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Abstract

:

Land surface temperature (LST) is a key parameter in geophysical fields. The Moderate Resolution Imaging Spectroradiometer (MODIS) onboard Terra provides an accurate LST dataset with global coverage and monthly series, but the monthly MODIS LST data are often obscured by clouds and other atmospheric disturbances and consequently exhibit significant data gaps at a global scale, resulting in a difficult interpretation of LST trends and climatological characteristics. In this paper, an effective and fast LST reconstruction method to fill data gaps in monthly MODIS LST is presented. The proposal combines the Discrete Cosine Transform (DCT) and the Penalized Least Square approach (PLS) together with the Generalized Cross-Validation (GCV) criterion. It depends only on the spatial high-frequency information from original LST estimates and allows a fast and automatic filling process without the help of any other ancillary data. To analyze its performance, the method is applied to fill data gaps on three continents with synthetic random missing values introduced as validation sets. The statistical evaluation shows that this method is capable of filling a large number of missing values in MODIS LST datasets with very high accuracy. In addition, the trend differences between the original LST and reconstructed LST have assessed the significance by computing 95% confidence intervals for a time series of trend differences is examined. Simulated experiments show that data gaps with large missing counts lead to significant differences in trend patterns and the patterns on validation sets are well estimated by this method, which confirms that the filling process of MODIS LST is necessary and favorable results can be produced for substantial data gaps by the DCT-PLS method.
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1. Introduction


Land surface temperature (LST) plays an increasingly key role in thermal environment research at both local and global scales [1,2]. It serves as an important boundary condition for energy flux between the atmosphere and ground [3,4], and is widely used in many geophysical fields such as hydrology, applied meteorology, vegetation monitoring, urban climatic effects, environmental monitoring and so on.



However, data gaps are ubiquitous in LST datasets and lead to crucial problems when analyzing spatiotemporal variability of LST. The data gaps in satellite datasets are resultant from many factors, such as non-overlapping satellite orbits, cloud contamination, instrumental malfunction. It is well-known that there are substantial data gaps in the widely-used Moderate Resolution Imaging Spectroradiometer (MODIS) datasets, especially during daytime when convective clouds are common [5]. Statistics confirm that more than 60% of the area of MODIS LST datasets are contaminated by weather effects [6], which have caused various applications based on MODIS LST to be restricted to clear-sky conditions [7,8]. Therefore, a fast and robust method for filling data gaps is highly required to meet the demands of complete and high-quality MODIS LST data.



To date, many filling methods have been developed to handle the large areas of data gaps in MODIS LST, either spatially or temporally. These approaches can be roughly grouped into the following categories:



The first category is a spatial-based gap-filling method, which is a straightforward interpolation approach using the remaining valid LST data sharing similar geospatial structures. Geostatistical interpolation methods, including inverse distance weighting and spline function, are common spatial interpolation methods [9,10]. Considering the LST data over heterogeneous landscapes, some studies attempted to take more factors into an interpolation algorithm, e.g., a multi-dimensional spline interpolation was applied to reconstruct MODIS LST and produced a full-layer result [11], but its performance is limited to the small and complex topography. For the purposes of improving the reconstruction accuracy over topographically complex regions, an effective method based on the land energy balance theory was developed to reconstruct LSTs and generate an accurate reconstruction in the southwest region of China [12]. These spatial reconstruction methods are generally easy to implement and perform. However, the limited available spatial information requires supplementary consideration of environmental heterogeneity to reach a satisfactory interpolation accuracy on a large spatial scale.



The second category is a temporal-based gap filling-method, which relies on valid LST values associated with the missing pixels from different points in time series. Using temporal images of the same region, the linear algorithm is a common approach primarily developed and employed [13,14,15]. Other LST reconstructions in the temporal domain have previously been performed using multi-temporal methods, e.g., Fourier transform [16], dictionary learning algorithm [17], Kalman filter applying temporal constraints [18,19], and the diurnal temperature cycle curve (DTC)-based approach [20]. Compared to spatial-based methods, multi-temporal methods work well on large gaps by incorporating consistent temporal information. However, available information from geographically neighboring LSTs is ignore, d causing inapplicability on varying landscapes [21]. In a different context, data fusion methods blending different observations is proposed to obtain a complete LST dataset. LST from MODIS and Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) were merged by an adopted Bayesian Maximum Entropy (BME) model to increase the availability of MODIS LST [22,23]. Thermal infrared (TIR) and passive microwave (PM) were combined in the temporal dimension and quantified the effect of temporal variation of LST [24]. However, uncertainty may be existent in blending products due to the temporal inconsistencies and varying land surface properties.



