

  remotesensing-15-04840




remotesensing-15-04840







Remote Sens. 2023, 15(19), 4840; doi:10.3390/rs15194840




Article



Remote Sensing Monitoring of Drought in Southwest China Using Random Forest and eXtreme Gradient Boosting Methods



Xiehui Li 1,2,3,*, Hejia Jia 1,4 and Lei Wang 1





1



School of Atmospheric Sciences, Chengdu University of Information Technology, Chengdu 610225, China






2



Yunnan R&D Institute of Natural Disaster, Chengdu University of Information Technology, Kunming 650034, China






3



Key Open Laboratory of Arid Climate Change and Disaster Reduction, China Meteorological Administration/Key Laboratory of Arid Climatic Change and Reducing Disaster of Gansu Province, Lanzhou Institute of Arid Meteorology, China Meteorological Administration, Lanzhou 730020, China






4



Xianning Meteorological Service, Xianning 437000, China









*



Correspondence: lixiehui@cuit.edu.cn or lixiehui325328@163.com







Citation: Li, X.; Jia, H.; Wang, L. Remote Sensing Monitoring of Drought in Southwest China Using Random Forest and eXtreme Gradient Boosting Methods. Remote Sens. 2023, 15, 4840. https://doi.org/10.3390/rs15194840



Academic Editor: Luca Brocca



Received: 27 July 2023 / Revised: 6 September 2023 / Accepted: 20 September 2023 / Published: 6 October 2023



Abstract

:

A drought results from the combined action of several factors. The continuous progress of remote sensing technology and the rapid development of artificial intelligence technology have enabled the use of multisource remote sensing data and data-driven machine learning (ML) methods to mine drought features from different perspectives. This method improves the generalization ability and accuracy of drought monitoring and prediction models. The present study focused on drought monitoring in southwest China, where drought disasters occur frequently and with a high intensity, especially in areas with limited meteorological station coverage. Several drought indices were calculated based on multisource satellite remote sensing data and weather station observation data. Remote sensing data from multiple sources were combined to build a reconstructed land surface temperature (LST) and drought monitoring method using the two different ML methods of random forest (RF) and eXtreme Gradient Boosting (XGBoost 1.5.1), respectively. A 5-fold cross-validation (CV) method was used for the model’s hyperparameter optimization and accuracy evaluation. The performance of the model was also assessed and validated using several accuracy assessment indicators. The model monitored the results of the spatial and temporal distributions of the drought, drought grades, and influence scope of the drought. These results from the model were compared against historical drought situations and those based on the standardized precipitation evapotranspiration index (SPEI) and the meteorological drought composite index (MCI) values estimated using weather station observation data in southwest China. The results show that the average score of the 5-fold CV for the RF and XGBoost was 0.955 and 0.931, respectively. The root-mean-square error (RMSE) of the LST values reconstructed using the RF model on the training and test sets was 1.172 and 2.236, the mean absolute error (MAE) was 0.847 and 1.719, and the explained variance score (EVS) was 0.901 and 0.858, respectively. Furthermore, the correlation coefficients (CCs) were all greater than 0.9. The RMSE of the monitoring values using the XGBoost model on the training and test sets was 0.135 and 0.435, the MAE was 0.095 and 0.328, the EVS was 0.976 and 0.782, and the CC was 0.982 and 0.868, respectively. The consistency rate between the drought grades identified using SPEI1 (the SPEI values of the 1-month scale) based on the observed data from the 144 meteorological stations and the monitoring values from the XGBoost model was more than 85%. The overall consistency rate between the drought grades identified using the monitoring and MCI values was 67.88%. The aforementioned two different ML methods achieved a high comprehensive performance, accuracy, and applicability. The constructed model can improve the level of dynamic drought monitoring and prediction for regions with complex terrain and topography and formative factors of climate as well as where weather stations are sparsely distributed.
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1. Introduction


A continual global warming trend, characterized by an increase in both the frequency and intensity of extreme weather and climate events, has been witnessed in recent years. This warming trend has significantly impacted human survival and sustainable socioeconomic development. Drought is one of the natural disasters that affects the most extensive amount of area and causes the greatest losses [1,2,3]. Drought has become increasingly frequent worldwide because of the dual effects of climate change and human activities, and it usually occurs sequentially and concurrently. According to the Annual State of the Global Climate 2022 Report released by the World Meteorological Organization, greenhouse gas concentrations have increased over the years, resulting in continuous heat accumulation. The past eight years were the warmest on record globally. In 2022 alone, extreme heat waves, drought, and wildfires hit different parts of the world, incurring losses of billions of US dollars. The impact of warming as a prominent feature of climate change has been unprecedented. Consequently, the climate system has become less stable, and extreme meteorological and hydrological events, such as drought and floods, occur with an increasing probability and have a lasting impact. For these reasons, monitoring and predicting droughts and floods are particularly important and have attracted widespread attention at home and abroad [4,5,6,7,8,9]. Southwest China occupies an extensive area and is susceptible to drought due to the influence of water vapor over the Bay of Bengal and the south trough. Southwest China is a high-risk region for severe drought. Great variations in the altitude, population, land use type, and soil type have given rise to the complexity and diversity of drought-inducing factors across southwest China. The causes and formative mechanisms of drought also vary dramatically in this region [10,11,12]. Constructing weather stations is particularly difficult in the Qinghai–Tibet Plateau and the Yunnan–Guizhou Plateau, which are high-altitude regions. The sparse distribution of weather stations in these regions exacerbates the scarcity of meteorological data. Conventional drought indices no longer apply to the entirety of southwest China and may result in large deviations when used for drought monitoring and prediction. Southwest China suffers from more severe droughts than ever in terms of global warming due to the dual impacts of natural and human activities [13,14,15]. Therefore, a precise and dynamic drought monitoring model for southwest China is urgently needed to reduce losses.



Drought indices offer a quantitative description of drought duration, severity, and the extent of the disaster. They constitute the foundation for modern drought monitoring and predictive modeling [16,17]. Two types of data sources are used for calculating drought indices: data at ground stations and gridded remote sensing data. Data at ground stations are obtained using calculations from real-time meteorological, agricultural, or hydrological measurements. Ground measurement data obtained using this method exhibit a higher precision but have a smaller coverage area, making them more expensive. Moreover, weather stations are sparsely distributed in some regions, and data at these stations are inadequate for describing the spatial distribution of drought. Spatial interpolation is useful for assessing drought conditions where weather stations are sparsely distributed. However, drought monitoring and prediction are usually less accurate for regions using interpolation due to the topographic complexity and uncertainty regarding the interpolation algorithm. Remote sensing data have the advantages of extensive coverage, high spatial resolution, and strong timeliness, and they can make up for the defects of weather station observation data. Along with developments in remote sensing technology, new denoising algorithms and atmospheric correction algorithms have led to many remote sensing drought indices being proposed and used for drought monitoring on a global or regional scale. Remote sensing drought indices have attracted increasing attention in recent years [18,19].



Drought adversely impacts plant growth and development, which present as varying spectral features on remote sensing images. Drought can cause changes in the physiological and biochemical parameters of plants, which further lead to spectral changes. Therefore, most remote sensing drought indices define drought by monitoring the vegetation status on the land surface. The normalized difference vegetation index (NDVI) is the most commonly used approach. Some NDVI-related remote sensing drought indices, such as the vegetation condition index (VCI), standardized vegetation index, atmospherically resistant vegetation index, modified soil-adjusted vegetation index, and modified normalized difference vegetation index, are improvements and extensions of the NDVI and are used for drought recognition and monitoring [20,21,22,23,24,25].



In addition to optical reflection, the temperature condition index (TCI) can also be obtained using earth surface temperatures detected using the thermal channel of a satellite sensor. The TCI can be used to determine the vegetation pressure caused by dryness or excessive humidity [26]. Other remote sensing drought indices are an integration of ground reflectance and thermal properties. For example, the vegetation temperature condition index (VTCI) was developed based on the NDVI and LST products. Existing studies have shown that the VTCI performs highly accurately in identifying and classifying drought events and for near-real-time drought monitoring [27]. Sandholt et al. (2002) [28] performed empirical parameterization to establish the relationship between the NDVI and LST and proposed the temperature–vegetation dryness index (TVDI). They compared the TVDI with the distributed physical hydrological model based on the MIKE Système Hydrologique Européen code and found that the TVDI reflected water content changes on a more refined scale.



