the edges of the images. In addition, this algorithm does not encounter the problem of error accumulation caused by color transfer, so it can be used for multiple color leveling according to the hue of each image area to be restored, avoiding images being restored based on the same reference image. The method is suitable for processing the hue inconsistency in the study area because it is larger than the range of single-view images processed with multiple time-phase synthesis.



Restoration was mainly applied in this research using two indices, NDWI and MNDWI, and the indices of other multi-band operations were not analyzed. Further analysis of the indices calculated for other bands is planned in the future to validate and compare the proposed technique with other method among the indices. Although the method proposed in this paper can effectively improve image strip chromatic aberration, the identification of areas where the image strip boundary is not obvious still needs to be improved; in future research, we will focus on the automatic identification and repair of the strip boundary in the study area.



We argue that large areas for Landsat image restoration require significant computational resources and efficient implementation, which was achieved in the present study using the GEE free platform. Because synthetic images of different time scales produce different chromatic aberration areas, the random forest method used in this study is applicable to all areas where image chromatic aberration restoration is required in the process of water surface data processing. In order to verify the regional applicability, we again selected the Southern African Ocean for analysis; the results show that the method is still applicable. The relevant code can be viewed at https://code.earthengine.google.com/13697e3deee07ac64c6da3a69208ed86?hideCode=true, (accessed on 15 August 2022). We also created an app for NDWI image restoration for any region of the world, which can be accessed at https://bqt2000204051.users.earthengine.app/view/landsat5-image--ndwi-restoration, (accessed on 1 October 2020).




5. Conclusions


In this study, we use a random forest algorithm to restore Landsat images with strip chromatic aberrations within 50 km of the coastline of the Yucatán Peninsula for a long time series (1993–2001 and 2013–2021) based on the GEE cloud platform. After restoration, the overlap between the Landsat SR and TOA images is smoother, and in accordance with the principle of minimum image restoration, we propose a new algorithm for the restoration of Landsat images with strip chromatic aberrations. To prevent image distortion and successfully resolve the problem of strip chromatic aberration in single-view image mosaics, the restored area is less than 50 percent.



Our results show that Landsat TOA images produce better results in terms of chromatic aberration and image restoration than Landsat SR images for both the Landsat 5 and Landsat 8 series. The restored Landsat images more accurately depict the actual conditions when compared to existing Landsat NDWI images, especially when compared to the correlation with the 10 m resolution Sentinel-2 images. A comparison of the year-by-year results of Landsat TOA and SR images shows that Landsat TOA images were smoother in the long time series of water body index studies compared to Landsat SR.



In general, this paper provides a set of efficient technical processing methods based on the GEE cloud platform for image restoration of large-scale and long time series water body indices, solving the problem of strip color difference after Landsat image inversion to a certain extent. The restoration method described in this paper can be applied to Landsat images in long time series studies to effectively compensate for image shortcomings.
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Figure 1. Location of the study area. (a) Location of Yucatán Peninsula in Mexico; (b) path and row of each Landsat image. (WRS PATH:18–21 WRS ROW:45–48). 
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Figure 2. Overall methodology of the study. 
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Figure 3. Time-series analysis. (a) NDWI image; (b) MNDWI image. 
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Figure 4. Before and after image restoration in 1998. (a–d) Original image; (e–h) post-restoration image; (a,e) Landsat SR NDWI image; (b,f) Landsat TOA NDWI image; (c,g) Landsat SR MNDWI image; (d,h) Landsat TOA MNDWI image. 
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Figure 5. Before and after image restoration in 2016. (a–d) Original image; (e–h) post-restoration image; (a,e) Landsat SR NDWI image; (b,f) Landsat TOA NDWI image; (c,g) Landsat SR MNDWI image; (d,h) Landsat TOA MNDWI image. 
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Figure 6. Scatter plots for the values of NDWI and MNDWI regression equations in 1998. (a) Landsat SR NDWI image; (b) Landsat SR MNDWI image; (c) Landsat TOA NDWI image; (d) Landsat TOA MNDWI image. 
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Figure 7. Comparison of restoration area with different images in 2016. (a) Restoration area in the study area; (b) post-restoration Landsat TOA NDWI image; (c) post-restoration Landsat SR NDWI image; (d) Landsat 8-day NDWI image; (e) Landsat 32-day NDWI image; (f) Landsat annual NDWI image; (g) MOD13Q1 NDWI image; (h) Sentinel-2 NDWI image. 
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Table 1. List of Landsat, MODIS, and Sentinel-2 image data used in this study.
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Satellite Type