The third category is spatio-temporal-based gap-filling method, which utilizes multi-step modeling approaches, whereby the algorithm uses alternating spatial or temporal steps to fill gaps sequentially. Extracting the complementary information from additional spatial and temporal information, spatio-temporal-based methods are well appropriate to fill gaps over high spatio-temporal variability [25,26]. For instance, a spatio-temporal interpolation model was proposed for filling AMSR-E temperature data due to orbital gaps between satellite overpasses [27]; A complementary gap-filling algorithm was developed for improving LST data usability by leveraging spatial and temporal information inherent to longitudinal geospatial datasets [28]. In addition, to reconstruct a spatial–temporal continuous MODIS LST, some approaches are redesigned to maximize the use of available temporal and spatial information. Metz et al. combined temporal and spatial interpolation, using emissivity and elevation as covariates for the spatial interpolation, which is proved to scale well for both local and global reconstruction [29]. Yang et al. simultaneously used the harmonic analysis of time series (HANTS) algorithm and the revised neighboring-pixel (NP) algorithm originating from the surface energy balance theory to reconstruct LST data under both clear-sky and cloudy-sky conditions [30]. Although these studies have provided a variety of techniques to conquer the impediment of spatial and temporal variation of LST and enhance the applicability of LST products, there remains a need for high-quality ancillary datasets for these techniques to obtain the accurate filling results with large spatial extents and long time periods.



Comparing these three groups of methods, accuracy of the reconstructed LST can be deteriorated without using ancillary datasets and therefore remain a major impediment for these methods to utilize available information independent of ancillary factors in both time and space to fill missing pixels. Here, a penalized least square method based on discrete cosine transforms (DCT-PLS) is applied to fill data gaps in MODIS LST datasets. As a discrete Fourier transform at real number domain, DCT is often used to integrate and compress data from different sources [31,32,33], which can effectively retain the main information and features of the dataset and own the characteristics of the fast calculation [34]. The DCT-PLS plus Generalized Cross-Validation (GCV) criteria have been proved effective in data denoising and reconstruction both from a theoretical and computational level [35,36,37,38]. For the application of reconstructing satellite data, Wang et al. introduced a three-dimensional method based on DCT-PLS to reconstruct the global soil moisture dataset with high accuracy [39], which was also suggested in other reconstruction applications of soil moisture [40,41]. Pham et al. recently applied the DCT-PLS gap-filling method to fill LST gaps in 9 years of LST data over Australia [42]. In this context, it is meaningful to effectively apply the DCT-PLS method to fill gaps of LST at a global scale with long time series. In this study, the MODIS LST is taken as a case, and the results show effective reconstruction for large spatio-temporal LST datasets. The structure of the paper is as follows. In Section 2, we briefly introduce the MODIS LST datasets and data gaps within the study area and describe how we perform and evaluate the DCT-PLS method. Section 3 presents the filling outcomes and gives the evaluation results of DCT-PLS method, which is followed by a discussion in Section 4 and the summary and conclusions in Section 5.




2. Data and Methods


2.1. MODIS LST Data


The MODIS LST datasets are retrieved mainly from paired daytime and nighttime observations in seven MODIS thermal infrared bands (band 20, 22, 23, 29, 31, and 32). Based on the generalized split-window algorithm [43], the monthly MODIS daytime LST datasets of Collection 6 from Terra (MOD11C3) are obtained by simply compositing and averaging the MODIS LST daily datasets in a calendar month [44]. This LST dataset provides monthly and emissivity values of temperature at 0.05-degree latitude/longitude grids, as well as the averaged observation times and viewing zenith angles for daytime LST data.