More than a hundred drought indices have been developed so far, but not a single drought index fully reflects drought features that are highly complex and occur in various forms. A single factor, such as precipitation, vegetation status, or soil moisture (SM), is generally considered and used to build conventional remote sensing drought monitoring models. These models cannot fully characterize drought. A regional drought is influenced by several factors simultaneously. Some researchers have recently integrated disaster-inducing factors with several drought indices to build a composite drought index for developing drought monitoring and prediction models [29]. Currently, three primary methodologies are employed to build a composite drought index: weight combination, multivariate joint distribution method, and ML [30]. ML stands out due to its nonlinearity, high estimation accuracy, and high generalization ability. The availability of multisource remote sensing products and data has increased due to advancements in space exploration technology and the emergence of satellite detection platforms with satellite-borne sensors. Also, the spatial and temporal resolutions have increased significantly. Remote sensing now provides information on precipitation, temperature, SM, terrestrial water storage, evaporation, snow, vegetation response, and plant functions [31,32]. Such information can be used to characterize drought from both temporal and spatial perspectives. In particular, National Aeronautics and Space Administration–Advanced Very High Resolution Radiometer and National Aeronautics and Space Administration–Moderate Resolution Imaging Spectroradiometer (NASA-MODIS) sensors provide different types of remote sensing products characterized by longer time scales and higher spatial and temporal resolutions. These remote sensing products serve as spatiotemporal Big Data for drought monitoring, often involving building a composite remote sensing index using ML methods based on data mining and a data-driven approach.



ML has developed exponentially in recent years in the field of artificial intelligence. The application scope of ML methods has expanded, and many breakthroughs have been achieved. A growing number of researchers have used a single ML algorithm or an ML approach based on ensemble learning (bagging, boosting, and stacking) to monitor and predict drought by satellite-derived drought factors in different parts of the world and on different time scales [20,21,22,33,34]. The ML models [21,33,34,35,36,37,38,39,40] used include RF, boosted regression tree (BRT), Cubist, support vector machine (SVM), deep forward neural network (DFNN), k-means, principal component analysis, artificial neural network (ANN), generalized additive model, deep learning (DL), classification and regression tree (CART), multivariate adaptive regression splines, flexible discriminant, convolutional neural network (CNN), XGBoost, decision tree (DT), and so forth. Park et al. (2016) [34] monitored meteorological and agricultural drought in the arid region of Arizona and New Mexico and the humid region of North Carolina and South Carolina by incorporating 16 remote sensing drought factors from MODIS and tropical rainfall measuring mission (TRMM) satellite sensors using RF, BRT, and Cubist models. The results showed that RF produced the best performance (R2 = 0.93, RMSE = 0.3) for standard precipitation index (SPI) prediction among the three approaches. Shen et al. (2019) [36] constructed and tested a comprehensive drought monitoring model using the DFNN based on the satellite data including MODIS and TRMM as multisource remote sensing data in the Henan Province of China. The results demonstrated that the comprehensive drought model had good applicability in monitoring meteorological and agricultural droughts. The consistency rate of drought grades between the drought indicators of the model output and the comprehensive meteorological drought index, measured at the site scale, was 85.6% and 79.8% for the training set and the test set, respectively. The CC between the model’s drought index and the SPEI was between 0.772 and 0.910. Sardar et al. (2022) [38] discussed an ensemble of CNN and Barnacles Mating Optimizer (BMO) to enhance the efficiency of a CNN model for drought prediction by inputting the NDVI, soil-adjusted vegetation index, atmospherically resistant vegetation index, and enhanced vegetation index (EVI) calculated from the satellite data for the Kolar region of Karnataka. The CNN model achieved an accuracy below 90% during training and 91% during testing. However, the accuracy of the ensemble model (CNN with BMO) reached 92% during training and increased to 94% during testing. Ali et al. (2023) [41] employed XGBoost and ANN to downscale the Gravity Recovery and Climate Experiment (GRACE) satellite’s terrestrial water storage anomaly (TWSA) from 1 to 0.25 for improved understanding of hydrological droughts in the Indus Basin Irrigation System. The findings revealed that the XGBoost model outperformed the ANN model with Nash–Sutcliffe Efficiency (0.99), Pearson correlation (0.99), root mean square error (RMSE) (5.22 mm), and mean absolute error (MAE) (2.75 mm) between the predicted and GRACE-derived TWSA. Relevant studies have shown that drought monitoring and prediction based on ML can achieve superior overall performance compared with conventional regression analysis, time-series statistical models, and physical models [42,43].



Southwest China is located in the upper reaches of the Yangtze and Pearl rivers. It serves as an important ecosafe barrier, although it is ecologically vulnerable and sensitive to climate change. Southwest China is known for its highly diversified terrain and topography because the Qinghai–Tibet Plateau (the plateau with the highest altitude and most complex terrain in the world), the Yunnan–Guizhou Plateau, the Hengduan Mountainous Region, and the Sichuan Basin are situated in this region. The climate in southwest China is influenced not only by the Qinghai–Tibet Plateau but also by the South Asian and East Asian monsoons. The formative factors of weather and climate are also highly complex in southwest China. Historically, southwest China has frequently experienced severe and high-grade droughts. Drought events have become more frequent and severe as a result of global warming [44]. Fu et al. (2022) [45] generated spatiotemporally continuous SPEI data spanning from 1901 to 2018 in southwestern China using four ML approaches (DT, RF, gradient BRT, and extra tree). The results indicated that four CART approaches could provide valid local drought information by downscaling the Estación Experimental de Aula Dei data. Mei et al. (2022) [46] proposed a novel prediction model for predicting the monthly MCI values of the representative five stations of the Yunnan Province from 1960 to 2020. This model combined the recurrent neural network (RNN) based on a gated recurrent unit and CNNs with optimization using the modified particle swarm optimization algorithm. The results showed significantly improved skills in terms of the RMSE (0.301), MAE (0.237), and Nash–Sutcliffe efficiency coefficient (0.998) for predicting MCI values for the first month in the future. Currently, ML methods are less used for drought monitoring and prediction in southwest China, especially the combination of multisource remote sensing information and ML methods. The present study mainly performed the following tasks based on previous studies: (1) A MODIS LST reconstruction model was proposed based on the multisource remote sensing information and RF, and the accuracy of the model was evaluated and validated on a spatiotemporal scale with the observed data from meteorological stations in southwest China. (2) A remote sensing drought monitoring model was constructed based on the multisource remote sensing information, and a reconstructed LST was achieved through the application of the RF model and XGBoost. The model accuracy was evaluated and validated with SPEI1 values calculated from observed data at meteorological stations in southwest China. (3) A comprehensive evaluation of the output results of the constructed remote sensing drought monitoring model was also conducted based on the monthly MCI values calculated from the observed data of meteorological stations in southwest China as well as actual disaster data for four seasons. The purpose was to improve dynamic drought monitoring and prediction in regions with complex terrain, varied topography, influential weather and climate factors, and sparse distribution of weather stations.




2. Materials and Methods


2.1. Study Areas


Southwest China encompasses five provinces and municipalities: Sichuan, Yunnan, Guizhou, Chongqing, and Tibet. This region lies between 78°42′E–110°11′E and 21°13′N–36°53′N, adjoining Bhutan, Pakistan, Nepal, India, Laos, and Burma, and covering a total area of 2.34 million km2, accounting for about 24.5% of the total land area of China [47]. Widely known for its complex and diverse landforms and undulating terrain, southwest China covers the Qinghai–Tibet Plateau, Yunnan–Guizhou Plateau, Sichuan Basin, and the surrounding mountains. It belongs to the subtropical monsoon and alpine climate zones, with an annual average temperature of −2.8 to 23.9 °C and annual precipitation of 600–2300 mm. The precipitation is unevenly distributed with greater precipitation in the east than in the west. The difference can be up to five times in regions with the least and most precipitation [48,49]. The unique climate and landforms in southwest China have given rise to a large variety of vegetation. This vegetation is primarily divided into nine categories. Grassland, meadows, and alpine vegetation are mainly found in high-altitude regions; mid-altitude regions are dominated by bushes, coniferous forests, broad-leaved forests, and swaps; and low-altitude regions are occupied by grasses and cultivated vegetation [50,51].



Southwest China serves as an important ecosafe barrier, although the region itself is ecologically vulnerable and sensitive to climate change. According to historical documents and drought statistics since the founding of the People’s Republic of China, droughts occur almost every year in southwest China with the occurrence cycle being 3–6 years for moderate droughts and 7–10 years for severe droughts. Extreme climate events, such as severe droughts, have become increasingly frequent due to continuous global warming in recent years in southwest China where precipitation is abundant, the climate is generally humid, and drought is not uncommon. However, drought disasters now hit southwest China more frequently and at a greater intensity than at any other time in history. Persistent droughts can exert a large impact on local social and economic development.




