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Abstract

:

There is an increasing demand for a land surface temperature (LST) dataset with both fine spatial and temporal resolutions due to the key role of LST in the Earth’s land–atmosphere system. Currently, the technique most commonly used to meet the demand is thermal infrared (TIR) remote sensing. However, cloud contamination interferes with TIR transmission through the atmosphere, limiting the potential of space-borne TIR sensors to provide the LST with complete spatio-temporal coverage. To solve this problem, we developed a two-step integrated method to: (i) estimate the 10-km LST with a high spatial coverage from passive microwave (PMW) data using the multilayer perceptron (MLP) model; and (ii) downscale the LST to 1 km and fill the gaps based on the geographically and temporally weighted regression (GTWR) model. Finally, the 1-km all-weather LST for cloudy pixels was fused with Aqua MODIS clear-sky LST via bias correction. This method was applied to produce the all-weather LST products for both daytime and nighttime during the years 2013–2018 in South China. The evaluations showed that the accuracy of the reproduced LST on cloudy days was comparable to that of the MODIS LST in terms of mean absolute error (2.29–2.65 K), root mean square error (2.92–3.25 K), and coefficients of determination (0.82–0.92) against the in situ measurements at four flux stations and ten automatic meteorological stations with various land cover types. The spatial and temporal analysis showed that the MLP-GTWR LST were highly consistent with the MODIS, in situ, and ERA5-Land LST, with the satisfactory ability to present the LST pattern under cloudy conditions. In addition, the MLP-GTWR method outperformed a gap-filling method and another TIR-PMW integrated method due to the local strategy in MLP and the consideration of temporal non-stationarity relationship in GTWR. Therefore, the test of the developed method in the frequently cloudy South China indicates the efficient potential for further application to other humid regions to generate the LST under cloudy condition.
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1. Introduction


Land surface temperature (LST) plays an important role in the land surface energy balance, which influences the meteorological, hydrological, and biophysical processes in the land–atmosphere system of Earth [1,2,3,4,5]. LST data with high spatio-temporal resolution have found valuable application in land surface process models and the monitoring of soil moisture dynamics [6], frozen and burned areas [7,8], crop growth [9], and flash drought [10]. Therefore, LST estimation has been spotlighted by the Earth-observing community in recent years [11].



The development of satellite-based remote sensing (RS) techniques facilitates the long-term LST observations with high accuracy at regional and global scales, and thus the satellite-derived LST has been more widely used in practice than other sources (e.g., ground stations) [12]. One of the most widely used products is the LST dataset derived from the Moderate Resolution Imaging Spectroradiometer (MODIS), since it has high spatial resolution at nearly 1 km, a temporal interval of four times per day, global coverage, a twenty year long duration, and are easily and freely accessible [13]. Unfortunately, there are many large gaps in MODIS or other thermal infrared (TIR) -based LST images, limiting their utilities in related fields at their expected temporal scales [14,15]. This shortcoming is mainly caused by cloud interference, as the TIR sensors cannot penetrate thick cloud layers [16].



Many studies have attempted to recover the missing data in TIR-based LST products by developing a range of reconstruction approaches, which can be grouped into four types. The first type (I) is the gap-filling method. It relies on the spatial and temporal information of the clear neighboring LST pixels or other LST data from different satellites on the same day to create seamless LST datasets by substitution or interpolation [13,17,18,19,20]. These methods are usually not regionally specific and can be applied effectively at global scale. However, the gap-filled LST only represents the pattern under clear-sky conditions, without considering information under cloud cover. Moreover, multistep convolutions and iterations are required to fill large gaps in the gap-filling method, causing considerable accumulative error [13].



The second type of method (II) is based on the surface energy balance (SEB) equation to derive the cloudy-sky LST [12,20,21,22,23]. Generally, its performance depends primarily on the quality of input shortwave radiation (SW) and other complex regional parameterization (e.g., air temperature). Another disadvantage is that the SEB method is not able to be applied at nighttime when spatial variations in LST are not dominated by the SW input.



The third group (III) uses the outputted all-weather LST from the regional climate model (RCM) or land surface model (LSM) blended with the MODIS LST via data fusion approaches [24,25]. The outputs from RCM or LSM generally contain larger systematic bias and deviation compared to ground-based or RS-based observations and further bias correction is needed [25,26]. In addition, the computing demand of RCM or LSM increases exponentially with a finer scale and larger areas, impeding their usability in a fine scale in practice [27].



The fourth type of approach (IV) estimates the missing LST by building an empirical or physical relationship between the LST and its related auxiliary predictors [14,28,29,30,31,32]. Choosing suitable predictors that can indicate the sky condition is the key to achieving the accurate cloudy-sky LST retrieval. One of the widely used variables is the passive microwave (PMW) brightness temperature (BT). Since microwaves transmit through clouds and other sources of atmospheric interference, PMW sensors can provide the LST information under cloudy-sky condition [33]. Among the microwave bands, the Ka band (~37 GHz) is the most commonly used to estimate LST in previous studies [30,32,33,34,35]. Other bands (e.g., K band [28,29,36], X and C band [37]) are also incorporated to obtain the PMW LST.



However, there are some obstacles to integrating TIR and PMW observations to generate all-weather LST products. One clear problem is that PMW-based measurements typically have much coarser spatial resolution (i.e., 0.1°–0.25°) than the TIR-based LST (i.e., <~1 km). In some studies, interpolation is applied to resample the PMW-based BTs directly to match the TIR’s resolution [30,32]. Considering the spatial heterogeneity of LST, some studies have derived the PMW-based LST at the original coarse resolution and then downscaled it to the high resolution rather than resampling [14,28]. Yoo et al. (2020) reported the latter scheme had better performance for cloudy-sky daytime during the day [14]. Meanwhile, Peng et al. (2019) found that a downscaling strategy that considered both the spatial and temporal variabilities of LST outperformed algorithms that neglected the temporal information [38].



A second challenge for PMW-based LST estimation methods is the choice of a scheme between physically based or empirical algorithms [28,32,33]. Compared to physics-based retrieval algorithms, empirical models established between multi-channel PMW BTs and TIR clear-sky LST to estimate the cloudy-sky LST have shown satisfactory accuracy and high efficiency [14,39]. These models include applications of multiple linear regression (MLR) [30], artificial neural networks (ANN) [32], and random forests (RF) [14,39]. However, it remains unclear whether the design of the regression model (e.g., the global or local strategy) in these studies is applicable over multiple geographical environments in terms of the performance stability and computational complexity.



A third challenge to PMW-TIR fusion is that most PMW satellite sensors suffer from non-overlapping swaths, resulting in swath gaps between two adjacent orbits [39]. An extra gap-filling step, which is similar to the type (I) gap-filling method described above, is used to fill up the swath gap in the TIR-PMW integrated product to generate all-weather gap-free high-resolution LST [28,30]. Another feasible method is to generate the gap-free PMW BTs before integrating of the PMW and TIR LST [39].



This study introduces an improved two-step approach (MLP-GTWR) combining the multi-layer perceptron (MLP) with the moving window strategy and the geographically and temporally weighted regression (GTWR) model to better address the issues in TIR-PMW integration methods. We generated the all-weather LST maps with the same spatio-temporal resolution as the MODIS LST (MYD11A1) products over South China for the years 2013–2018, based on multiple remote sensing datasets. The feasibility of the generated all-weather LST for different land cover types were examined with comparisons against the in situ LST observations at four ground flux towers and ten automatic meteorological stations.




2. Study Area and Dataset


2.1. Study Area


The TIR-based RS technique for retrieving LST is particularly limited in humid regions due to the frequent cloud. Therefore, we chose South China as the study area, which mostly belongs to tropical and subtropical humid monsoon regions, with five Köppen–Geiger climate types (‘Am’, ‘Aw’, ‘Cwa’, ‘Cwb’, and ‘Cfa’; large lakes are masked) [40], and is mostly covered by forests and cropland (Figure 1a). This region has a distinct seasonal climate with hot and wet summers and cold and dry winters. In the hottest months (i.e., July and August), the average air temperature can reach 30 °C in the east interior and gradually decrease to 20 °C with increasing elevation in the west. The average air temperature in the coldest months (i.e., January) is mainly dominated by latitude, with 0 °C average temperatures found in the north and 15 °C in the south. Most precipitation occurs during the summer. The coverage of the MODIS LST is quite limited, with mostly less than 40% (Figure 1b). During summer, there are often several continuous weeks without much valid LST in MODIS products over a large region. Therefore, it is of high priority to reconstruct the cloudy-sky LST for South China for many LST applications.