The monthly MODIS daytime LST dataset has been cross-validated and compared against ground-based temperature measurements over homogeneous surfaces, and the results show that the accuracy is better than 1 K on clear-sky pixels [45]. However, the quality of the dataset is greatly affected by the weather. For regions with bad climatic conditions and frequent cloud cover, the monthly MODIS daytime LST often produces ubiquitous data gaps when the radiation is obstructed by clouds or other atmospheric particles, which greatly limit the utilization of retrievals of LST under clear-sky condition. Therefore, it is important to fill gaps of MODIS LST with large spatial extents and long time periods. Here, we apply the DCT-PLS gaps filling method to the monthly MODIS daytime LST dataset at a continental scale with the time period from 2001–2017.




2.2. Study Area


Before performing the DCT-PLS filling method, we first count the global gaps of original monthly LST for 2001–2017. As shown in Figure 1, the number of cumulative missing values is calculated globally. The missing values are mainly concentrated on both sides of the equator in South America, Africa, and Asia. Affected by topography, ocean currents, monsoons, and solar radiation, these areas form a tropical rainforest climate. Frequent precipitation and variable atmospheric conditions lead to obstruction on satellite observations, resulting in widespread missing values. In addition, due to the influence of altitude, some discrete missing values distributed in Eastern Europe and East Africa. In order to evaluate the DCT-PLS filling method at global coverage, Africa, Southeast Asia, and South America are selected as research areas to perform gaps filling process on monthly MODIS LST. With respect to the missing values over a full-time series for each region, the gaps of LST on the monthly scale show obvious seasonality (Figure S1). Affected by different background climatic conditions, data gaps exist mainly in warm seasons in Africa and Southeast Asia, and mainly in the cold season in South America. In general, a peculiar month with the significantly largest number of gaps exists in all three regions per year, which suggests the temporal concentration of data gaps in the LST time series.




2.3. LST Gap-Filling Method


Combining of penalized least square regression (PLS) and multi-dimensional discrete cosine transform (DCT), our proposed method (DCT-PLS) is a fast and robust smooth regression algorithm developed by Garcia [46], which performs the reconstruction based on the high-frequency information of dataset. The details of the mathematical derivation process are referred to Garcia [46,47], here we adopt this method to fill data gaps of monthly MODIS daytime LST datasets and give a brief introduction to the algorithm. For convenience, the defective MODIS LST with data gaps is defined as the original LST, whereas the LST values derived from the DCT-PLS filling method are referred to as the estimated LST.



Assuming that y denotes the original LST, matrix of dimension m x n, the estimated LST   y ^   is given by the following equation:


   y ^  = I D C T ( Γ ∘ D C T ( W ∘ ( y -  y ^  ) +  y ^  ) )  



(1)




where ° stands for the Schur (elementwise) product. W is a diagonal matrix diag(wi) that contains the weights    w i  ∈ [ 0 , 1 ]  , corresponding to the missing values of y. The components of the filtering matrix  Γ  are given by:


   Γ  i , j   =   ( 1 + s   ( ( 2 −   cos ( i − 1 ) π  m  ) + ( 2 −   cos ( i − 1 ) π  n  ) )  2  )   − 1    



(2)




for i = 1, …, n and j = 1, …, m.



The parameter s is a real positive scalar that controls the degree of smoothing; the smoothing of   y ^   will increase as the smoothing parameter s increases, conversely, it will decrease as the smoothing parameter s decreases. Thus, a suitable estimate of y depends on a reasonable choice of s. To avoid the subjective control of smoothing, the generalized cross-validation GCV score is minimized to obtain appropriate s automatically:


  G C V s c o r e =   | |  y ^  − y |  | F 2  / n     ( 1 − | | Γ |  | 1  / n )  2     



(3)




where   | |     |  | F    denotes the Frobenius norm, and   | |     |  | 1    is the 1-norm.



The GCV criterion optimizes the trade-off between bias and variance and avoids the over- or under-smoothing of the original LST [48]. Indeed, the large s value will cause losses of high frequency components because of over-smoothing, and the infinitesimal minor s will lead to an exaggeration of minor fluctuations over data gaps due to under-smoothing. Thus, a properly small smoothing parameter s will generate a better approximation between   y ^   and y.