2.2. Data


2.2.1. Data Sources


The drought data used in the present study mainly originated from two sources: satellite remote sensing and weather station observation data. Remote sensing data included vegetation index products (MOD13A3 and MYD13A3), LST products (MOD11A2 and MYD11A2), land cover-type products (MCD12Q1), and precipitation products (TRMM3B43) from the Terra and Aqua satellites of NASA between 2010 and 2019. The temporal and spatial resolutions of vegetation index products were 1 month and 1 km × 1 km, respectively. The temporal and spatial resolutions of the LST products were 8 days and 1 km × 1 km, respectively. The temporal and spatial resolutions of land cover-type products were 1 month and 0.5 km × 0.5 km, respectively. The temporal and spatial resolutions of precipitation products were 1 h and 0.25° × 0.25° [52,53], respectively. The land use-type data originated from the Institute of Geographic Sciences and Natural Resources Research (https://www.resdc.cn/, accessed on 1 March 2021), Chinese Academy of Sciences, with a spatial resolution of 1 km × 1 km. The SM products were obtained from the European Space Agency’s Climate Change Initiative for Soil Moisture (https://www.esa-soilmoisture-cci.org/, accessed on 15 March 2021) with a temporal resolution of 1 day and a spatial resolution of 0.25° × 0.25°. The digital elevation model (DEM) data were obtained from the Geospatial Data Cloud (https://www.gscloud.cn/search, accessed on 3 January 2021) with a spatial resolution of 30 m × 30 m. Daily meteorological observations included temperature, precipitation, and ground temperature data recorded at a depth of 0 cm. These observations were made at 144 weather stations across southwest China spanning 1980 to 2019. The data were obtained from data.cma.cn. The geographic location of the study area and the distributions of meteorological stations and elevation are depicted in Figure 1.




2.2.2. Data Preprocessing


The subsequent data preprocessing procedures mainly involved data format conversion, reprojection, resampling, and study area extraction because the MODIS data chosen for this study had already been subjected to atmospheric and aerosol corrections. The MODIS Reprojection Tool provided by NASA (https://lpdaac.usgs.gov/tools/modis_reprojection_tool, accessed on 20 March 2021) was first used for the projection transformation of MOD11A2, MYD11A2, MOD13A3, MYD13A3, and MCD1Q1 data. The following indices were extracted and calculated: NDVI, EVI, red band reflectance (Red_ reflectance), near-infrared band reflectance (NIR_ reflectance), day- and night-time surface temperature bands (LST_Day and LST_Night), and International Geosphere–Biosphere Programme (IGBP) Type 1 (according to the IGBP land cover classification system). Invalid values were removed from the images using the quality control document. A program was written to convert TRMM3B43 data and calculate monthly precipitations. The Arc Geographic Information System (ArcGIS) software was used for the projection transformation of SM, TRMM34B3, and DEM data. The slope and aspect were calculated from the DEM data. The spatial resolution of these resampling processes was set at 1 km × 1 km. As the temporal resolution of LST data was 8 days, we performed weighted pooling of all data to obtain the monthly LST, where weight was defined as the percentage of the month that each 8-day period accounted for. The temporal resolution of the SM data was set at 1 day, and the weighted pooling of the daily SM data was performed to obtain monthly data. Finally, all the remote sensing data were adjusted to match the geographical boundaries of southwest China using the ArcGIS software. Furthermore, the weather station observation data were subjected to three data preprocessing procedures for quality control: internal consistency check, climatic threshold value check, and station extreme value check. We used the means of the same meteorological element for the same day in other years for interpolation to fill some of the missing values at 144 weather stations so as to ensure the scientificity and accuracy of the meteorological observation data. We used ArcGIS and Python software to extract pixel values of the remote sensing data for the corresponding weather stations based on the latitude and longitude of the weather stations and the time scale of data, thereby synchronizing weather station observation data and remote sensing data.





2.3. Methods


2.3.1. Calculation of Remote Sensing and Meteorological Drought Indices


Drought indices are critical for drought monitoring and prediction, serving as a prerequisite for accurate assessment. Each drought index possesses distinct features. Among remote sensing drought indices, the NDVI and EVI can be used for drought monitoring because they reflect the vegetation status. The TRMM-standardized precipitation index (TRMM-SPI) captures precipitation distribution and abnormalities in the study area. VCI is derived from the NDVI and minimizes season-related noises. The TCI is derived from LST and reflects surface sensible heat flux because stomatal closure in vegetation due to drought leads to increased sensible heat flux [54]. The NDVI contains atmospheric noises, whereas the EVI inherits the advantages of the NDVI and overcomes some defects associated with the NDVI, including sensitivity to soil background effects, oversaturation of the NDVI in areas with high-rank vegetation cover, and reliance on atmospheric correction. In addition, the EVI is more sensitive to vegetation than the NDVI and therefore increases the sensitivity of vegetation monitoring. The EVI usually performs better when applied to vegetation degradation monitoring and quantitative analysis of vegetation resources [55]. In this study, we calculated the VCI and TCI and estimated the VTCI, TVDI, and vegetation supply water index (VSWI) based on the NDVI, LST, and EVI, respectively. Both the VTCI and TVDI were calculated based on the triangular relationship between the VCI and LST. They reflected surface evapotranspiration by capturing the changes in the LST and thereby identifying drought occurrence by estimating the changes in the SM content. The VSWI was calculated from the LST and VCI and predicted drought occurrence in the case of an increase in leaf canopy temperature and a decrease in photosynthesis [54].



Among meteorological drought indices, the SPEI considers both precipitation and potential evapotranspiration based on the water balance model of the SPI. The SPEI describes the multiscale features of a drought system. It is particularly suitable for drought study in the climate change context because it is subjected to fewer restrictions in geographical and climatic conditions [16]. The MCI, developed by the National Climate Center by integrating several drought indices, has already been used in China’s meteorological businesses [56]. In the present study, we used preprocessed remote sensing data and weather station observation data to calculate the VCI, TCI, VTCINDVI, VTCIEVI, TVDINDVI, TVDIEVI, VSWINDVI, VSWIEVI, TRMM-SPI, SPEI, and MCI. The indices were used as input and output parameters for the ML model and served as a means to validate the performance of the model in assessing drought. The calculation formulas for the selected remote sensing drought indices and meteorological drought indices are presented in Table 1.



The drought grades of SPEI and MCI values calculated based on the meteorological station data were consistent, as shown in Table 2. SPEI1, SPEI3, and SPEI6 represent the SPEI values of the 1-month scale, 3-month scale, and 6-month scale, respectively.




2.3.2. ML Model


	(1)

	
RF Model







The RF model was proposed by Breiman (2001) and is based on CART, which is one of the DT algorithms [62]. The rule-based ML, including decision trees and RF, has been widely used in remote sensing applications [19,34,40,63,64,65]. The RF method uses an ensemble approach that combines multiple decision trees to make predictions. The name “random forest” refers to data prediction accomplished using many independent DTs (a “forest”) through randomly selected training samples and variables at each node, which alleviates the well-known problems of CART such as overfitting and sensitivity to training data [66]. A randomly selected subset of training samples is used to produce a tree. The final decision from multiple trees is made by aggregating individual tree results based on an averaging approach for regression or a majority voting for classification. The RF model calculates the increased percentage of mean square error using the out-of-bag data when a variable is permuted with a random value [62]. Based on this information, the relative importance of a variable (i.e., the contribution of the variable to predict a target variable) can be identified. Therefore, RF can decrease the variance and obtain more precise prediction results than the common tree-based algorithms.



Let D be a training dataset in an M-dimensional space X, and let Y be the class feature with the total number of c distinct classes. The construction of an RF involves a three-step process [62,66]:



Step 1: Training data sampling: Use the bagging method to generate the K subsets of training data {D1, D2,..., DK} by randomly sampling D with replacement;



Step 2: Feature subspace sampling and tree classifier building: For each training dataset Di (1 ≤ i ≤ K), use a DT algorithm to grow a tree. At each node, randomly sample a subspace Xi of F features (F << M), compute all splits in subspace Xi, and select the best split as the splitting feature to generate a child node. Repeat this process until the stopping criteria are met, and a tree HI (Di, Xi) built by training data Di under subspace Xi is thus obtained;



Step 3: Decision aggregation: Ensemble the K trees {h1 (D1, X1), h2 (D2, X2), …, hK (DK, XK)} to form an RF and use the majority vote of these trees to make an ensemble classification decision.