2.2. Satellite-Based Datasets


2.2.1. Moderate Resolution Imaging Spectroradiometer (MODIS) Land Surface Temperature (LST) Data


The TIR LST data used in this study were 1-km MODIS Aqua LST products (MYD11A1, collection 6) with 1 km resolution, which are freely available from the Land Processes Distributed Active Archive Center (LP DAAC). These are derived from two TIR bands, 31 (10.78-11.28 μm) and 32 (11.77-12.27 μm), using the generalized split-window algorithm [41]. Pixels with the MODIS LST filtered by the quality flag (average LST error <=3 K and average emissivity error <=0.04) were identified as the valid clear-sky LST and others were the missing LST under cloudy conditions. This flag allows for much more available MODIS LST for training than the high-quality flag (error <=1 K) over our study area. The 1-km MODIS LST were aggregated to 10-km resolution by data averaging if there were more than 95% valid 1-km pixels in a 10-km AMSR2 grid cell.




2.2.2. Advanced Microwave Scanning Radiometer (AMSR2) Brightness Temperature Data


AMSR2 (Advanced Microwave Scanning Radiometer) is a dual polarized passive microwave radiometer and also the sister successor to AMSR-E. It was launched on the GCOM-W1 satellite in the orbit following Aqua in May 2012 and has observations from July 2012 up to now. The AMSR2 has a close observation time with the Aqua MODIS, allowing the integration of their PMW and TIR derived datasets [28]. It measures BTs at seven different channels (i.e., 6.9, 7.3, 10.7, 18.7, 23.8, 36.5, and 89.0 GHz in both horizontal (H) and vertical (V) polarization), with the spatial resolution varying from approximately 46.6 km at 6.9 GHz to 3.9 km at 89 GHz. This study used the level-3 daily 10-km gridded BTs of the AMSR2 BT data, which are provided by the Japan Aerospace Exploration Agency (JAXA) [42]. AMSR2 BTs at the 7.3, 23.8, and 89 GHz channels were not used in the study because the first was close to 6.9 GHz and the latter two are easily influenced by atmospheric effects [30].




2.2.3. Land Surface Feature Data


The land surface feature data used in this study include the 90-m digital elevation model (DEM) product of Shuttle Radar Topography Mission (SRTM), the 1-km and 10-day leaf area index (LAI), and fraction of vegetation cover (FVC) from version 2 of the COPERNICUS products [42], and the 500-m annual nighttime lights (NL) products of the Visible Infrared Imaging Radiometer Suite Day/Night Band (VIIRS-DNB) [43]. LAI and FVC are closely associated with LST variability due to plant surface properties and evapotranspiration [44], while the NL observations are highly related to the urban artificial surface ratio, which has a large impact on the local LST. All datasets were aggregated to 1-km and 10-km to match up to the MODIS and the AMSR2 spatial grids, respectively. The 10-day LAI and FVC products were also linearly interpolated to daily-scale. The NL were set to 0 or 65 when they were <1 or >65, respectively, to exclude the extremely high values and low background noise [45].





2.3. In Situ Measurements


We collected the surface upward and downward longwave radiation data from four sites of the ChinaFLUX Network [46] (Table 1, Figure 1a) to evaluate the generated all-weather LST. Three sites (Qianyanzhou, Dinghushan, and Xishuangbanna) are mainly covered by forests and the remaining one (Taoyuan) is cropland. High-resolution satellite imagery of the surrounding areas at four stations from Google Earth (Appendix A Figure A1) was used to judge the spatial homogeneity around the station at 1-km and 10-km scales. In addition, based on all available 30-m Landsat 8 clear-sky LST images (see details in Appendix A Table A1) in 2014 [47], the thermal heterogeneity (determined by the mean standard deviation (STD) of all sub-pixel LST within a MODIS pixel) at the four listed stations in Table 1 were calculated, and were found to be 0.84 K, 0.45 K, 0.45 K, and 1.06 K, respectively. These results demonstrate that the in situ LST measurement offers reasonable spatial representation to evaluate the 1-km pixel-scale LST for validation [48].



First, we removed the abnormal measurements with the quality check. The abnormal values were the upward or downward longwave radiation for which the difference was out of three times the standard deviations from their half-hour averaged observation series [49]. Then, the LST with the closest observation time to MODIS was calculated using the following Stefan–Boltzmann law for the validation:


   T s  =        F ↑  − ( 1 −  ε b  )  F ↓    σ  ε b        0.25    



(1)




where Ts is the calculated LST; σ is the Stefan–Boltzmann constant; F↑ and F↓ are upward and downward longwave radiation from in situ measurements, respectively; and εb is surface broadband emissivity and can be estimated from narrowband emissivity [50]:


     ε b  = 0.2122  ε  29   + 0.3859  ε  31   + 0.4029  ε  32    



(2)




where ε29, ε31, and ε32 are the surface narrowband emissivity of MODIS bands 29, 31, and 32, respectively, derived from the MYD11C1 (day/night algorithm).



In order to evaluate the all-weather LST retrievals for more widespread land cover types and spatial coverages, the ground measured 0-cm LST at a total of ten automatic meteorological stations (AMS, see the spatial location in Figure 1b) from 2013 to 2018 from the China Meteorological Administration was also selected as reference data. To qualify for the LST homogeneity validation, these selected stations were required to have low thermal heterogeneity in LST (less than 1 K). The hourly in situ LST (1 a.m./p.m. and 2 a.m./p.m.) were linearly interpolated to match the MODIS view time. The various land cover types (e.g., urban and savannas) at the ten AMS sites can provide better representation to the study region than the four flux stations. However, the spatial scale differences between the pixel-based LST and the point-based AMS observations can lead to systematic bias. To solve this problem, a bias-correction method using polynomial regression [14] was applied to bias-correct the AMS in situ LST before it was used in validation.




2.4. Other Validation Data


The ERA5-Land 0.1° hourly dataset (Copernicus Climate Change Service) was used to evaluate the spatial performance of the generated all-weather LST. ERA5-Land is a replay of the land component of the ERA5 climate reanalysis, but has an enhanced spatial resolution (0.1°, ~9km). The instantaneous land surface temperatures were obtained from Copernicus Climate Change Service (C3S) and linearly interpolated in time to match the MODIS view time.





3. Methods


The multilayer perceptron-geographically and temporally weighted regression (MLP-GTWR) method is composed of three processes (Figure 2). The first process is to predict the 10-km daily all-weather LST by the MLP models; the second process is to downscale the 10-km LST to 1 km and fill the gaps with the GTWR method; and then the 1-km PMW-based gap-free all-weather LST is fused with the MODIS LST via bias correction. The following subsections illustrate the methods and validations in detail.



3.1. Multilayer Perceptron (MLP) Process with Moving Windows to Generate 10-km All-Weather Land Surface Temperature


Similar to the methodology presented in Jiménez et al. (2017) [34], we used the MLP model to establish the non-linear relationships between descriptors and the LST at the 10-km scale:


  L S  T v  =    ∫  M L P    ( B T s , L A I , F V C , D E M ) + ε     



(3)




where LSTv denotes the MODIS LST at the training stage and the LST prediction at the predicting stage; BTs represents the AMSR2 BTs of the four channels (6.9, 10.7, 18.7, and 36.5 GHz at both H and V polarization); ancillary data including the LAI, FVC, and DEM are involved to enhance the robustness of prediction; and      ∫  M L P        is the nonlinear function learned by the MLP model.



Although the application of one MLP model at global scale in Jiménez’s study showed good performance, we adapted it to a local scale by using a moving window strategy in this study for two reasons. First, a local strategy can more effectively characterize statistical relationships between LST and predictors over highly heterogeneous regions. Second, the representativeness of the training data (i.e., the TIR-based LST) to the overall data (i.e., the all-weather LST) distribution is often weak over a large region due to the differences in cloud frequency (Figure 1b). Thus, adopting local MLP models ensures better representativeness of training data, enabling better model performance. In this study, the window began from the northwestern corner of the region and moved in the direction from north to south and from west to east until it finally covered the entire region. The shape of the window was designed to be square (the upper left side of Figure 2). The length of the window was set to 90 km with a 10-km moving distance, showing the best performance in trial and error (Appendix A Figure A2c). The implemented moving window strategy consisted of four steps:




	(1)

	
Set a square window and create the training data with all available MODIS LST in this window.