Providing a discretized spline smoother to balance the fidelity to datasets and roughness of smooth function, this DCT-PLS method originally performs robust smoothing on evenly spaced data in one and higher dimensions [46,47]. Garcia has demonstrated that the PLS algorithm can be greatly simplified and solved by means of type-2 DCT and inverse DCT when datasets are evenly spaced [46]. Moreover, DCT-PLS method regression can be used to fill data gaps or reconstruct missing values. We note that this method just involves the data transformation between time domain and frequency domain, which indicates that the gaps filling process will be performed only on MODIS LST datasets avoiding reconstruction errors caused by deviations between different LST datasets and inaccuracy of external ancillary datasets.



Prior to the filling process, a preprocessing procedure is applied to present validation set from the original LST. Controlled by the smoothing parameters, the filling process is performed on each monthly layer of the original LST. The estimated LST with all gaps filled preserves the spatial patterns and details simultaneously. Finally, an evaluation procedure is adopted to assess the filling results. The entire calculation process is divided into five parts (Figure 2), and the detailed description is as follows:



I) Data input. The original LST datasets are divided into 204 layers (12 × 17) in time series. Each layer contains a certain number of missing values with different positions. These layers will be treated as an m×n matrix through the filling process (m and n represent the number of rows and columns of an LST raster layer).



II) Random blanking. Since the entire filling process is only operated on the MODIS LST dataset, a normal random selection algorithm named “random blanking” is introduced to obtain validation datasets for the verification of the DCT-PLS method in this part, which is performed on each layer of original LST. In order to ensure that the derived model can approximate the actual gaps and be better applied to fill gaps of any months at a global scale, the spatial pattern of global MODIS LST gaps shown in Figure 1 is simulated. Specifically, 10,000 valid pixels on each continent are stochastically selected according to the spatial pattern of global gaps, and who’s original LST values are replaced with null values. Namely, an equivalent data matrix (m × n) is formed, which contains at least 10,000 missing values per layer. Here we note that total of two types of gaps are generated in this part, including the simulated gaps created by “random blanking” and the original gaps having existed in original LST.



III) Gaps filling. This part is the kernel of the filling process, and the detailed description of the DCT-PLS method is developed in Section 2.3. The data matrix with two types of missing values (simulated and original ones) will be iterated and updated by the DCT-PLS method, and the model will automatically select the appropriate smoothing parameter s in each iteration by minimizing the GCV score. The automated gaps filling procedure is very fast [46] because the iteration process is based on DCT and IDCT, and when the data is evenly spaced, the computational complexity is O(nlog(n)). The procedure will converge when the relative error between two consecutive iterations is below a fixed threshold, and the main information of the original LST is restored as the estimated LST.



IV) Data output. The model will output a matrix of the same size as original LST datasets (m × n) for each layer. Both the simulated gaps and original gaps will be filled by the DCT-PLS method.



V) Validation. The performance of the DCT-PLS method is evaluated through the following indicators: R2, root mean square error (RMSE), and bias computed on the 10,000 simulated missing data and their corresponding original LST. To assess the trend differences and the statistical significance, the paired time series on the estimated LST and the original LST at each pixel are formed and examined.




2.4. Performance Evaluation


For the purpose of evaluating the availability of DCT-PLS, we produce simulated gaps and obtain the validation LST dataset (Figure 2). Besides visual checking of filling results, the performance of the DCT-PLS method is evaluated between original LST and estimated LST at the simulated gaps, and their quality is measured by standard statistical metrics: R2, RMSE and bias. Equations for computing these quantities are given below:


   R 2  =    ∑  (   L S T  ^  −   L S T  ¯     ) 2     ∑  ( L S T −   L S T  ¯     ) 2     



(4)






  R M S E =       ∑  i = 1  p     ( L S T −   L S T  ^  )  2     p     



(5)






  b i a s =     ∑  i = 1  p   ( L S T −   L S T  ^  )    p   



(6)




where LST is the LST values derived from original LST, whose average value is     L S T  ¯   . p is the total number of samples used for evaluation (p is 10,000 for each continent);     L S T  ^    is the LST values of the estimated LST.