The algorithm has two key parameters, i.e., the number of K trees to form an RF and the number of F randomly sampled features for building a DT. According to Breiman [62], parameter K can be set to 100 and parameter F can be computed by F = [log2 M + 1]. For large and high-dimensional data, larger values of K and F should be used.



The LST is an important parameter characterizing land surface energy and water balance and is closely related to the SM content. It plays a crucial role in drought monitoring and prediction. In the feature space of vegetation index-LST (VI-LST), the LST value directly affects the distribution of data points on a scatterplot. This further affects the results of remote sensing inversion of drought indices, as shown in Table 1, including TCI, VTCI, TVDI, and VSWI. However, the following three problems usually exist for the MODIS LST products: (1) The MODIS sensor passes over any given region four times a day with a fixed transit time. Therefore, the sensor cannot acquire data for a given region throughout the day or at a specified time. (2) Given the large differences in climate and topography across the regions, the accuracy of MODIS LST products fluctuates significantly. (3) In the presence of cloud cover, it is the cloud top temperature rather than the LST that is actually observed [67]. We discovered during the preprocessing of MODIS LST data that the LST_Day and LST_Night data of MOD11A2 and MYD11A2 contained a large number of missing and error values, implying significant data errors.



RF in ML is an ensemble learning algorithm that uses a DT as the base learner and is considered highly accurate. An introduction of a tree ensemble endows RF with the ability to process nonlinear data and handle default values and data anomalies. Even if some of the features are already lost, RF may still ensure accuracy in monitoring and prediction. In addition, RF is relatively simple to implement and can balance the errors between datasets. Xiao et al. (2021) [68] proposed an improved LST reconstruction method for cloud-covered pixels by building a linking model for the MODIS LST with other surface variables based on an RF regression method. The validation with in situ observations revealed that the reconstructed cloud-covered LSTs performed similarly to the LSTs on clear-sky days with correlation coefficients of 0.92 and 0.89, respectively. The unbiased RMSE was calculated to be 2.63 K. Chen et al. (2020) [69] also proposed a novel algorithm based on RF to reconstruct MODIS LST. The experimental results indicated that the algorithm had the capacity to enhance the estimation of MODIS LST products in terms of accuracy and data availability. Sun et al. (2023) [70] used the RF model to produce a set of high-quality NDVI products to represent actual surface characteristics more accurately and naturally. Notably, the RF algorithm exhibited a MAE of 0.024 and a RMSE of 0.034, besides a R2 value of 0.974. To effectively address the issue of significant blank areas resulting from frequent cloud cover in current thermal infrared-based LST products, Zhao et al. (2020) [71] introduced a novel method for reconstructing the cloud-covered LSTs of Terra MODIS daytime observations using the RF regression approach. They applied the RF regression approach in southwestern Europe. The reconstructed LSTs showed similar spatial patterns compared with clear-sky LSTs from temporally adjacent days, demonstrating a stable and reliable performance. Wang et al. (2020) [72] indicated that RF was superior to SVM and ANN in reconstructing and supplementing missing data.



Therefore, in the present study, we first reconstructed and supplemented the missing LST data using a built RF model and multiple impact factors related to remotely sensed LST monitoring, aiming to improve the precision of the MODIS LST products.



	(2)

	
XGBoost Model







The XGBoost model is an ensemble learning algorithm proposed by Chen and Guestrin (2016) [73]. It is an ML technique designed for regression and classification tasks. It constructs a prediction model in the form of an ensemble of weak prediction models. As an efficient and scalable variant of the gradient boosting machine, XGBoost has recently won several ML competitions based on its convenience, parallelism, and impressive predictive accuracy [74]. It is based on a gradient boosting decision tree (GBDT) and further optimizes performance by improving the model to fit the target and adding regularization terms to the objective function. The GBDT algorithm uses only the first-order derivative information for optimizing the loss function, whereas the XGBoost algorithm performs a second-order Taylor expansion of the loss function. By incorporating both the first- and second-order derivative information, XGBoost achieves a better fit to the loss function and reduces errors during the optimization process. The specific definition is provided as follows [64,75,76].



Given a training dataset D = {(x1, y1), (x2, y2),…, (xn, yn)}, xi ∈ X ⊆ Rm, yi ∈ Y ⊆ R, X is the input space, and Y is the output space. XGBoost can be expressed as an additive model as follows:


      y   i    ^  =   ∑  k = 1   K      f   k   (   x   i     )  



(1)




where       y   i    ^    represents the predicted value of the training model,     f   k     represents the kth submodel; and     x   i     represents the ith input sample. The optimization objectives of the XGBoost algorithm include a loss function and a regularization term, and the final optimization objectives can be determined as:


  L ( t ) =   ∑  i = 1   n    l (     y   i   ,     y   i    ^  ( t − 1 ) +   f   t   (   x   i   ) ) + H (   f   t   )  



(2)




where   L   t     represents the objective function at the tth iteration;     y   i     represents the class-label of the original sample;       y   i    ^  ( t − 1 )   represents the predicted value of the model during t – 1 model iterations of the sample;     f   t   (   x   i    ) represents the predicted value of the model during the tth model iteration of the sample; and   H (   f   t   )   is the regularization term of the objective function. The Taylor expansion of Equation (2) yields:


    L  ~  ( t ) ≅   ∑  j = 1   n    [   ω   i     ∑  i ∈   I   j        g   i       +   1   2     ω   j   2   (   ∑  i ∈   I   j        h   i     + λ ) ] + γ T  



(3)




where     g   i     represents the first-order gradient of the sample     x   i    ;     h   i     represents the second-order gradient of the sample     x   i    ;     w   i     represents the output value of the jth node;   λ   and   γ   are the coefficients of the regularization term to prevent the model from overfitting; and     I   j     is the subset of samples in the jth leaf node.



The training process of the XGBoost model was used to solve Equation (3) and find the best     ω   j   *     and the optimal solution of the corresponding objective function:


    ω   j   *   = −   ∑  i ∈   I   j        g   i     / (   ∑  i ∈   I   j        h   i     + λ )  



(4)







Equation (5) was used to measure the quality of a tree structure; the lower the value, the better the tree structure. Therefore, when the nodes in the tree were split, Equation (6) was obtained as follows:


     L  ~  ( t ) = −   1   2     ∑  j = 1   r    ( (     ∑  i ∈   I   j        g   i       )   2   / (   ∑  i ∈   I   j        h   i     + λ )   ) + γ T   



(5)








Gain = Lleft + Lright − Lfather



(6)





If the gain value is greater than zero, the node splitting continues; otherwise, the node splitting stops.



The RF algorithm can properly handle missing and abnormal values, but it tends to neglect the correlations between the attributes, thereby affecting the regression performance. Therefore, in the present study, a remote sensing drought monitoring model was constructed based on the multisource remote sensing information (multiple remote sensing drought indices involved), and we reconstructed the LST using the RF model and XGBoost. The rationale for selecting the XGBoost model was as follows:




	(A)

	
XGBoost belongs to the category of rule-based models. Those models are generally better suited than DL algorithms for the datasets of moderate or small size.




	(B)

	
XGBoost models have a higher accuracy due to the introduction of second-order Taylor expansion. The base learner of XGBoost can be a DT or a linear classifier, implying higher flexibility.




	(C)

	
XGBoost models are convenient to build in that they can attain highly optimized performance by following a standard hyperparameter search process implemented using stratified k-fold nested cross-validation (CV). Because of the regularization term, XGBoost can also be easily trained in such a way as to reduce overfitting.




	(D)

	
XGBoost can incorporate elements of cost-sensitive learning where a cost matrix can help influence the model to produce fewer false negatives.




	(E)

	
XGBoost supports column sampling, and it can reduce computational load and accelerate the calculation. It has been used successfully to win several ML competitions.




	(F)

	
Previous drought studies have obtained successful results using XGBoost for predicting meteorological indicators [74,76,77].










2.3.3. CV Method


A central tenet of accuracy assessment is that the samples used for training should not also be used for evaluation. A similar concern applies to the methods for selecting the user-specified parameters required by most ML methods. The value of these parameters can affect the accuracy of the classification, and thus, the optimization of the chosen values (sometimes called tuning) is usually required [78,79,80,81,82]. Tuning is generally empirical, with various values for the parameters systematically evaluated, and the combination of values that generate the highest overall accuracy is assumed to be optimal [80,83]. Excluding training samples from the samples used for evaluating the candidate parameter values reduces the likelihood of overtraining and thus improves the generalization of the classifier.