	(2)

	
Train an MLP model used only in this window.




	(3)

	
Predict the 10-km LST map using the trained MLP model.




	(4)

	
Slide the window with a distance in the direction of right or down, and repeat steps 1–4 until covering the entire study area.









In the above steps, the moving windows are partially overlapping and a MLP model is trained/run using the pixels in each window. Therefore, the LST value of a pixel would have multiple candidates predicted from all MLP models with their windows including the pixel. The final value is obtained by averaging predictions with the outliers excluded (the difference between outliers and the mean is more than three times the standard deviation of all predictions):


   p t  ( L S T | ( T B s , L A I , F V C , D E M ) ) =  1 m    ∑  i = 1  m    p i  (   L S T | ( B T s , L A I , F V C , D E M ) )  



(4)




where pt is the final estimate of the missing LST; pi is one of the predictions from multiple MLP models; and m is the number of all accepted outputs. Using Equation (4), the predictions are much more stable and avoid extreme values.



The left side of Figure 2 illustrates the architecture of a MLP network with two hidden layers used in this study. It is composed of the input, two hidden, and output layers, which play the role of inputting predictor variables, solving nonlinear regression fittings, and generating predictions, respectively. Some settings including a rectified linear unit (ReLU) activation function, an adaptive moment estimation (Adam) gradient descent optimizer, and a mean squared error (MSE) loss function are used in training the MLP model. The collected training datasets (MODIS LST BTs, LAI, FVC, DEM) were divided into training (70%), validation (15%), and test (15%) sets randomly, and the final weight coefficients were assigned by the backpropagation (BP) algorithm to achieve the minimum MSE. To balance the performance of the MLP method and the consuming time of training, a grid search method [51] was applied to tune the structure of MLP models and two global parameters (Appendix A Figure A2). The optimal nodes in the first and second layers were 14 and 7. The loss function of each MLP network could easily reach its minimum error before 1000 iterations. The total number of MLP network was 21,760 and all of them could be trained and run in parallel. The MLP process was run in a MATLAB R2018b environment and completed in less than two days for the whole period of 2013–2018 on a computer with a dual-Xeon 24 core CPU.




3.2. Geographically and Temporally Weighted Regression (GTWR) Process to Downscale Land Surface Temperature


Based on the MLP models, daily 10-km LST maps (termed as the MLP LST) under both clear-sky and cloudy conditions were produced. However, the MLP LST does not have full coverage because there are missing BTs data due to the data gaps in AMSR2. To produce the 1-km LST with complete spatial coverage, the GTWR was implemented as a space–time model. This type of model has high predictive power since it uses both spatial and temporal information at a local scale [38,52,53]. In this study, we applied the GTWR model to quantify the association between the LST and four land surface features (DEM, LAI, FVC, and NL). The structure of the GTWR model is expressed as follows:


    L S  T i  =  β 0  (  u i  ,  v i  ,  t i  ) +  β 1  (  u i  ,  v i  ,  t i  ) × D E  M i  +  β 2  (  u i  ,  v i  ,  t i  ) ×     L A  I i  +  β 3  (  u i  ,  v i  ,  t i  ) × F V  C i  +  β 4  (  u i  ,  v i  ,  t i  ) × N  L i  +  ε i     



(5)




where (ui,vi,ti) denotes the space–time location of a pixel i; β0(ui,vi,ti) is the intercept and β1–β4 are the local coefficients estimated at the pixel i for DEM, LAI, FVC, and NL, respectively; LSTi is the land surface temperature of the pixel i; and εi is the regression residual.



To estimate the β(ui,vi,ti) parameters in the GTWR model, we used the ‘optimization method’ proposed by Huang et al. (2010) [53], which applies the Gaussian distance decay-based functions and the combination of spatial and temporal distance to calculate the weight matrix W. The W accounts for the importance of sample j to sample i in spatial and temporal scale. It is weighted by two parameters: the spatio-temporal bandwidth hST, reflecting a decay of importance with distance, and the scale factor ρ, reflecting the relative influence between space and time. To decrease the computing time of the GTWR process, we fixed hST to 90 km·day, which is the size of the moving window in the MLP process, and selected the optimal value of ρ through the leave-one-out cross-validation method [53,54,55].



After establishing the nonstationary regression relationship between the LST and the four land surface features on the 10-km scale, the parameters (i.e., the intercept and local coefficients β(ui,vi,ti)) were interpolated to 1 km using the ordinary kriging interpolation. The isotropic spherical semi-variogram model was selected, which best fit the relationship between the distance and the experimental semivariogram values. As the kriging interpolation technique was used to downscale and the 10-km pixels were evenly distributed in space, we only used one sector and fixed the maximum neighbors to 20 in the search neighborhood. These parameters satisfied the conditions below: (1) The prediction error (RMSE) was close to the smallest value in cross validation; (2) The kriging weights were mostly positive and larger than 0.01; and (3) The computational cost was acceptable. Based on the assumption that the relationship between variables is much more scale-invariant than the data itself, the 1-km daily all-weather LST (termed as MLP-GTWR LST) for the years 2013–2018 were generated using the four 1-km features as the inputs of the downscaled regression relationship. The GTWR model, meanwhile, can capture the spatial and temporal pattern of the LST space and time series at local scale (Equation (5)), which makes it possible to reconstruct the complete 1-km LST map series without the swath gaps.




3.3. Bias Correction


To make the MLP-GTWR LST closer to the MODIS LST, we used the linear and variance scaling approaches [56,57] to bias-correct the MLP-GTWR LST. The part of the MODIS 1-km LST that was excluded in the aggregation to 10 km and not involved in the MLP-GTWR process was used as the correction target. The systematic biases between the MODIS LST and the MLP-GTWR LST was minimized with equations:


  B ias = μ ( L S  T  M L P − G T W R , c l e a r   ) − μ ( L S  T  M O D I S , c l e a r   )  



(6)






  L S  T     M L P − G T W R     bias − c o r r e c t e d   = L S  T  M L P − G T W R   − B i a s  



(7)






  L S  T  M L P − G T W R   zero − m e a n   = L S  T     M L P − G T W R     b i a s − c o r r e c t e d   − μ ( L S  T     M L P − G T W R     b i a s − c o r r e c t e d   )  



(8)






  L S  T  M L P − G T W R , c o r   = μ ( L S  T  M L P − G T W R    bias - corrected    ) + L S  T  M L P − G T W R   z e r o − m e a n   ∗   σ ( L S  T  M O D I S , c l e a r   )   σ ( L S  T  M L P − G T W R , c l e a r   z e r o − m e a n   )    



(9)




where LSTMLP-GTWR,cor is the MLP-GTWR LST with corrected bias and deviation; μ and σ denote the mean and standard deviation of the corresponding data, respectively; and the subscript ‘clear’ means the part of the data under clear-sky condition.



Through the linear and variance scaling process, it was assumed that the bias and standard deviation for clear-sky pixels remained unvaried for cloudy pixels. Thus, the bias-corrected MLP-GTWR LST (termed as the MLP-GTWR LSTcor) had no systematic bias and deviation with the MODIS LST and its cloudy part can be fused with the MODIS LST to generate the final 1-km gap-free all-weather LST products.




3.4. Evaluation


To evaluate the performance of the MLP-GTWR model, several statistical metrics were used: the bias, mean absolute error (MAE), root mean square error (RMSE), and the coefficient of determination (R2). The MLP-GTWR LST before bias correction was inter-compared with MODIS LST (for pixels not involved in the MLP-GTWR process) to assess the performance of the method for clear pixels. Then, the bias-corrected MLP-GTWR LST was evaluated against in situ measurements at the four flux towers and ten AMS sites under both clear-sky and cloudy-sky conditions to assess the performance of all three stages of the proposed method. The spatial and temporal maps of the MLP-GTWR LSTcor are presented to evaluate consistency with other LST estimates (i.e., the MODIS, in situ, and ERA5-Land). In addition, the MLP-GTWR method is compared with a gap-filling method [19] and another PMW-TIR integrated method [32].