3. Results


3.1. Gaps Filling Results


We use the DCT-PLS method expressed as Equation (1) to fill data gaps of MODIS LST. The filling process is performed on whole MODIS LST datasets with a full time series (Figure S2), here we take the results of one month as an example. Figure 3a, Figure 4a, and Figure 5a present the distributions of original gaps of MODIS LST in August 2001 in Africa, Southeast Asia, and South America, respectively. In order to validate the filling results of the DCT-PLS method, the “random blanking” algorithm described in Section 2.3 is performed at each continent to obtain simulated gaps (Figure 3b, Figure 4b, and Figure 5b), whose spatial patterns are consistent with the distribution of global gaps shown in Figure 1.



The filling results approximate the spatial patterns of original LST very well at both original and simulated gaps. We note that for the data gaps with large conterminous spatial distribution (in Africa), different areas and shapes (in Southeast Asia) and a wide range of the original LST values (in South America), all gaps filling results show good performances (Figure 3c, Figure 4c, and Figure 5c). In all three cases, the original LSTs are completely overlapped by estimated LSTs. In addition, the DCT-PLS method reconstructs the spatial patterns and details of original LST simultaneously for both conterminous and discrete data gaps. This greatly benefits from the automatic selection of appropriate smoothing parameter s by GCV score optimization, which approximates the energy distribution of original LST properly. In the process of iteration, an appropriate smoothing not only retains the general distribution of high-frequency part of the LST dataset but also restores the details by reducing reconstruction errors within the model. This indicates that the DCT-PLS method is highly feasible to fill MODIS LST data gaps.



The R2, RMSE, and bias of original LST and estimated LST on three continents are presented in Figure 3d, Figure 4d, and Figure 5d. In general, the R2 values in all three continents are greater than 0.9, and even reaching 0.98 in Africa. The bias values are all close to 0.01K and RMSE values less than 1K. Furthermore, according to the point density shown in Figure 3d, Figure 4d, and Figure 5d, most of LST values are concentrated on 1:1 line (the straight line y = x in the plane   ( L S T ,   L S T  ^  )  ), which indicates that the estimated LST has a close agreement with original LST on all three continents, and DCT-PLS method provides a stable, robust filling result. In addition, this stable filling process smooths all the values and performs quite well also on extreme values. The variability range of original LST in South America (260 K–320 K) is greater with respect to Africa and Southeast Asia (280 K–320 K), and exist more extreme values located around low LSTs and high LTSs (Figure 3d and Figure 4d). Yet the estimated LSTs still closely follow the 1:1 linear trend and concentrated around 300 K (Figure 5d), which confirms the robust smoothing effect of DCT-PLS method. However, it is worth noting that because of the limitation to obtain a large conterminous spatial information for filling data gaps in Southeast Asia with fragmental islands, the validation results in this region have a relatively smaller R2 (0.92) and a relatively larger RMSE (1K), which is consistent with the fact that DCT-PLS method relies on high frequency information of datasets for reconstruction. Based on high-frequency information of original LST, the DCT-PLS method smooths the extreme values and present a stable, robust smoothing on whole datasets, which helps to retain the global spatial patterns. Yet the filling process on a single LST pixel is easily affected by the global trend when DCT-PLS is used in areas with a wide range of LST values. Indeed, in the presence of outliers, some robust penalization procedure must be taken into accounts as suggested by Garcia [46]. Due to the slow variation of emissivity in regions with a homogeneous orography, LST is a relatively stable parameter in the physics of land surface processes. Thus, the substantial data gaps can be well filled by the DCT-PLS method with sufficient and available spatial information.




3.2. Trend Difference


For climate change analysis on geophysical observation data, substantial data gaps always present large spatial and temporal differences, which may reduce the usage rate and hinder subsequent interpretation by generating uncertainties in time series trend. An effective gap-filling method will be helpful in giving a solution to this impediment. Here we attempt to assess the trend differences between original LST and estimated LST on three continents to show the influence of gaps on the LST time series trend. According to the testing framework of temperature time series involving satellite radiosonde and reanalysis datasets [49,50], the OLS linear time series trends are estimated, and the trend differences are examined between two corresponding LST time series from January 2001 to December 2017 at each LST pixel on the gap region.