CV is an approach used for exploiting training and accuracy assessment samples multiple times and thus potentially improving the reliability of the results. It can also have a better effect on small sample data. CV involves the creation of multiple partitions, potentially allowing each sample to be used multiple times for multiple purposes, with the overall aim of improving the statistical reliability of the results. Various CV methods exist, including k-fold, leave-one-out, and Monte Carlo. Classification parameter tuning via CV has been demonstrated to improve classification accuracy in remote sensing analyses [84].



The k-fold CV method involves randomly splitting the sample set into a series of equally sized folds (groups), where k indicates the number of partitions or folds the dataset is split into. For example, if a k-value of five is used, the dataset is split into five partitions. In this case, four of the partitions are used for training data, while the remaining one partition is used for validation data. The training process is repeated five times, with each iteration using a different partition as the validation set and the remaining four partitions as the training data. The average of the results is then reported [85]. Some studies showed the merits of the cross-validation methods such as k-fold CV for parameter tuning [80,82,83], and the optimal value for k should be 5 or 10 to avoid issues associated with imbalanced datasets [86]. To improve the generalization, robustness, and reliability of the constructed models, we employed a 5-fold CV method to fine-tune the models’ hyperparameters in the present study.




2.3.4. Indicators of Model Accuracy Assessment


Because the evaluation indicators of regression tasks mainly focus on the differences between predicted and true values, the accuracy of the two models was evaluated by computing and comparing statistical measures based on the differences between the observed (114 weather stations) and predicted (LST and SPEI) values. These metrics included CC, RMSE, MAE, and EVS, which were calculated using Equations (7)–(10), respectively.


  C C =     ∑  i = 1   n    (   y   i   −   y  ¯  ) (     y   i    ^  −     y  ^   ¯  )        ∑  i = 1   n      (   y   i   −   y  ¯  )   2       ∑  i = 1   n      (     y   i    ^  −     y  ^   ¯  )   2         



(7)






  R M S E =    1   n     ∑  i = 1   n      (   y   i   −     y   i    ^  )   2       



(8)






  M A E =   1   n     ∑  i = 1   n        y   i   −     y   i    ^       



(9)






  E V S = 1 −   V a r (   y   i   −     y   i    ^  )   V a r (     y   i    ^  )    



(10)




where i is the data of the ith sample point,     y   i     refers to the true value of the sample,       y   i    ^    refers to the predicted value of the sample, and     y  ¯    and       y  ^   ¯    refer to the average of the true value sample and predicted value sample, respectively. The n symbol refers to the number of samples, and Var is the sample variance. Among the five indicators, CC is used to measure the correlation between the two variables. The value of CC is between −1 and 1; the closer its value is to 1 or −1, the stronger the relationship between the true value and the predicted value. The EVS is between 0 and 1. The closer its value is to 1, the better the model effect. The RMSE is the deviation between the predicted value and the true value. It is often used as a standard for measuring the prediction results of ML models. The value of RMSE and MAE is between 0 and ∞; they are two indices greater than zero, and the closer its value is to 0, the better the model effect [65,73].



In addition, by classifying drought grades from the model-predicted and station-calculated SPEI values (Table 2), the consistency rate and omission rate were also used to evaluate the model accuracy in our study. The consistency rate is the ratio of the number of correctly classified samples to the total number of samples for a given dataset. The omission rate is the percentage of weather stations where no drought occurred based on monitoring values from the model to all of the weather stations where drought was considered to occur based on the estimated values of the drought index. The calculation formula for both cases is as follows [87,88].


Consistency rate = CS/O



(11)






Omission rate = NR/T



(12)




where CS is the number of weather stations correctly classified by drought grade (the classification of the drought index output by the model is consistent with the classification of the drought index estimated by the meteorological station according to Table 2), O is the total number of weather stations belonging to this drought grade, NR is the number of weather stations where no drought occurred based on model monitoring, but the corresponding reality is drought, and T is the total number of weather stations with actual drought conditions.






3. Results


3.1. Reconstructing the LST Using an RF Model


3.1.1. Construction of an RF Model


Given the connections between the LST and NDVI [89], we used the LST_Day and LST_Night of the LST products MOD11A2 and MYD11A2, NDVI, EVI, Red_reflectance, and NIR_ reflectance of MOD13A3 and MYD13A3, and DEM data as input for the 13 feature parameters. The measured LST values at weather stations were the objects of learning. Then, an RF model was built in Python. The total dataset consisted of 1560 samples, encompassing 13 feature parameters over 120 months (2010–2019). A training set was generated by randomly selecting 70% (1092) of the samples in the dataset, whereas the remaining 30% (468) of the samples constituted the test set. The RF model with fine-tuned parameters determined by the 5-fold CV method on the training set was used to reconstruct LST values and fill in missing LST data points. The remote sensing data and ground measurements were synchronized based on time and the latitude and longitude of weather stations.




3.1.2. Evaluation and Validation of Model Accuracy


When the 5-fold CV method was used, the training set of the RF model was split into five partitions. Among these, four of the partitions were used for training data, while the remaining one partition was used for validation data. The CV score for each fold was 0.916, 0.971, 0.960, 0.967, and 0.964, respectively. The average score was 0.955, and it was close to 1. The model had good reliability and accuracy.



The RF model for reconstructing the LST was established after parameter tuning, and the optimal parameters are detailed in Table 3. We chose RMSE, MAE, EVS, and CC as the accuracy assessment indicators to verify the accuracy of the model. The accuracy of the reconstructed values on the training set and the test set is provided in Table 4. The RMSE values of the reconstructed values on the training and test sets were 1.172 and 2.236, respectively, and the MAE values were 0.847 and 1.719, respectively. Both the values were small, indicating high model accuracy. The EVS values were 0.901 and 0.858 on the training and test sets, respectively. Both the values approached 1, indicating an excellent model performance. In addition, the value of CC was more than 0.9, and a significant correlation was observed. As discussed earlier, the LST values reconstructed by the RF model differed little from the measured ones at the weather stations. The LST values in the two groups showed a strong correlation. Thus, the reconstruction of the LST values using the RF algorithm did improve the accuracy of MODIS LST products.



Figure 2 shows the multi-year average spatial distributions of remote sensing data, weather station observation data, and RF-reconstructed values of LST in southwest China from 2010 to 2019. The spatial distribution of RF-reconstructed LST values agreed well with that of remote sensing data and weather station observation data. In addition, the reconstructed LST values were closer to the weather station observation data. The reason for larger differences relative to weather station observation data might be attributed to the scarcity of weather stations, especially in the Qinghai–Tibet Plateau located in western Tibet. This resulted in larger errors following spatial interpolation. Figure 3 shows the monthly variations in remote sensing data, weather station observation data, and RF-reconstructed values of the LST. When averaging data for the entire southwest China region, larger differences were observed between remote sensing data and weather station observation data due to the accuracy errors in remote sensing. On the contrary, the RF-reconstructed values were closer to weather station observation data, which indicated the applicability of the RF-based reconstruction method. A combined analysis of Figure 2 and Figure 3 shows that the RF algorithm could reconstruct LST values over a broad range and with high resolution.





3.2. Remote Sensing-Based Drought Monitoring Using XGBoost


3.2.1. Selection of Input and Output Parameters


The occurrence of drought involves a complex mechanism between various disaster-inducing factors. Factors such as vegetation cover type, DEM, and SM content exert varying impacts on drought occurrence in the study area, and reduced SM content is one of the direct causes of drought. Remote sensing drought indices also reflect drought occurrence and development by capturing the vegetation status and LST. In the present study, we fully considered various drought-inducing factors during the remote sensing monitoring of drought in southwest China, including vegetation, LST (constructed by RF model), precipitation, vegetation cover type, SM content, and DEM elevation. All these factors were considered as input parameters of the XGBoost model. In our preliminary assessment of the suitability of SPEI and MCI for drought monitoring in southwest China, we observed that the SPEI outperformed the MCI, particularly in Tibet, where weather stations were sparsely distributed [90,91]. In addition, the SPEI allowed for effective monitoring of the major drought-prone regions in each season and therefore had higher overall applicability in southwest China. Given this advantage, the SPEI was considered as the object of learning in the XGBoost model, and the predicted values were the outputs. Moreover, some input parameters might respond more slowly compared with the SPEI over the same period, resulting in synchronization issues. Furthermore, SPEI values over different time scales represent different types of drought. Therefore, we performed a correlation analysis between all input parameters and SPEI values across different time scales (1, 3, and 6 months). The analysis results are presented in Table 5. The drought severity, as indicated by the input parameters, closely matched the conditions represented by the SPEI value on a 1-month time scale. Therefore, SPEI1 was considered as the expected output parameter when constructing the drought-monitoring model.