4. Results


4.1. Performance Evaluation of the MLP-GTWR Method Evaluated with MODIS LST


Figure 3 shows the comparison between the MLP-GTWR LST (not bias-corrected) and the 1-km MODIS LST for clear pixels across the entire study area. After the MLP and GTWR processes, the overall mean bias, MAE, RMSE, and R2 between both LSTs were 1.17 K, 2.15 K, 2.99 K, and 0.91, respectively, and the standard deviations of the bias, MAE, RMSE, and R2 were 0.87 K, 0.72 K, 0.85K, and 0.05, respectively. The result that the RMSE was less than 3 K and the R2 was higher than 0.9 in most regions indicates a close agreement between the MLP-GTWR LST and MODIS LST under clear-sky conditions.



The spatial patterns of the four metrics showed that the performance varied in space in a manner that was not highly related to the clear-day percentage of MODIS LST and the land cover type (Figure 1 and Figure 3). Although satisfactory performance and high correlation existed in most of South China, three regions could be recognized with relatively higher error: the Southwestern Hengduan Mountains, Taiwan Mountains, and the areas near river channels or lakes. Some studies have reported that the strong topographic effects on radiative environment would induce large retrieval bias in PMW BTs over high-mountain regions [58,59]. Additionally, the largest uncertainty in the MODIS LST retrieval (i.e., MYD11A1) was calculated using fixed surface emissivity determined by the land cover type [48]. However, in mountainous regions, the snow and the plant cover are quite dynamic and can have strong seasonality, leading to high uncertainty in estimates of surface emissivity as well as LST.



For land surfaces with a high proportion of water areas (e.g., lakes and flooded soil), the LST retrieval based on the PMW BTs was expected to exhibit weaker performance due to lower BTs and higher polarization differences for water [60]. Therefore, there would be large discrepancies between the AMSR2 and MODIS observations over those three regions, resulting in lower accuracy of the generated MLP-GTWR LST compared to other areas. Therefore, it was necessary to correct the systematic biases of the MLP-GTWR LST using the bias correction method before merging with the MODIS LST.




4.2. Performance Evaluation of the MLP-GTWR Method Evaluated with In Situ Measurements


The scatterplots in Figure 4 show the comparison of the MLP-GTWR LSTcor and MODIS LST against the in situ LST measurements at four flux towers. The former all-weather LST was divided into two parts: clear-sky and cloudy-sky, decided by the MODIS clear-sky LST. Overall, the measured in situ LST showed good agreement with the MODIS LST at four sites, with MAE, RMSE, and R2 varying between 2.15–2.95 K, 2.72–3.45 K, and 0.88–0.95, respectively. The metrics of the flux-based in situ LST used in this study were comparable to those from the literature involving the validation of the MODIS LST [25,48], indicating a good spatial representative to evaluate the 1-km gridded LST. For the MLP-GTWR LSTcor under clear-sky conditions, the MAE, RMSE, and R2 varied within the range of 2.29–2.85 K, 2.83–3.44 K, and 0.87–0.96, respectively. These results certify that the performance of the MLP-GTWR LSTcor under clear-sky condition is comparable and similar to that of the MODIS LST at all flux sites.



For the cloudy-sky groups of the MLP-GTWR LSTcor, the MAE, RMSE, and R2 ranged from 2.29 K to 2.65 K, from 2.92 K to 3.24 K, and from 0.82 to 0.92, respectively. Overall, the performance of the all-weather MLP-GTWR LSTcor was generally similar between the clear-sky and cloudy-sky conditions versus the in situ measurements at four flux towers. The RMSE of the MLP-GTWR LSTcor under cloudy-sky condition was slightly lower than that under clear-sky condition at the Dinghushan, Taoyuan, and Xishuangbanna flux stations. This can be attributed to the lower thermal spatial heterogeneity under cloudy-sky conditions on account of lower shortwave radiation. This decreases uncertainty arising from the scale-mismatch between the flux-based observation and a 1-km pixel in validation.



In addition, separate validations of the MLP-GTWR LSTcor for daytime and nighttime on clear and cloudy days would offer a better understanding of the performance of the MLP-GTWR method (Table 2). The statistical metrics for daytime and nighttime are both similar to those shown in Figure 4, supporting the above results that the difference of the accuracy was not significant between the MLP-GTWR LSTcor and the MODIS LST during the day as well as at night.



In addition to this broad area evaluation, the MLP-GTWR LSTcor was compared with the bias-corrected 0-cm temperature at ten AMS sites. Statistics are listed in Table 3. The performance of the MLP-GTWR LSTcor under cloudy-sky condition was worse than that under clear-sky conditions based on the AMS temperature, which was different from the results from three flux stations. It is worth noting that the measurement was sampled at a single point for the AMS instruments, which may fluctuate more than a spatially averaged flux tower footprint or a satellite retrieval if rain, snow, or strong wind is present under cloudy conditions. This effect may exaggerate the scale-mismatch issue between the AMS observations and 1-km LST, causing higher uncertainty in the validation.



Among the AMS sites, seven had RMSE difference between the clear-sky and cloudy-sky condition lower than 0.5 K, while one site covered by the savannas and both urban sites had larger RMSE differences of 0.68 K, 0.66 K, and 1.09 K, respectively. The likely reason is that microwave radiometry usually faces a radio frequency interference (RFI) problem over urban areas, inducing large uncertainty on AMSR2 BTs as well as the MLP-GTWR LSTcor [61]. Combining evaluations against in situ measurements at the four flux towers and ten AMS sites, the result revealed that the proposed MLP-GTWR method could generate all-weather LST estimates reasonably well.



As our proposed method is composed of two major processes (i.e., MLP and GTWR) and one correction step, it produces three LST products with two spatial resolutions: the 10-km MLP LST, 1-km MLP-GTWR LST, and bias-corrected MLP-GTWR LSTcor, sequentially. These LST products were compared against the in situ LST measurements to illustrate the change of errors in different steps (Figure 5). Note that only the in situ LST from four flux towers was used as a comparison object to ensure the better reliability. From the 10-km MODIS LST to the 10-km MLP LST in the MLP process, the MAE, RMSE, and R2 changed from the range of 1.98–2.41 K, 2.43–2.92 K, and 0.90–0.96 to 2.20–2.38 K, 2.77–3.02 K, and 0.88–0.94. Considering the in situ LST may not be suitable for the 10-km LST comparison due to the large spatial scale difference, the 0.1° ERA5-Land LST product was also used as a reference (Table 4). The results against the ERA5-Land LST also showed a similar change in the MAE, RMSE, and R2 from 1.64–3.49 K, 2.11–4.00 K, and 0.88–0.96 to 1.61–3.80 K, 2.14–4.54 K, and 0.84–0.94. It is evident that the MLP LST had a larger error than the MODIS LST. However, considering that the former is under all-weather condition, the increased error is still at an acceptable level with the MLP process.



The GTWR process downscaled the 10-km MLP LST to the 1-km MLP-GTWR LST and filled the swath gaps. The comparison showed that this process made non-significant changes in the errors at the Qianyanzhou and Taoyuan sites, while the Dinghushan and Xishuangbanna sites had an increased error, according to the MAE, RMSE, and R2 (Figure 5). Using Dinghushan as an example, the MAE increased from 2.21 K to 2.53 K, the RMSE increased from 2.92 K to 3.10 K, and the R2 decreased from 0.88 to 0.83. Dinghushan and Xishuangbanna are both located at tropical areas and covered with rainforest, which have low variations of FVC and LAI in a year. This may be the reason why the GTWR model performed worse on predicting the fine-scale LST. Overall, the introduced error in the GTWR process was considerably small, indicating the satisfactory performance of the GTWR method in downscaling and gap-filling.



In the bias correction, the MLP-GTWR LST was corrected to the MODIS LST rather than to the in situ data, resulting in the bias of the MLP-GTWR LSTcor closer to that of the MODIS LST (Figure 5). There was nonsignificant improvement within bias correction at the Qianyanzhou, Dinghushan, and Taoyuan sites, perhaps due to the low bias and deviation between the clear-sky LST in Equations (7) and (9) (Figure 3). However, the bias correction aimed to improve the agreement between the MLP-GTWR and MODIS LST over some regions with large discrepancies (see Section 4.1 and Figure 3), especially the Hengduan and Taiwan mountains. It is very challenging to evaluate our approach over these regions due to the lack of suitable in situ measurements with good representativeness to the gridded LST. Moreover, the appliance of the bias correction made it more reasonable to further merge the MLP-GTWR LSTcor and MODIS LST to generate the best 1-km all-weather LST.