We note that there is a wide range of trend differences in LST after gaps filling process (Figure 6a,c,e). Although both the evaluation indicators and OLS linear fit results demonstrated the close correspondence between the original LST and the estimated LST in (Section 3.1), low and high biases (-0.04–0.04 K/year) in LST time series trends are presented, mainly distributed in data gaps. Referred to the distribution of actual time series trends, estimation uncertainties of the LST trend are presented due to substantial data gaps in original LST, with a relatively larger cooling or warming tendency in the estimated LST at part of the regions (Figure S3). With respect to the significance examination, significant trend differences at the 95% confidence level (Figure 6b,d,f) are also particularly present in regions with large missing counts, i.e., Nigeria, India, Myanmar, and Southern Argentina (Figure 1), which confirms the hazard of data gaps.



Moreover, as shown in Figure 6a,c,e, the low biases and high biases of trend differences do not present a certain spatial distribution pattern, which is consistent with the trend uncertainty in LST time series. Compared to regions without missing data, these trend differences mainly result from the substantial data gaps due to bad climatic conditions and frequent cloud cover. If these data gaps cannot be properly solved during data processing, it will obstruct the subsequent analysis of spatial patterns and temporal trends of LST at both local and global scales, and consequently cause unsoundness of agreement between MODIS LST and other LST datasets. It is also noted that the trend differences of LST time series with “random blanking” pixels (as shown in Figure 3b, Figure 4b, and Figure 5b) are not statistically significant (Figure 6b,d,f), which indicates that the time series trends are approximated well by the DCT-PLS method, and the estimated LSTs have a close agreement with the original LSTs. The study of the significant trend differences helps to reveal the statistical uncertainties that hamper the utilization of the MODIS LST datasets.





4. Discussion


4.1. Fast and Robust Filling


Although the previous literature on filling MODIS LST have produced complete and high-quality filling results, which are based on data fusion between different satellite products, an empirical model containing other environmental factors, and multi-step temporal or spatial interpolations [13,26,27,51,52,53]. However, these filling processes greatly depend on adding corresponding ancillary LST datasets or external environmental factors with high spatio-temporal resolution. In contrast, the DCT-PLS method utilizes the advantage of DCT on the reconstruction of evenly spaced data and controls the smoothness by PLS algorithm [46], benefiting the reconstruction independent from ancillary datasets, which makes the algorithm well adapted to the gap-filling purpose for long time series and large spatial coverage geophysical dataset.



Based on DCT and IDCT, the DCT-PLS method explicitly uses the integral spatial information of the LST dataset to derive a statistical model and fill data gaps. Rather than reducing the noise in LST, both high and low original LST values are retained when obtaining the optimal smoothing parameter. By preserving high frequency components of LST, information of spatial pattern and details are reconstructed simultaneously on gap region (Figure 3c, Figure 4c, Figure 5c for monthly LST and S4c, S4f, S4i for eight-day LST). The validation of entire filling results over full-time series show a strong correlation (R2 of 0.98, 0.98, 0.98, and RMSE of 0.73 K, 0.9 K, 0.81 K for three continents) and a close agreement (absolute value biases of three continents are all less than 0.001 K) between estimated LST and original LST of both full-time series (Figure S2) and each layer (Figure S5). The results of MODIS eight-day LST (Figure S4 and Table S1) and MODIS daily LST [42] also indicate a good filling application.