	
Image Collection Name

	
Date

	
Resolution






	
Landsat 1

	
LANDSAT/LT05/C01/T1_TOA

Landsat 5 TM Collection 1 Tier 1 calibrated Top of Atmosphere Reflectance

	
1993–2001

	
30 m




	
LANDSAT/LT05/C01/T1_SR

Landsat 5 TM Collection 1 Tier 1 calibrated Surface Reflectance




	
LANDSAT/LC08/C01/T1_TOA

Landsat 8 Collection 1 Tier 1 calibrated Top of Atmosphere Reflectance

	
2013–2022




	
LANDSAT/LC08/C01/T1_SR

Landsat 8 Collection 1 Tier 1 calibrated Surface Reflectance




	
LANDSAT/LC8_L1T_ANNUAL_NDWI

Landsat 8 Collection 1 Level L1T orthorectified scenes annual composite NDWI

	
2013–2017




	
LANDSAT/LC8_L1T_32DAY_NDWI

Landsat 8 Collection 1 Level L1T orthorectified scenes 32 day composite NDWI




	
LANDSAT/LC8_L1T_8DAY_NDWI

Landsat 8 Collection 1 Level L1T orthorectified scenes 8 day composite NDWI




	
MODIS 2

	
MODIS/MCD43A4_006_NDWI

MCD43A4.006 MODIS Nadir BRDF-Adjusted Reflectance Daily 16 day composite NDWI

	
2000–2022

	
500 m




	
Sentinel-2 3

	
COPERNICUS/S2 Level-1C

The Sentinel-2 data contain 13 UINT16 spectral bands representing TOA reflectance scaled by 10000

	
2015–2022

	
10 m








1 For more details on Landsat images, see https://landsat.gsfc.nasa.gov/ (accessed on 20 April 2022). 2 For more details on MODIS images, see https://modis.gsfc.nasa.gov/ (accessed on 5 May 2022). 3 For more details on Sentinel-2 images, see https://sentinel.esa.int/documents/247904/685211/Sentinel-2_User_Handbook, (accessed on 5 May 2022).
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Table 2. Mean values and standard deviations of NDWI and MNDWI of Landsat TOA and SR.
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Landsat TOA

	
Landsat SR




	

	

	
Original

	
Restoration

	
Original

	
Restoration




	
Year

	
Index

	
Mean

	
Standard Deviation

	
Mean

	
Standard Deviation

	
Mean

	
Standard Deviation

	
Mean

	
Standard Deviation






	
1998

	
NDWI

	
0.5765

	
0.1165

	
0.6065

	
0.0982

	
0.6373

	
0.2255

	
0.7008

	
0.1643




	

	
MNDWI

	
0.8751

	
0.0998

	
0.8872

	
0.0783

	
0.8299

	
0.1868

	
0.8638

	
0.1459




	
2016

	
NDWI

	
0.6486

	
0.1414

	
0.6533

	
0.1400

	
0.7569

	
0.2432

	
0.7814

	
0.2320




	

	
MNDWI

	
0.8498

	
0.0900

	
0.8548

	
0.0883

	
0.6262

	
0.2995

	
0.6336

	
0.2996











[image: Table] 





Table 3. Statistical analysis of Landsat images, MODIS images, and Sentinel-2 images.
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NDWI

	
Min

	
Max

	
Mean

	
stdDev






	
Landsat

	
TOA

	
−0.4465

	
0.8590

	
0.7595

	
0.0194




	
SR

	
−0.6822

	
0.9999

	
0.9530

	
0.2441




	
ANNUAL

	
−0.2335

	
0.8764

	
0.2478

	
0.0705




	
32DAY

	
0.0469

	
1

	
0.5473

	
0.0568




	
8DAY

	
0.1204

	
1

	
0.5758

	
0.0679




	
MODIS

	
MOD13Q1

	
−0.9999

	
1

	
0.8312

	
0.2827




	
Sentinel-2

	
Level-1C

	
−0.6911

	
0.8579

	
0.7499

	
0.1310
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Table 4. Pearson correlation analysis of NDWI with different images.
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Landsat

	
MODIS

	
Sentinel-2




	

	
NDWI

	
TOA

	
SR

	
ANNUAL

	
32 Day

	
8 Day

	
MOD13Q1

	
Level-1C




	
Landsat

	
TOA

	
1

	
0.8760

	
0.2843

	
−0.0190

	
0.1734

	
0.1684

	
0.5236




	
SR

	
0.8755

	
1

	
0.2789

	
0.0010

	
0.1081

	
0.1698

	
0.5350




	
ANNUAL

	
0.2789

	
0.2763

	
1

	
0.1137

	
0.2219

	
0.0103

	
−0.0419




	
32DAY

	
−0.0190

	
0.0007

	
0.1137

	
1

	
0.7096

	
−0.0588

	
−0.1336




	
8DAY

	
0.1711

	
0.1069

	
0.2219

	
0.7096

	
1

	
0.0362

	
−0.0806




	
MODIS

	
MOD13Q1

	
0.1672

	
0.1689

	
0.0103

	
−0.0588

	
0.0362

	
1

	
0.2197




	
Sentinel-2

	
Level-1C

	
0.5269

	
0.5358

	
−0.0419

	
−0.1336

	
−0.0806

	
0.2197

	
1
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