4.3. Spatial Variability in the MLP-GTWR LSTcor


To evaluate the spatial variability of the produced LST, the 1-km MODIS LST, 10-km MLP LST, and 1-km MLP-GTWR LSTcor are shown for four days in 2014 (i.e., 14th, 105th, 197th, and 289th), which were the mid-days of four seasons (Figure 6 and Figure 7). The ERA5-Land LST is also displayed to provide the all-weather LST pattern from a LSM. The large irregular gaps existed in the MODIS LST because of the cloud contamination. In contrast, the 10-km MLP LST filled up the missing data except the regular AMSR2 swath gaps. Compared to the MODIS and MLP LST, the MLP-GTWR LSTcor not only had high consistency in matters of the spatial and temporal variations, but also provided the complete spatial details of LST information. A similar consistency was also found from comparison between the MLP-GTWR LSTcor and ERA5-Land product over the cloudy areas. For instance, the daytime LST on the 197th day in the central area was obviously lower than the surrounding area due to heavy precipitation events (Appendix A Figure A3). The MLP-GTWR LSTcor captured this LST pattern correctly with the ERA5-Land. In addition, the MLP-GTWR LSTcor images showed wonderful spatial continuity and ignorable block effects even at the edges of the swath gaps. These results demonstrate the satisfactory efficiency of the GTWR method as the second step in downscaling and gap-filling the coarse-resolution LST to fine-resolution images.




4.4. Temporal Variability in the MLP-GTWR LSTcor


As the observation periods at the four flux stations all included the year 2014, the time series of the MLP-GTWR LSTcor and in situ measurements are shown in 2014 (Figure 8). One can see that the MLP-GTWR LSTcor had high similarity in the temporal variation with the in situ measurements and MODIS LST in both daytime and nighttime at different stations. In most cases, the MLP-GTWR LSTcor could capture a sudden LST change following the in situ LST when the MODIS LST was missing, associated with precipitation events. However, when some extreme situations occur, particularly within a single day (e.g., a short-term precipitation occurs and the AMSR2 data are missing), the LST image could exhibit a different pattern with neighboring pixels in space and time. This means that there was not enough information to retrieve the missing LST without introducing more uncertainty. Using the LST or radiation output from an LSM may be an alternative to the MLP LST to achieve better LST retrievals over orbit gaps in these cases.



Furthermore, the performance of the MLP-GTWR LSTcor at daytime and nighttime varied among sites (subplots in Figure 8). For example, the MAE was lower for daytime than nighttime at Qianyanzhou, but the opposite result occurred at Xishuangbanna. In terms of the standard deviations, no evident difference was shown for the accuracy between different seasons in most cases. The performance of the MLP-GTWR LSTcor in summer can be comparable and even better than other seasons, although the MODIS LST had the fewest valid observations during summer. This indicates that the performance of the MLP-GTWR method is less impacted by the uneven temporal distribution of the MODIS LST. Some large biases between the MLP-GTWR LSTcor exist in some sites and in some seasons, for example, in the summer at Qianyanzhou, in the autumn at Dinghushan, or in the autumn/winter at Xishuangbanna in 2014. However, using the clear-sky MODIS LST (the target in this study) as the reference, our modeled LST had smaller bias than the ground LST in most cases. When comparing the remote sensing-based LST with in situ measurements, the monthly/season mean bias between them was variable among sites and time (Duan et al., 2019). In addition, obvious bias was shown between the MLP-GTWR LSTcor and in situ measurements during the 230th to 310th day in the year 2014, but a similar phenomenon was not found in 2015 (Appendix A Figure A4). Overall, the analysis of the spatio-temporal variability of the all-weather MLP-GTWR LSTcor confirms the great stability and reliability of the MLP-GTWR approach over South China.





5. Discussion


5.1. The Advantages of the MLP and GTWR Processes in the Proposed Two-Step Method


The proposed MLP-GTWR method has two main steps, the MLP and GTWR, achieving the retrieval of the coarse-resolution LST and downscaling it to 1 km as well as gap-filling, respectively. The MLP model was chosen in this study rather than other well-documented models (e.g., MLR and RF) [14,30] for two reasons. First, as a type of artificial neural network (ANN), the MLP model is capable of mapping the complex relationship between the LST and PMW BTs better than MLR. Second, the moving window strategy was applied to ensure the representativeness of the training data and improve the performance over heterogenous areas, thus a large number of regression models were trained. The computational cost of the MLP model is relatively low compared to other machine learning algorithms (e.g., RF and deep learning), as it has few hidden layers and nodes. Meanwhile, the method comparison in Dong et al. (2020) suggests that the MLP model can achieve better forecasting efficiency than MLR and RF when using only low-dimension predictor variables [62]. Therefore, the MLP model is pretty ideal for this study to take over the LST prediction considering the trade-off between the robustness and the computation cost.



Theoretically, the GTWR model has the ability to generate the 1-km missing LST without the MLP process (Equation (5)), but some disadvantages limit its practical application for that purpose. Since the MODIS valid LST are usually distributed irregularly in space and time, the GTWR model needs to search the optimal parameter values (i.e., hST and ρ) for each pixel (ui,vi,ti) to elucidate the quantitative association β(ui,vi,ti). The parameter selection involves the usage of a nested-loop, thus consuming large computation time. Moreover, when large gaps exist in the training data, the prediction power of the GTWR method is much weakened. However, to a large extent, using the MLP LST as the training data, instead of the MODIS LST, addresses these shortcomings. The MLP LST is spread much more evenly in space and time (Figure 6 and Figure 7, the second row), allowing a general fixed bandwidth in our study. Our results showed that the performance of the GTWR model using a bandwidth of 90 km·day was robust across South China with the computation cost decreasing dramatically.



To investigate the superiority of the GTWR method in downscaling the LST to the MLP model itself or other regression models (e.g., RF), the MLP model was retrained and rerun with the bilinearly interpolated 1-km AMSR BTs to simulate the 1-km all-weather LST directly (one-step scheme) for 2014. The comparison results between the one-step MLP scheme and two-step MLP-GTWR method against the in situ measurements at four flux towers are listed in Table 5. The two-step method had a better performance than the one-step scheme at the Qianyanzhou, Taoyuan, and Xishuangbanna stations, while the performance was similar at the Dinghushan station. The land cover was relatively homogeneous (Appendix A Figure A1) and the spatial thermal heterogeneity was very low (0.45 K) at Dinghushan, which may explain the similar accuracy between these two methods.



The two-step MLP-GTWR method performed better than the one-step method for at least two reasons. First, the GTWR method can explicitly capture both the spatial and temporal variations in the local-scale relationship [52] from the time series dataset of the LST, the FVC, and the LAI, while other algorithms usually neglect the temporal variations. Peng et al. (2019) demonstrated that the temporal information in the GTWR-based algorithm also helped weaken the smoothing effect and remove the blocking effect [38]. Second, the relationship between LST and other auxiliary variables is more scale-invariant than the data itself, and thus interpolation to the data directly should be avoided. In a word, the proposed two-step MLP-GTWR method combines the advantages and addresses the disadvantages of the two individual methods to improve the performance of all-weather LST products.




5.2. The Relative Importance of the Predictors in the MLP-GTWR Method


To analyze the importance of each variable to the LST predicting accuracy in the MLP process, the permutation importance test was performed by retraining the MLP model with 50 replications independently, where one of the variables is randomly shuffled while others remain constant [63]. The relative importance of a variable is presented by the ratio of the increased RMSE to the sum for all variables (Figure 9). The AMSR2 BTs play the most crucial role (the all contribution >80%) in retrieving the missing 10-km LST. The 36.5 vertical (V) and horizonal (H) channels were identified as the two most important predictors (with a contribution of 25.9% and 14.4%, respectively). Previous studies have commonly used the 36.5 GHz (Ka-band) BT to estimate the LST [30,33], since it has low sensitivity to soil surface parameters and atmospheric effects. Due to the ability to distinguish the land surface’s vegetation cover and soil moisture conditions [37], the 6.9(V) and 18.7(V) channels also had relatively high contributions of 12.9% and 12.5%, respectively. The lower frequencies in the 6.9 and 10.7 GHz channels allowed for observations neglecting the atmospheric effect. However, the coarser spatial resolution and the greater sampling depth of these channels introduced potential errors in describing the pattern of vegetation and veg/soil moisture, thus contributing less in LST retrieval. The land surface features including DEM, FVC, and LAI were also helpful in improving the retrieval accuracy with a total contribution of 10.6%. Overall, the vertical polarization channels were more important than the corresponding horizontal polarization channels. This can be explained by the lower dielectric constant for water and lower sensitivity to changes in soil moisture with the vertically polarized channels [60]. Besides, all variables played a positive role in improving the accuracy of the LST retrievals in the MLP process.