3.2.2. Building a Remote Sensing-Based Drought Monitoring Model Using XGBoost


In this study, the input parameters of the XGBoost model included all of the remote sensing drought indices in southwest China from 2010 to 2019 (Table 1 and Table 5) along with land cover-type products MCD12Q1 and DEM. SPEI1 estimated from weather station observation data was the expected output parameter. The total data sample (1440) consisted of the 120 months (2010–2019) of 12 feature parameter data. The training set was generated by randomly sampling 70% (1008) of the samples, while the remaining 30% (432) of the sample constituted the test set. An XGBoost-based remote sensing drought monitoring model was built in Python. The land cover-type data were combined and classified into six main types of land use: arable land, forest land, grassland, water bodies, urban construction land, and unused land. The optimal parameters of the XGBoost model were determined by fine-tuning using a 5-fold CV method within the training set (Table 6). The CV score for each fold was 0.850, 0.927, 0.962, 0.965, and 0.949, respectively, and the average score was 0.931.




3.2.3. Model Accuracy Evaluation


Similarly, the RMSE, MAE, EVS, and CC were chosen as the accuracy assessment indicators of the model. The results are depicted in Table 7. The RMSE of the monitoring values on the training and test sets was 0.135 and 0.435, respectively, and the MAE was 0.095 and 0.328, respectively. Both values were small, indicating a high level of accuracy for the model. The EVS values of the monitoring values on the training and test sets were 0.976 and 0.782, respectively. Although the EVS was lower on the test set, it still was more than 0.75. In addition, the CC of the monitoring values relative to SPEI1 was 0.982 on the training set and 0.868 on the test set, indicating significant correlation and high model monitoring performance.



According to the drought grade classification based on the SPEI (Table 2), we counted the number of stations and the consistency rate of SPEI1 values between those calculated based on data from 144 weather stations and those predicted based on the output of the monitoring model for different drought grades spanning from 2010 to 2019. The results are summarized in Table 8. The overall consistency rate of the drought grades between the two sets of data was more than 85%. The consistency rate was higher for no drought, which was 96.87%. The consistency rate was more than 70% for mild and moderate drought, and it was 62.79% for severe drought. It was the lowest for extreme drought, which was only 26.84%. The aforementioned results might be explained by the small number of extreme drought samples during the 10-year study period. Overall, the monitoring of SPEI1 values from the model agreed well with the SPEI1 values estimated by weather stations.



The MCI value considers the impact of precipitation and evapotranspiration over different time intervals of 30, 60, 90, and 150 days. The MCI considers more influencing factors compared with the SPEI. We also calculated MCI values at 144 weather stations in southwest China from 2010 to 2019 to further validate the accuracy of the monitoring values. The consistency rate of monthly drought grades was determined using model monitoring output and MCI values estimated by 144 weather stations. The omission rate was calculated as well (Figure 4). The overall consistency rate between drought grades identified using model monitoring and MCI values was 67.88%, indicating satisfactory consistency. The overall omission rate was 18.89%. This result demonstrated the model’s ability in drought monitoring. The consistency rates consistently exceeded 58% across all months, with the highest rate observed in September at 75.07%. The consistency rate was the lowest in February at 58.26%. However, the omission rate in February was also lower at 15.58%. The consistency rate was the lowest in winter and higher in the other three seasons, which might be due to the selection of Ka values during MCI calculation. The Ka value is usually determined based on the sensitivity of main crops to SM in different growth and development stages in different regions and seasons. While its typical range is between 0.4 and 1.2, for areas without crops or vegetation growth and perennial dry areas, the Ka value is considered as 0 [56]. Hence, the applicability of the MCI in southwest China varied with the variation in weight coefficients and Ka values involved in MCI calculation. This further affected the consistency rate between the monitoring and MCI values [92].



Additionally, based on historical drought records, severe droughts occurred in various seasons in southwest China during 2010–2019: during the spring and summer of 2010, the autumn of 2011, and the winter of 2012. A more detailed overview about the main droughts is presented in Table 9 [93,94,95]. We used the drought monitoring model in four seasons, such as during March and June of 2010, September of 2011, and February of 2012, to conduct a comprehensive validation of the monitoring performance of the model. The spatial distributions of drought grades identified using monitoring values from the model and MCI and SPEI values estimated at 144 weather stations are illustrated in Figure 5.



A combined analysis of the findings listed in Table 9 and depicted in Figure 5 revealed that the model monitored a moderate-to-severe drought in central and western Tibet and a mild-to-moderate drought in southern Sichuan, northern and northeastern Yunnan, and southern Guizhou in March 2010. These monitoring results agreed with the actual drought conditions. A comparison of the results of the spatial interpolation of the MCI and SPEI showed that the drought severity was overestimated, which was divergent from the actual drought situation in southeastern China during the last 10 days of March. In addition, the MCI failed to ensure the effective monitoring of drought in Tibet. The model monitored drought occurrence in Yunnan and Tibet in June 2010 with a mild drought in northern–central Yunnan and a mild-to-extreme drought in Tibet. The regions affected by an extreme drought were mainly located in Nagqu and Shigatse. The model monitoring results agreed well with the actual drought situation and corresponded to the spatial interpolation of MCI and SPEI values. All three methods achieved better monitoring performance for drought in the summer in southwest China. Nevertheless, the drought grades monitored using the model were in line with the actual drought situation during the last 10 days of June. In September 2011, the model monitored a moderate-to-severe drought in southern Sichuan, northeastern Yunnan, most parts of Guizhou, southern Chongqing, and eastern Tibet. Severe droughts mainly occurred in Sichuan and Tibet as well as the junction between Yunnan, Guizhou, Sichuan, and Chongqing. A mild drought was monitored in some parts of central and western Tibet. These findings agreed well with the actual drought situations. However, the MCI and SPEI values indicated the occurrence of extreme drought, which was an overestimation compared with the actual drought situation. In addition, the SPEI exhibited a weaker monitoring performance for drought in Guizhou. Despite this disagreement, the three methods predicted similar spatial distributions of drought, and all exhibited satisfactory monitoring performance in terms of locating drought-stricken regions. In February 2012, the model monitored a mild-to-moderate drought in central and western Tibet and a moderate-to-severe drought in central and southwestern Sichuan, most parts of Yunnan, and central–northern Chongqing. Basically, no drought was observed in most parts of Guizhou. The areas affected by a severe drought were mainly located in western and northeastern Yunnan and central–western and southern Sichuan. However, the model underestimated the severity of the drought in Yunnan compared with the actual drought situation and failed to monitor an extreme drought in western Yunnan. The MCI failed to monitor the winter drought in Tibet due to the improper value of Ka = 0. Both the MCI and SPEI failed to monitor the severe drought in Sichuan. Errors were found in the monitored spatial distribution of drought-affected regions. Hence, the comparison of the monitoring results using XGBoost, MCI, and SPEI with the actual drought situation suggested that XGBoost monitored similar drought grades and spatial distribution of drought in different seasons. Compared with the spatial interpolation of the MCI and SPEI at the weather stations, XGBoost achieved more refined regional monitoring. XGBoost could also monitor drought in the Qinghai–Tibet Plateau where the weather stations were sparsely distributed. However, XGBoost was less effective in monitoring an extreme drought due to the scarcity of learning samples.






4. Discussion


This study showed that the RMSE and MAE values were small for the reconstructed LSTs using the RF model based on the multisource remote sensing data from 2010 to 2019 on the training and test sets. The EVS was 0.901 and 0.858, respectively, approaching 1. The CC value was consistently more than 0.9, indicating a significant correlation. This implied that the RF model could dramatically improve the accuracy and integrity of remotely sensed LSTs. The reconstructed LSTs exhibited a spatial distribution that closely resembled the monitored values obtained by remote sensing inversion. The reconstructed LSTs demonstrated a closer alignment with weather station observation data. In addition, the RF model achieved a high performance for the Tibet region where weather stations were sparsely distributed, thereby improving the calculation accuracy for remote sensing drought indices related to LST. The aforementioned findings agreed well with those of Cheng et al. (2020) [69] and Cheng (2020) [96].