Controlling by the smoothing parameter s, a high s value can lead to losses of high frequency components and the optimal s should be smaller than 0.5 to prevent over-smoothing effect for PIV data [47]. More data noise can be smoothed with a high value of s, but the details will be blurred with smoother filling results, while the minor fluctuations over data gaps may be exaggerated with an infinitesimal s value smaller than 10-7 for filling of soil moisture [39]. Thus, a properly small smoothing parameter is required to preserve the information in original LST data and fill gaps. Defining a minimum global average reconstruction error, Wang et al. suggested 10−6 for filling gaps in both daytime and nighttime soil moisture datasets at the global scale [39]. Figure S6 presents the variation of global average reconstruction error and smoothing parameter s for each iteration of DCT-PLS filling process over full LST time series. As shown, filling processes of three regions converge to smoothing parameters of 7 × 10-3, 9 × 10-3, and 10-2 respectively, which implies the selection of smoothing parameter may vary with different climate conditions, heterogeneous landscapes, and different retrievals. Pham et al. suggested applying different smoothing parameters for filling gaps of daily LST in Australia, in which s is smaller than or equal to 10−6 for daytime products and s ≤ 10-4 for nighttime products [42]. However, optimized by the GCV score criterion, the automatically determined smoothing parameters benefit the DCT-PLS, applying varying filling processes and achieving a small reconstruction error without losing both high and low-frequency components of datasets.



As previously mentioned, the DCT-PLS has some novel features with respect to other gap-filling methods. Using both spatial and temporal information of the dataset to derive the statistical model and fill gaps, the DCT-PLS method is well adapted to fill substantial gaps in large spatio-temporal geophysical datasets. Computing the most appropriate smoothing parameter s in each iteration helps to avoid both over- and under-smoothing effect and eliminates the need for complicated parameterizations to obtain an accurate filling result. Compared with sophisticated geostatistical approaches involving additional coding efforts and processing time [54], the DCT-PLS method owns a fast and robust computation process with the automatic parameter optimization algorithm. Meanwhile, independent of any ancillary datasets, including other LST observations or external environmental factors, this method avoids additional uncertainty. In general, it demonstrates that the DCT-PLS method owns the advantages of large spatial filling coverage, high reconstruction accuracy, and independent and fast processing.




4.2. Gap Impediment


To assess whether the availability of LST is improved after gaps filling process and examine the uncertainties of the LST time series trend caused by data gaps, trend differences are computed over a full-time series. The results show that time series trends have a significant discrepancy ranging in -0.04-0.04 K/year. The distribution of low biases and high biases do not show apparent spatial pattern (Figure 6a,c,e), and the filling results indicate different trend difference on either cooling or warming region (Figure S3), which indicates that trend differences of time series in LST caused by data gaps are uncertain in space. Shown in the significance examination results (Figure 6b, 6d, and 6f), the Gulf of Guinea coast, west coast of India, southern Myanmar, western Ecuador, and the amazon estuary area show apparent trend differences at the 95% confidence level, where have large missing counts in time series (Figure 1). This could demonstrate the non-negligible influences on the LST time series trend due to data gaps [55].



Moreover, we also find that although the Indonesian islands have large missing counts, trend differences are not statistically significant in that region. This can be attributed to the fact that gaps generated in this area are probably not the extreme values in time series, which can be well reconstructed by DCT-PLS and have no significant impact on time series trends. In contrast, although there are no large missing counts in southern China, data gaps in this region also produce significant trend differences. Compared to the seasonal gaps affected by the monsoon climate, the gaps in southern China may be suffered from local terrain effects or other local variable atmospheric disturbances [56]. In addition, the large areas of significant trend difference in Patagonia and Himalayas imply the impact of elevation on LST reconstruction. As closely LST-related factors [11,57], the topography is complex and the elevation in these regions is above 3,000 m, which lead to hampers towards the MODIS LST reconstruction. Thus, obtaining realistic LST in these regions will depend on high-quality external ancillary data as predictors to enhance the spatial details [25]. Similarly, ancillary information is also needed for filling the gaps with large continuous missing areas to generate accurate surfaces (Figure S7), which is consistent with the result obtained by Pham et al. [42]. With respect to small continuous gap area or discrete gaps, generally produced by cloud cover, aerosol, and difficult atmospheric conditions instead of sensor malfunctioning or satellite scanning gaps [58], the DCT-PLS method have a good filling skill of MODIS LST gaps (Figure S7).



In general, although performance of DCT-PLS method is restricted in some heterogeneous regions or local complex terrain, and the filling accuracy decreases with large gap areas, the overall low bias and visually acceptable filling results demonstrate that this method is applicable to fill gaps of large spatio-temporal MODIS LST datasets on global scale over different land covers and climate conditions. However, for regions with complex terrain details or large continuous gaps, the feasibility of the DCT-PLS method is worthy of further exploration. Available ancillary information may benefit obtaining accurate local surfaces.