The Pratt index [64], which is the multiplication of the standardized regression coefficient and the Pearson correlation coefficient r between the LST and each variable, was used to assess each feature’s importance in the GTWR model. The four features had different contributions in downscaling the LST across South China, obviously varied in space (Figure 10). The FVC and LAI, which are important indexes to describe the surface vegetation conditions, explain most of the spatio-temporal variance in LST downscaling. This result indicates the validity of the FVC and LAI as the scaling factors in the GTWR model over the study region. The regions with lower significant contribution of the FVC and LAI were the transition zone between high mountains/plateau and flat plain/basin (e.g., the northwest edge of the study region, western Taiwan) and urbanized areas (e.g., the delta of Yangtze/Pearl River, northern Taiwan). The DEM is the main factor dominating the spatial pattern of LST in the former areas, while the strong impact of urban build-up and artificial surface on the LST make a significant contribution over urban areas, which can be identified by the nighttime lights.




5.3. Comparison of the MLP-GTWR Method with a Gap-Filling Method and a Same-Type Method


To evaluate our method, we applied a gap filling method [19] and a same-type PMW-TIR-based integrated method [32] to reconstruct the LST for comparison. Both methods are classic approaches that have been widely used in type (I) and (IV) LST reconstruction methods. For example, Li et al. (2018) used only the MOD/MYD clear-sky LST to reconstruct the hypothetical LST on cloudy-sky days with daily merging and spatio-temporal gap-filling methods. Shwetha and Kumar (2016), in contrast, trained separate ANN models for each land cover class, employing the geolocation information and Julian day as extra inputs. Using the above two methods, we estimated the corresponding 1-km LST under cloudy-sky conditions over the areas (61 km × 61 km) surrounding the four flux towers for the year 2014.



Figure 11 shows the scatterplots of the comparison of the MLP-GTWR LSTcor and the above two reconstructed LST against the in situ measurements at the four flux towers. The metrics at each station are presented in Appendix A Table A2 and Appendix A Table A3 in detail. The results showed a better performance of the MLP-GTWR method than Li’s gap-filling method in terms of the overall MAE (2.49 vs. 3.68 K), RMSE (3.05 vs. 4.85), and R2 (0.89 vs. 0.73). One challenge for the method used by Li et al. (2018) is that the larger the domain of missing values in the MODIS images, the more spatio-temporal gap-filling iterations are required. Since our study area has high-frequency cloud coverage, the uncertainty and accumulative errors were considerable in Li’s gap-filling method. In contrast, by integrating AMSR2 BTs, the MLP-GTWR method resulted in more stable LST estimation over cloudy regions.



The MLP-GTWR method also outperformed Shwetha’s one-step scheme in our study region. Where the Shwetha’s one-step approach uses geolocation and time as predictor variables directly, the MLP-GTWR method exploits this information in two ways. First, the MLP model is locally trained over a moving window region, allowing for improved data representation and better characterization of local relationships. Second, the GTWR model optimizes the synergy of spatial and temporal dimensions in the data to enhance the overall performance and present detailed LST distributions. In addition to the methodological advantages described in Section 5.1 (e.g., two-step vs. one-step method), incorporating multi-channel bands of AMSR2 BTs and a vegetation index into the predictors notably improved performance for this study region (Section 5.2).




5.4. Limitations and Potential for Further Applications


In this study, we used the 10-km AMSR2 BTs to reconstruct the cloudy-sky LST over South China and obtained the all-weather LST with similar accuracy to the MODIS LST. One important reason was the close agreement between the PMW and TIR -derived LST observations over the humid areas with dense vegetation and high surface soil moisture [33,34,65]. The penetration depth of the PMW measurements was small for a wet top-soil layer (e.g., ~1 mm at 37 GHz), close to the depth TIR-derived LST refers to (~50 μm). Over dense vegetated areas, both the PMW and TIR -derived LST are for the canopy layer (Holmes et al., 2009). However, the PMW sampling depth would be larger over arid regions, causing larger uncertainty to the all-weather LST. In addition, previous studies have used single, two, or multi- PMW bands in LST retrieval [14,28,29,30,33,66]. In terms of our study, eight channels in the AMSR2 were applied to guarantee the generalization of LST estimation for the entire South China. For instance, the low-frequency bands (i.e., 6.9 and 10.7 GHz) can provide more information about surface radiation for paddy fields and wetlands, as these bands are less absorbed and scattered by water, but have lower contributions and would increase the model complexity in other land cover types. The value of different combinations of PMW bands for estimating LST over various land cover types warrants further study. Therefore, the impact of the AMSR2 BTs on the performance of the MLP-GTWR model needs to be examined for more regions with different climate and land cover types (especially over the desert).



In addition, the MLP models established under clear-sky conditions were applied to generate the cloudy-sky LST in this study. Considering that the atmospheric conditions and thermal processes are different under clear-sky and cloudy-sky conditions, it may lead to potential systematic bias in the cloudy-sky LST estimation. The result in this study indicates that the assumption that the fitted model under clear-sky conditions could perform well under cloudy conditions with satisfactory accuracy, which agreed with the conclusion in other studies [14,32,39,67]. In the future, with the development of the radiation variables (e.g., incident solar radiation) with fine spatio-temporal resolution, they can be good indicators of the cloud coverage to achieve the better guess of the cloudy-sky LST. Furthermore, the parameters of the ‘moving window’ technique (e.g., the shape and the size of the window, the moving distance of adjacent windows) need to be fully explored to achieve optimal applications in other regions.



The predictor variables and scaling factors chosen in this study (i.e., FVC, LAI, DEM, and NL) are highly related to the LST variations and show effective abilities in retrieving the cloudy-sky LST in this study. As the study region of South China is under a humid climate and has a high percentage of vegetation, we acknowledge that these scaling factors may not be suitable for other different regions such as arid and cold land. To facilitate the global implementation, some additional land surface parameters (e.g., albedo, terrain slope/aspect, snow index, or building index) should be further investigated to improve the reliability of the MLP-GTWR method in other regions. Additionally, the level-3 product of MODIS LST and AMSR2 BTs were applied to generate the all-weather LST datasets since the former two products are extensively used in practical applications. To further improve the accuracy of the final all-weather LST, the level-2 swath datasets should be applied to match up the observation time by removing the data with large time difference or applying temporal calibration to achieve better matching.