The RMSE and MAE values were small for SPEI1 values obtained using the XGBoost model based on the multisource remote sensing data and those calculated from weather station observation data on both the training and test sets, while the EVC and CC values were high. For the drought grade, the consistency rate between the two sets of values was 85%. It was 96.8% for no drought and more than 70% for mild and moderate drought. The SPEI1 values from the XGBoost model were consistent with those from the MCI values calculated from weather station observation data. The consistency rate was the highest in September and the lowest in February. Moreover, the aforementioned values well reflected the historical spatial distributions of drought and drought grades in the four seasons, such as spring of 2010 (March), summer of 2010 (June), autumn of 2011 (September), and winter of 2012 (February). Compared with the SPEI and MCI values calculated using the weather station observation data, the drought spatial monitoring using the XGBoost model was more accurate and covered more extensive areas. The drought grades monitored using the XGBoost model were closer to the actual drought situation. More importantly, the XGBoost model effectively monitored the drought situation in the Qinghai–Tibet Plateau and other parts of Tibet, where the weather stations were sparsely distributed. The monitoring results had a higher spatial resolution than the interpolated values of the MCI and SPEI. However, the consistency rate between the monitoring of a severe drought based on the SPEI1 values from the XGBoost model and those calculated from weather station observation data was 62.79%. The consistency rate between the monitoring of extreme drought was even lower at 26.84%. This result might be explained by the scarcity of severe and extreme drought samples selected from the 10-year period. Meanwhile, the overall consistency rate between the drought grades monitored using the XGBoost model and those based on the MCI values was relatively low at 67.88%. Shen et al. (2017) [87] reported that the consistency rate between the drought grades constructed using the RF model based on remote sensing data and the comprehensive meteorological drought index for model performance validation was 74.9% for Henan. According to Jia and Zhang (2018) [97], severe and extreme drought events in southwest China in the summer and autumn of 2011 were not effectively monitored. This was because of the following reasons: (1) The results varied if the ML model, input variables, and region of interest selected varied. (2) SPEI values were the outputs from the XGBoost model, and their calculation principle diverged from that for MCI values. (3) The Ka values in MCI calculation might result in less drought monitoring for some months in Tibet with Ka = 0 in January to March and November to December [56]. This explained the low consistency rate between drought grades from drought monitoring and those based on MCI values in Tibet. In addition, drought severity seemed to be overestimated based on the MCI values [98]. (4) The Thornthwaite method was used to estimate potential evapotranspiration when SPEI values were determined using the XGBoost model. As the Thornthwaite method only considered temperature and precipitation factors but not wind speed, water vapor pressure, soil heat flux, and surface net radiation, the SPEI values calculated using the Thornthwaite method might differ from the real situation. Moreover, model learning might amplify such errors, resulting in significant deviations [22,56]. (5) The downscaling method for SM and TRMM data and the precision of MODIS data might also cause deviations and uncertainty, further affecting the monitoring performance of the model.



Additionally, the RF-reconstructed LST model and the XGBoost remote sensing monitoring model both used the measured LST of 144 ground meteorological stations and the SPEI1 value calculated from the measured data of the meteorological stations as the expected output parameters. When evaluating and validating the model accuracy, they were also compared and calculated with the measured values at ground meteorological stations. The distribution of meteorological stations was uneven in southwest China, with a significant concentration in the east and less concentration in the west (Fig. 1), especially in western Tibet, where meteorological stations were sparsely distributed and had high altitude. Although DEM was considered as an input parameter to the model, the lack of learning samples and measured assessment data could lead to large uncertainties in the model results, especially in western southwest China. Zhao et al. (2020) [71], in evaluating the reconstructed LST using the RF regression approach model performance, not only used LST data derived based on in situ air temperature measurements but also referred to the Global Land Data Assimilation System (GLDAS) Noah 0.25° 3 h LST data for comprehensive analysis. To enhance the model’s reliability and reduce uncertainty, the high spatial and temporal resolution reanalysis data and other remote sensing data that have undergone rigorous accuracy evaluation can also be used for comprehensive analyses in the future.




5. Summary and Conclusions


Drought results from various interacting factors. The following factors make precise and accurate drought monitoring and prediction difficult: randomness, nonlinearity, and nonstationarity of drought-influencing variables; complex physical, chemical, and biological processes within the drought system; and variations in complex influencing factors across the regions, including soil texture, terrain, land management, human activities, and climatic conditions. Particularly, drought monitoring and prediction might be highly challenging in regions with complex terrain, topography, and formative factors of weather and climate and sparsely distributed weather stations. With continuous progress in remote sensing technology, multisource remote sensing data from various satellite sensors can dramatically enrich the sources of drought-related information. Multisource remote sensing data not only improve the spatial and temporal resolutions of the drought monitoring and prediction model but also provide multiple sources of long time series for real-time and dynamic drought monitoring and prediction. In the context of rapidly developing Big Data technology and artificial intelligence, multisource remote sensing data and data-driven ML methods can be used to mine drought features from different perspectives. This method can improve the generalization ability and accuracy of the drought monitoring and prediction models. This study focused on southwest China, where droughts occur frequently and with high intensity. We calculated several drought indices based on multisource satellite remote sensing data and weather station observation data. Multiple data sources were combined for drought monitoring and prediction using two different ML methods in southwest China. The models’ performance was assessed and validated using a 5-fold CV technique to assess their accuracy and reliability. Furthermore, we compared the model-generated results for monitoring spatial and temporal drought patterns, drought grades, and the extent of drought impact with historical drought records. The comparisons were made against the SPEI and MCI values estimated using data from weather station observations.



The results of this study showed that the RMSE of the LST values reconstructed by the RF model on the training and test sets was 1.172 and 2.236, the MAE was 0.847 and 1.719, and the EVS was 0.901 and 0.858, respectively. Furthermore, the CC values were all more than 0.9. The RMSE values of the monitoring values by the XGBoost model on the training and test sets were 0.135 and 0.435, the MAE values were 0.095 and 0.328, the EVS values were 0.976 and 0.782, and the CC value was 0.982 and 0.868, respectively. The consistency rate between drought grades identified using monitoring from the XGBoost model and SPEI1 values estimated at 144 weather stations was more than 85%. The consistency rate was higher for no drought, which was 96.87%; in addition, it was more than 70% for mild and moderate drought, and it was 62.79% for severe drought. The drought grades determined through model monitoring and MCI values had an overall consistency rate of 67.88% with an overall omission rate of 18.89%. The consistency rates were more than 58% in any month with the highest occurring in September, which was 75.07%. The consistency rate was the lowest in February, which was 58.26%. However, the omission rate in February was also lower, which was 15.58%. The RF-based LST reconstructive model and XGBoost model achieved high comprehensive performance, accuracy, and applicability.



Based on the result analysis and discussion, we can further increase the number of samples and input variables for ML. Potential evapotranspiration can be estimated using the Food and Agriculture Organization of the United Nations Penman Monteith method so as to calculate the SPEI. The Ka, the seasonal adjustment factor, and the weight factor are adjusted for different provinces and municipalities during MCI estimation, especially in Tibet. The spatial resolution of different sources of remote sensing data can be improved by an appropriate statistical and dynamic downscaling method, such as that based on geographically weighted regression, to reduce uncertainty. A number of different ML models were selected for comparative analysis. In addition, some swarm intelligence methods for parameter optimization can be combined with ML models representing various spatial and temporal features to build a hybrid model. The aforementioned methods are expected to raise the level of drought monitoring and prediction in southwest China and achieve higher accuracy, robustness, and generalization ability for the constructed model.
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Figure 1. Geographical location (a) and spatial distribution of weather stations and DEM (b) in southwest China. 
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Figure 2. Multi-year average spatial distributions in the LST on remote sensing monitoring (a), meteorological station measurement (b), and RF reconstruction (c) in southwest China from 2010 to 2019. 
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Figure 3. Monthly change in the LST on remote sensing monitoring, meteorological station measurement, and RF reconstruction in southwest China from 2010 to 2019. 
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Figure 4. Consistency and omission rates of drought each month between model monitoring and MCI values estimated by 144 weather stations. 
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Figure 5. Spatial distribution of drought grades as determined by the XGBoost model monitoring, MCI, and SPEI in southwestern China. (a) XGBoost model (March 2010), (b) MCI (March 2010), (c) SPEI (March 2010), (d) XGBoost model (June 2010), (e) MCI (June 2010), (f) SPEI (June 2010), (g) XGBoost model (September 2011), (h) MCI (September 2011), (i) SPEI (September 2011), (j) XGBoost model (February 2012), (k) MCI (February 2012), (l) SPEI (February 2012). 
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Table 1. Summary of selected drought indices.