5. Conclusions


Common interpolation methods of filling data gaps in MODIS LST datasets are performed at local spatial coverage; For large spatial coverage, high spatio-temporal resolution ancillary datasets are necessary to provide more spatial details for the filling process. To solve this problem, we have presented and discussed the DCT-PLS method to reconstruct MODIS LST datasets. It is based on penalized least squares and discrete cosine transform, plus the GCV criterion for the optimal choice of the smoothing parameter. This approach can complete the filling process just on MODIS LST data without requiring other ancillary information. In addition, because of the lower computational complexity of DCT and IDCT, evenly spaced data like MODIS LST can be easily filled. More importantly, robust smoothing performs well on all values, including extreme values. By reconstructing the high frequency components, this method retains the global spatial patterns of the original LST.



The gaps filling process is performed on MODIS LST at a global scale. To assess the feasibility of DCT-PLS method, evaluation indicators are computed on simulated gaps for each continent. As demonstrated by our results, although the DCT-PLS method is affected by fragmental regions and a wide range of original LST values, the filling results explicitly present globally close agreements between estimated LST and original LST with 0.95 average R2, 0.91K average RMSE, and 0.01K average bias. Further, by estimating trend differences in LST time series, significant trend differences are revealed at regions with large missing counts, which indicates that substantial data gaps could cause obvious trend uncertainties with over- and under-estimation. With respect to the significance examination, the necessity of gaps filling in MODIS LST and the availability of DCT-PLS filling method are confirmed conclusively.



In summary, it is practical to use the fast and robust DCT-PLS method to fill data gaps of monthly MODIS daytime LST datasets and reconstruct the integral spatial patterns and subtle spatial details at a global scale. However, for filling process at a local spatial coverage or regions with complex terrain, the extreme values in the fluctuant series might be over- and under-estimated by integral smoothing or partial overfitting. That may generate uncertainties in trend patterns. Therefore, we suggest further study on the validation of DCT-PLS method at local scale of MODIS LST datasets or other large geophysical datasets. The Matlab code for the DCT-PLS method is available from http://www.biomecardio.com/matlab/smoothn.html.
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Figure 1. Number of missing values for the monthly MODIS daytime LST from 2001–2017. 
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Figure 2. Flowchart of filling monthly MODIS daytime LST gaps. The experimental procedures are indicated by the shaded roman numerals (I–V). Gray blocks in this flowchart represent non-empty LST pixels, white blocks with full borders represent the original gaps and white blocks with dotted borders represent the simulated gaps. The detailed descriptions are given at the end of Section 2.3 with five paragraphs, which are corresponding with numerals I–V. 
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Figure 3. DCT-PLS filling results of Africa LST: (a) distribution of original missing value; (b) distribution of simulated missing value (red pixels) covers the original missing value (dark blue pixels); (c) estimated LST data; (d) evaluation of estimated LST based on DCT-PLS against the original LST. 
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Figure 4. DCT-PLS filling results of Southeast Asia LST: (a) distribution of original missing value; (b) distribution of simulated missing value (red pixels) covers the original missing value (dark blue pixels); (c) estimated LST data; (d) evaluation of estimated LST based on DCT-PLS against the original LST. 






Figure 4. DCT-PLS filling results of Southeast Asia LST: (a) distribution of original missing value; (b) distribution of simulated missing value (red pixels) covers the original missing value (dark blue pixels); (c) estimated LST data; (d) evaluation of estimated LST based on DCT-PLS against the original LST.
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Figure 5. DCT-PLS filling results of South America LST: (a) distribution of original missing value; (b) distribution of simulated missing value (red pixels) covers the original missing value (dark blue pixels); (c) estimated LST data; (d) evaluation of estimated LST based on DCT-PLS against the original LST. 
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Figure 6. Trend differences between the original LST and estimated LST: (a, c, e) trend differences of LST in Africa, Southeast Asia, and South America, respectively; (b, d, f) significance of trend differences in Africa, Southeast Asia, and South America, respectively. 
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