6. Conclusions


In this study, we proposed a two-step MLP-GTWR method to generate the all-weather LST based on the MODIS LST, AMSR2 BTs, and four land surface features. This method was applied to retrieval the all-weather LST datasets at both daytime and nighttime across South China, for the years 2013–2018. When validated against in situ measurements from four flux stations, the bias-corrected MLP-GTWR LST had a MAE of 2.29–2.85 K, RMSE of 2.83–3.44 K, and R2 of 0.87–0.96 under the clear-sky conditions, and a MAE of 2.29–2.65 K, RMSE of 2.92–3.24 K, and R2 of 0.82–0.92 under cloudy-sky conditions. Similar results were also concluded when compared to the 0-cm temperature at ten automatic meteorological stations, validating the robustness of the method. The spatial and temporal variability of the MLP-GTWR LSTcor showed high consistency with the MODIS LST, in situ measurements, and ERA5-Land LST, and can present the LST pattern correctly under cloudy conditions. In addition, the MLP-GTWR method outperformed a gap-filling method and a same-type PMW-based method due to the local strategy in the MLP model and the consideration of the spatio-temporal non-stationarity of the relationship between LST and four factors in the GTWR model. Overall, the proposed scheme incorporating four LST-related ancillary variables could generate the all-weather LST with satisfactory quality in South China. The MLP-GTWR method is completely based on satellite remote sensing products and can be easily implemented. Therefore, our method can help produce high spatio-temporal LST images with complete spatial coverage and facilitate research on finer scales in other similar humid areas severely impacted by frequent clouds.
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Figure A1. High-resolution satellite imagery (Google Earth) of the surrounding areas of the four flux stations listed in Tab. 1. The position of the stations is in the center and marked by the black-circle dots. (a,b) Qianyanzhou, (c,d) Dinghushan, (e,f) Taoyuan, and (g,h) Xishuangbanna. The left and right column is at the scale of 10 km and 1 km, respectively. The red rectangles in the left column mark the areas in the right column. The scale legend and north arrow is located at the bottom right corner. 
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Figure A2. Sensitivity analysis of the node numbers of the two-layer multilayer perceptron model and the length of sliding window. (a) Performance change with the first hidden layer with the fixed node 10 in the second hidden layer. (b) Performance change with the second hidden layer with the fixed node 14 in the first hidden layer. (c) Performance change with the window length with the fixed sliding distance 10 km (one grid’s size). The RMSE is calculated from the comparison of the test sets (15% of the training dataset) and their corresponding predictions in the MLP model. Considering the computing time cost, the final nodes in two layers are chosen to be 14 and 7, and the window size is 90 in the MLP process. 
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Figure A3. The precipitation recorded by the ground meteorological stations at the 197th day in 2014 across South China. (a) the total precipitation in the period of 20:00-08:00. (b) the total precipitation in the period of 08:00-20:00. (c) the total precipitation of both (a) and (b). The precipitation data is downloaded from China Meteorological Administration (). 






Figure A3. The precipitation recorded by the ground meteorological stations at the 197th day in 2014 across South China. (a) the total precipitation in the period of 20:00-08:00. (b) the total precipitation in the period of 08:00-20:00. (c) the total precipitation of both (a) and (b). The precipitation data is downloaded from China Meteorological Administration ().



[image: Remotesensing 13 00971 g0a3]







[image: Remotesensing 13 00971 g0a4 550] 





Figure A4. Temporal variations in daytime and nighttime MODIS LST, MLP-GTWR LSTcor, and in-situ measurements at Dinghushan station in the year 2014 (top) and 2015 (bottom). 
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Table A1. The number of available Landsat 8 images used to calculate the thermal heterogeneity at four flux sites.
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	Station
	Total
	Spring
	Summer
	Autumn
	Winter





	Qianyanzhou
	14
	2
	4
	5
	3



	Dinghushan
	8
	2
	2
	3
	1



	Taoyuan
	7
	2
	2
	2
	1



	Xishuangbanna
	11
	4
	1
	3
	3
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Table A2. Comparison of the MLP-GTWR LSTcor and the fused LST from MODIS data using Li’s method [19] against the in-situ measurements at four flux towers. The statistical metrics at each site are shown.
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Metrics

	
Qianyanzhou

	
Dinghushan

	
Taoyuan

	
Xishuangbanna




	
MLP-GTWR

	
Li’s Approach

	
MLP-GTWR

	
Li’s Approach

	
MLP-GTWR

	
Li’s Approach

	
MLP-GTWR

	
Li’s Approach






	
Bias

	
−0.42

	
−0.85

	
−1.99

	
−1.83

	
−0.94

	
−0.54

	
2.16

	
2.16




	
MAE

	
2.25

	
4.01

	
2.94

	
3.11

	
2.47

	
3.24

	
2.50

	
2.96




	
RMSE

	
2.81

	
5.26

	
3.55

	
3.92

	
2.99

	
4.03

	
3.01

	
3.80




	
R2

	
0.91

	
0.75

	
0.87

	
0.82

	
0.95

	
0.85

	
0.94

	
0.84
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Table A3. Comparison of the MLP-GTWR LSTcor and the downscaled LST using Shwetha’s method [32] against the in-situ measurements at four flux towers. The statistical metrics at each site are shown.
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Metrics

	
Qianyanzhou

	
Dinghushan

	
Taoyuan

	
Xishuangbanna




	
MLP-GTWR

	
Shwetha ’s Approach

	
MLP-GTWR

	
Shwetha ’s Approach

	
MLP-GTWR

	
Shwetha ’s Approach

	
MLP-GTWR

	
Shwetha ’s Approach






	
Bias

	
−0.51

	
1.62

	
−1.88

	
−1.08

	
−0.93

	
1.53

	
1.76

	
2.69




	
MAE

	
2.35

	
4.33

	
2.90

	
3.56

	
2.41

	
3.47

	
2.25

	
3.33




	
RMSE

	
2.95

	
5.68

	
3.51

	
4.33

	
2.91

	
4.64

	
2.81

	
4.42




	
R2

	
0.89

	
0.65

	
0.85

	
0.69

	
0.91

	
0.79

	
0.90

	
0.75
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Figure 1. Basic information about the study area of South China. (a) The land cover category in 2015 from the Moderate Resolution Imaging Spectroradiometer (MODIS) Land Cover Type MCD12Q1 version 6 data product (https://lpdaac.usgs.gov/products/mcd12q1v006/ (accessed on 12 November 2020).) and the spatial distribution of four ChinaFLUX ground flux towers. (b) The percentage of valid clear-sky observations in the MODIS MYD11A1 land surface temperature (LST) product and the spatial locations of ten automatic meteorological stations. The slash or blue areas indicate the pixels with full of water surface or not belonging to the five Köppen–Geiger climate types in South China. 
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Figure 2. Schematic illustration of the multilayer perceptron-geographically and temporally weighted regression (MLP-GTWR) method. 
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Figure 3. Spatial patterns and frequency distribution curves of statistical metrics between the MLP-GTWR LST (1 km) and MODIS LST (1 km) for the pixels without being used in aggregation to the 10-km MODIS LST. (a) The spatial pattern of the valid observations (Days) of MODIS LST (1 km) without being used in aggregation to the 10-km MODIS LST. The higher pixel number in the narrow zone of the seashore is because the pixels have a large part of water surface and are not used in aggregation to the coarse-resolution LST. (b–e) The spatial patterns of the bias, MAE, RMSE, and R2. (f) The frequency distribution curves of above four statistical metrics. 
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Figure 4. Scatterplots of the MODIS LST and the MLP-GTWR LSTcor against the in situ LST at four flux stations with valid data number (N), MAE, RMSE, and R2. The left side is the MODIS LST, and the right is the MLP-GTWR LSTcor. (a,b) Qianyanzhou, (c,d) Dinghushan, (e,f) Taoyuan, and (g,h) Xishuangbanna. 
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Figure 5. Comparisons of the 1-km MODIS LST, aggregated 10-km MODIS LST, 10-km MLP LST, 1-km MLP-GTWR LST, and bias-corrected MLP-GTWR LSTcor (1 km) against the in situ LST at four flux stations: Qianyanzhou (a), Dinghushan (b), Taoyuan (c), and Xishuangbanna (d), respectively. 
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Figure 6. Spatial patterns of daytime 1-km MODIS LST (the first row), 10-km MLP LST (the second row), 1-km MLP-GTWR LSTcor (the third row), and 10-km ERA5-Land LST (the fourth row) on the 14th (the first column), 105th (the second column), 197th (the third column), and 289th (the fourth column) days in 2014. The blank areas indicate the missing MODIS LST due primarily to cloud contamination and the AMSR2 gaps due to its orbit swath. 
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Figure 7. Spatial patterns of nighttime 1-km MODIS LST (the first row), 10-km MLP LST (the second row), 1-km MLP-GTWR LSTcor (the third row), and 10-km ERA5-Land LST (the fourth row) on the 14th (the first column), 105th (the second column), 197th (the third column), and 289th (the fourth column) days in 2014. The blank areas indicate the missing MODIS LST due primarily to cloud contami-nation and the AMSR2 gaps due to its orbit swath. 






Figure 7. Spatial patterns of nighttime 1-km MODIS LST (the first row), 10-km MLP LST (the second row), 1-km MLP-GTWR LSTcor (the third row), and 10-km ERA5-Land LST (the fourth row) on the 14th (the first column), 105th (the second column), 197th (the third column), and 289th (the fourth column) days in 2014. The blank areas indicate the missing MODIS LST due primarily to cloud contami-nation and the AMSR2 gaps due to its orbit swath.