Table 1. Summary of selected drought indices.





	
Type

	
Index

	
Formula

	
Note

	
Reference






	
Drought index calculated based on remote sensing information

	
NDVI

	
       ρ   n i r   −   ρ   r e d       ρ   n i r   +   ρ   r e d       

	
    ρ   n i r     and     ρ   r e d     are near-infrared and red bands, respectively.

	
[22]




	
EVI

	
   G     ρ   n i r   −   ρ   r e d       ρ   n i r   +     C   1   ρ   r e d     − C   2     ρ   b l u e   + L     

	
    ρ   b l u e     is the blue band; G, C1, C2 and L are empirical coefficients.




	
TRMM-

SPI

	
   k −     c   0   +   c   1   k +   c   2     k   2     1 +   d   1   k +   d   2     k   2   +   d   3     k   3       

	
SPI is calculated using the TRMM3B43 data.

	
[57]




	
VCI

	
     100 ( N D V I −   N D V I   m i n   )     N D V I   m a x   −   N D V I   m i n       

	
NDVImin and NDVImax are the minimum and maximum values of the NDVI, respectively; the smaller the VCI, the more likely drought will occur.

	
[25]




	
TCI

	
     100 (   L S T   m a x   − L S T )     L S T   m a x   −   L S T   m i n       

	
LSTmax and LSTmin are the maximum and minimum values of LST, respectively; the smaller the TCI, the more severe the drought may be.




	
VTCINDVI

	
     (   a   1   +   b   1   N D V I ) − L S T   (   a   1   +   b   1   N D V I ) − (   a   2   +   b   2   N D V I )     

	
a1, b1, a2, and b2 are the regression equation coefficients of the dry and wet edge in the relationship between the NDVI and LST, respectively. The value ranges of the four indices are all between (0,1). Among these, the smaller the value of VTCINDVI and VTCIEVI, the more severe the drought may be, and the larger the value of TVDINDVI and TVDIEVI, the more severe the drought may be.

	
[22,34,58,59,60]




	
VTCIEVI

	
     (   a   1   +   b   1   E V I ) − L S T   (   a   1   +   b   1   E V I ) − (   a   2   +   b   2   E V I )     




	
TVDINDVI

	
     L S T − (   a   2   +   b   2   N D V I )   (   a   1   +   b   1   N D V I ) − (   a   2   +   b   2   N D V I )     




	
TVDIEVI

	
     L S T − (   a   2   +   b   2   E V I )   (   a   1   +   b   1   E V I ) − (   a   2   +   b   2   E V I )     




	
VSWINDVI

	
     N D V I   L S T     

	
The smaller the VSWINDVI and VSWIEVI, the more severe the drought may be.




	
VSWIEVI

	
     E V I   L S T     




	
Drought index calculated based on meteorological station data

	
SPEI

	
  W −     c   0   −   c   1   W +   c   2     W   2     1 +   d   1   W +   d   2     W   2   +   d   3     W   3          (  P ≤ 0.5 ) ;  

  − ( W −     c   0   −   c   1   W +   c   2     W   2     1 +   d   1   W +   d   2     W   2   +   d   3     W   3     )     (  p > 0.5 )  ;

  W =  − 2 l n ⁡ ( p )   

	
Calculated according to the Thornthwaite method recommended by Vicente-Serrano. p is the cumulative probability, W is the cumulative probability weighted moment, and c0, c1, c2, d1, d2, and d3 are all constant values.

	
[56]




	
MCI

	
     K   a   × ( a ×   S P I W   60   + b ×   M I   30   + c ×   S P I   90   + d ×   S P I   150   )   

	
Ka is the seasonal adjustment coefficient, SPIW60 is the standardized weighted precipitation index for the past 60 days, MI30 is the relative humidity index for the past 30 days, SPI90 is the SPI for the past 90 days, SPI150 is the SPI for the past 150 days, and a, b, c, and d are the weight coefficients of these indices.

	
[56,61]











 





Table 2. Classification of drought grades based on SPEI and MCI values [56].






Table 2. Classification of drought grades based on SPEI and MCI values [56].





	Drought Grade
	Type
	SPEI/MCI Value





	1
	No drought
	−0.5<



	2
	Mild drought
	(−1.0, −0.5]



	3
	Moderate drought
	(−1.5, −1.0]



	4
	Severe drought
	(−2.0, −1.5]



	5
	Extreme drought
	≤−2.0










 





Table 3. Optimal parameters of LST reconstruction using the RF model.






Table 3. Optimal parameters of LST reconstruction using the RF model.





	Parameter
	Meaning
	Optimal Parameter





	max_features
	Maximum number of features used by a single decision tree
	auto



	max_depth
	Maximum depth of the tree
	15



	min_samples_split
	Minimum number of samples required to split a node
	2



	min_samples_leaf
	Minimum number of samples contained in each leaf node
	1



	n_estimators
	Number of decision trees to build
	537



	bootstrap
	With or without put-back sampling
	True



	criterion
	Evaluation criteria for segmentation quality
	mse










 





Table 4. Accuracy evaluation indicators of RF model reconstruction.






Table 4. Accuracy evaluation indicators of RF model reconstruction.





	Accuracy Assessment Indicator
	Training Set
	Testing Set





	RMSE
	1.172
	2.236



	MAE
	0.847
	1.719



	EVS
	0.901
	0.858



	CC
	0.944 **
	0.908 **







** indicates that the result is significant at the 0.01 level.













 





Table 5. Correlation coefficients between input parameters and SPEI values at different time scales.






Table 5. Correlation coefficients between input parameters and SPEI values at different time scales.





	Drought

Index
	SM
	TRMM-SPI
	VCI
	TCI
	VTCINDVI
	VTCIEVI
	TVDINDVI
	TVDIEVI
	VSWINDVI
	VSWIEVI





	SPEI1
	0.488 **
	0.835 **
	0.101
	0.105
	0.044
	0.066 *
	−0.097
	−0.071
	0.187
	0.096 *



	SPEI3
	0.499 **
	0.568 **
	0.096
	0.090
	0.021
	0.004
	−0.083
	−0.064
	0.105
	0.078



	SPEI6
	0.471 **
	0.414 **
	0.110
	0.067
	0.080
	0.062
	−0.057
	−0.034
	0.128
	0.088







Note: ** and * indicate that the results are significant at the 0.01 and 0.05 levels, respectively. 













 





Table 6. Optimal parameters of the XGBoost regression monitoring model.






Table 6. Optimal parameters of the XGBoost regression monitoring model.





	Parameter
	Meaning
	Optimal Parameter





	n_estimators
	Number of submodels
	203



	max_depth
	Maximum depth of the tree
	2



	learning_rate
	Learning rate of the resulting model at each iteration
	0.06



	min_child_weight
	Minimum number of samples contained in each leaf node
	2



	Subsample
	Proportion of random sampling
	0.8



	Gamma
	Controls whether to post-prune
	0



	colsample_bytree
	Controls the proportion of each random sampling column
	1



	colsample_bylevel
	Proportion of column sampling for each node splitting in each tree
	0.5



	reg_alpha
	Weight of the L1 regularization term
	0.01



	eval_metric
	Measures the validation data
	mse










 





Table 7. Accuracy evaluation indicators of the XGBoost monitoring model.






Table 7. Accuracy evaluation indicators of the XGBoost monitoring model.





	Accuracy Assessment Indicator
	Training Set
	Testing Set





	RMSE
	0.135
	0.435



	MAE
	0.095
	0.328



	EVS
	0.976
	0.782



	CC
	0.982 **
	0.868 **







** indicates that the result is significant at the 0.01 level.













 





Table 8. Number of weather stations under each drought grade and their consistency rates from 2010 to 2019.






Table 8. Number of weather stations under each drought grade and their consistency rates from 2010 to 2019.





	Drought Grade
	Number of Weather Stations with Consistent Drought Grade/Total Number of Weather Stations under Each Drought Grade
	Consistency Rate (%)





	Extreme drought
	91/339
	26.84



	Severe drought
	712/1134
	62.79



	Moderate drought
	1512/2077
	72.80



	Mild drought
	1861/2624
	70.92



	No drought
	10,624/11,106
	96.87



	Total
	14,852/17,280
	85.65










 





Table 9. Historical actual drought conditions for the four seasons selected from 2010 to 2012.






Table 9. Historical actual drought conditions for the four seasons selected from 2010 to 2012.





	Season\Region
	Sichuan
	Chongq