[image: Remotesensing 13 00971 g007]







[image: Remotesensing 13 00971 g008 550] 





Figure 8. Temporal variations in daytime and nighttime MODIS LST, MLP-GTWR LSTcor, and in situ measurements at four flux stations: Qianyanzhou (a), Dinghushan (b), Taoyuan (c), and Xishuangbanna (d). The subplots are seasonal statistics of MLP-GTWR LSTcor against in situ measurements. The square dots give the MAE for daytime and nighttime, with the length of the line centered at each square dot representing one standard deviation of the difference. 
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Figure 9. The relative contributions of predictors to the increased RMSE by an important test in the MLP process. AMSR 6.9 (H/V) means the 6.9 GHz channel of the AMSR2 BTs in horizontal (H) or vertical (V) polarization, and the others are similar; DEM: digital elevation model; FVC: fraction of vegetation coverage; LAI: leaf area index. 
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Figure 10. The relative contributions of four land surfaces to the LST downscaling in the GTWR process presented by the Pratt index (transformed to percentage). (a) FVC: fraction of vegetation coverage; (b) LAI: leaf area index; (c) DEM: digital elevation model; (d) NL: nighttime lights. 
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Figure 11. Comparison of the MLP-GTWR LSTcor and two reconstructed LST using the method in Li et al. (2018) and Shwetha and Kumar (2016) against the in situ measurements. 
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Table 1. The basic description of the four ChinaFLUX stations.
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	Station ID
	Longitude (°)
	Latitude (°)
	Land Cover Type
	Climate Type
	Sensor Viewing Height (m)
	Data Cover Time





	Qianyanzhou
	115.058
	26.741
	Evergreen needleleaf forest
	Subtropical monsoon climate
	41
	2013–2016



	Dinghushan
	112.534
	23.173
	Evergreen broadleaf forest
	Humid monsoon climate
	27
	2014–2015



	Taoyuan
	111.411
	28.897
	Croplands
	Subtropical humid monsoon climate
	2
	2014



	Xishuangbanna
	101.265
	21.928
	Evergreen broadleaf forest
	Tropical monsoon climate
	48.8
	2014–2015







The data sampling interval of the instruments was 10 Hz and the average value was recorded twice per hour at all flux towers.
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Table 2. Statistics of MODIS LST and MLP-GTWR LSTcor against in situ LST for daytime and nighttime at the four flux stations.
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Flux Sites

	
Condition

	
Daytime

	
Nighttime




	
MAE (K)

	
RMSE (K)

	
R2

	
MAE (K)

	
RMSE (K)

	
R2






	
Qianyanzhou

	
MODIS

	
1.86

	
2.36

	
0.96

	
2.47

	
2.81

	
0.92




	
Clear sky

	
1.79

	
2.45

	
0.96

	
2.69

	
3.01

	
0.92




	
Cloud sky

	
1.98

	
2.76

	
0.94

	
2.62

	
3.05

	
0.89




	
Dinghushan

	
MODIS

	
2.49

	
3.10

	
0.85

	
2.41

	
3.03

	
0.85




	
Clear sky

	
2.53

	
3.24

	
0.83

	
3.11

	
3.55

	
0.86




	
Cloud sky

	
2.69

	
3.32

	
0.81

	
2.60

	
3.17

	
0.82




	
Taoyuan

	
MODIS

	
2.73

	
3.38

	
0.89

	
1.66

	
2.12

	
0.92




	
Clear sky

	
3.58

	
3.63

	
0.88

	
1.78

	
2.38

	
0.92




	
Cloud sky

	
2.81

	
3.29

	
0.90

	
2.05

	
2.62

	
0.91




	
Xishuangbanna

	
MODIS

	
3.17

	
3.66

	
0.84

	
2.51

	
2.98

	
0.87




	
Clear sky

	
2.76

	
3.33

	
0.82

	
2.21

	
2.80

	
0.84




	
Cloud sky

	
2.48

	
3.11

	
0.79

	
2.25

	
2.77

	
0.86
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Table 3. The comparisons of the MLP-GTWR LSTcor under clear-sky and cloudy-sky conditions against the 0-cm temperature at ten automatic meteorological stations. The thermal heterogeneity is the mean standard deviation (STD) of all sub-pixel Landsat 30-m LST within a 1-km MODIS pixel. Refer to Figure 1b for numbers of the station locations.






Table 3. The comparisons of the MLP-GTWR LSTcor under clear-sky and cloudy-sky conditions against the 0-cm temperature at ten automatic meteorological stations. The thermal heterogeneity is the mean standard deviation (STD) of all sub-pixel Landsat 30-m LST within a 1-km MODIS pixel. Refer to Figure 1b for numbers of the station locations.





	
Stations

	
Land Cover Types

	
Thermal Heterogeneity (K)

	
Clear Skies

	
Cloudy Skies




	
MAE (K)

	
RMSE (K)

	
R2

	
MAE (K)

	
RMSE (K)

	
R2






	
1

	
Croplands

	
0.91

	
2.10

	
2.65

	
0.95

	
2.41

	
3.14

	
0.88




	
2

	
Croplands/natural vegetation mosaic

	
0.66

	
1.96

	
2.52

	
0.94

	
2.13

	
2.90

	
0.88




	
3

	
Savannas

	
0.84

	
1.73

	
2.23

	
0.96

	
2.20

	
2.91

	
0.90




	
4

	
Croplands

	
0.99

	
2.28

	
2.94

	
0.93

	
2.56

	
3.30

	
0.90




	
5

	
Urban and built-up

	
0.85

	
2.11

	
2.71

	
0.95

	
2.67

	
3.80

	
0.84




	
6

	
Woody savannas

	
1.00

	
2.14

	
2.71

	
0.92

	
2.26

	
2.97

	
0.87




	
7

	
Evergreen broadleaf forest

	
0.62

	
2.12

	
2.77

	
0.86

	
2.57

	
3.40

	
0.77




	
8

	
Urban and built-up

	
0.97

	
2.14

	
2.75

	
0.95

	
2.58

	
3.39

	
0.89




	
9

	
Grasslands

	
0.93

	
1.71

	
2.22

	
0.93

	
1.99

	
2.58

	
0.85




	
10

	
Savannas

	
0.71

	
1.94

	
2.49

	
0.94

	
2.00

	
2.64

	
0.88
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Table 4. Comparisons of the aggregated 10-km MODIS LST and MLP LST against the ERA5-Land LST.
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Stations

	
Products

	
Bias (K)

	
MAE (K)

	
RMSE (K)

	
R2






	
Qianyanzhou

	
MODIS (10 km)

	
−0.52

	
1.64

	
2.11

	
0.96




	
MLP (10 km)

	
−0.93

	
1.85

	
2.45

	
0.94




	
Dinghushan

	
MODIS (10 km)

	
0.40

	
1.89

	
2.29

	
0.93




	
MLP (10 km)

	
−0.58

	
1.61

	
2.14

	
0.92




	
Taoyuan

	
MODIS (10 km)

	
−3.09

	
3.49

	
4.00

	
0.94




	
MLP (10 km)

	
−3.28

	
3.80

	
4.54

	
0.90




	
Xishuangbanna

	
MODIS (10 km)

	
0.76

	
1.86

	
2.39

	
0.88




	
MLP (10 km)

	
0.25

	
1.90

	
2.44

	
0.84
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Table 5. Comparisons of the 1 km MLP-GTWR LST (GTWR) and the LST predicted from the MLP model using the directly interpolated AMSR2 BTs data (one-step) against in situ measurements.
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Metrics

	
Qianyanzhou

	
Dinghushan

	
Taoyuan

	
Xishuangbanna




	
GTWR

	
One-Step

	
GTWR

	
One-Step

	
GTWR

	
One-Step

	
GTWR

	
One-Step






	
Bias (K)

	
0.06

	
−0.37

	
0.12

	
−0.60

	
0.27

	
−0.94

	
−1.90

	
−2.23




	
MAE (K)

	
2.17

	
2.59

	
2.35

	
2.27

	
2.12

	
2.41

	
2.35

	
2.95




	
RMSE (K)

	
2.73

	
3.23

	
2.90

	
2.93

	
2.82

	
3.27

	
2.91

	
3.56




	
R2

	
0.91

	
0.88

	
0.85

	
0.86

	
0.95

	
0.91

	
0.87

	
0.86
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