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Abstract:

 Land surface temperature (LST) plays a major role in the study of surface energy balances. Remote sensing techniques provide ways to monitor LST at large scales. However, due to atmospheric influences, significant missing data exist in LST products retrieved from satellite thermal infrared (TIR) remotely sensed data. Although passive microwaves (PMWs) are able to overcome these atmospheric influences while estimating LST, the data are constrained by low spatial resolution. In this study, to obtain complete and high-quality LST data, the Bayesian Maximum Entropy (BME) method was introduced to merge 0.01° and 0.25° LSTs inversed from MODIS and AMSR-E data, respectively. The result showed that the missing LSTs in cloudy pixels were filled completely, and the availability of merged LSTs reaches 100%. Because the depths of LST and soil temperature measurements are different, before validating the merged LST, the station measurements were calibrated with an empirical equation between MODIS LST and 0~5 cm soil temperatures. The results showed that the accuracy of merged LSTs increased with the increasing quantity of utilized data, and as the availability of utilized data increased from 25.2% to 91.4%, the RMSEs of the merged data decreased from 4.53 °C to 2.31 °C. In addition, compared with the filling gap method in which MODIS LST gaps were filled with AMSR-E LST directly, the merged LSTs from the BME method showed better spatial continuity. The different penetration depths of TIR and PMWs may influence fusion performance and still require further studies.
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1. Introduction


Land surface temperature (LST) plays a significant role in terrestrial environmental conditions [1]. As one of the main parameters of surface energy balances, it deeply influences the terrestrial biophysical process, including evapotranspiration, plant respiration, and photosynthesis. It has been extensively used in research areas such as global climate warming, applied meteorology, agriculture, hydrology, and ecology [2,3,4,5].



The conventional method of monitoring LST based on ground sites is limited by the uncertainties caused by measurement inconsistencies and bias over large areas [6]. In contrast, satellite remote sensing provides ways to estimate LST at dense spatial sampling intervals and large scales. Various methods for estimating LST from remote sensing data have been extensively implemented since the 1990s [7,8,9,10,11,12,13,14,15]. Among them, most can be classified into two main methods. The first is based on thermal infrared (TIR) remotely sensed data, such as single channel algorithms, temperature and emissivity separation algorithms, and split-window algorithms, which have been used for sensors with one, two or multiple TIR channels, respectively [16,17,18,19,20]. The other is based on passive microwave (PMW) remotely sensed data, including the empirical and statistical, semi-empirical and physical methods, in which the lower-frequency (≤37 GHz) brightness temperatures (TB) and surface emissivities from passive microwave radiometry are usually used [21,22,23,24,25,26,27,28]. For the former method, the retrieved LSTs are mostly within a relatively fine spatial scale; for example, the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor aboard the Aqua satellite platforms provide daily, eight-day, and monthly LST products at 1 km (near) and 6 km (near) resolution. However, TIR remote sensing data are greatly influenced by atmospheric effects and cloud cover contamination. More than 60% of the areas in the MODIS LST products are contaminated by weather effects, especially cloud cover [29]. Thus, various applications based on MODIS data are restricted to clear-sky conditions [30,31]. For the latter method, because PMW radiation from the land surface can penetrate atmosphere and clouds, few instances of missing data appear in the retrieved LST. Nevertheless, LSTs derived from PMW remotely sensed data have a relatively coarse (~25 km) spatial resolution. In addition, because the surface emissivity at PMW bands is sensitive to land surface properties and difficult to measure, the inversion accuracy is always limited and lower than that of TIR methods [32].



To meet the demands of applications in surface energy balance research, applied meteorology, and other fields, many methods have been developed in previous studies to obtain complete and high-quality LST data both spatially and temporally [33,34,35,36,37,38]. Temporal interpolation is a straightforward method to fill the MODIS LST product gaps. However, the accuracy is limited by the uncertainty of the regression equations; only the mean annual LST is usually used in such applications [33,34]. Another method is to fill the LST retrieval gaps with ancillary meteorological data [35]. However, uncertainties during resampling or simple local averaging are inevitable, which should be attributed to the coarse spatial resolution (~100 km) of the global meteorological data [36,37]. Beyond that, a simple pixel-wise empirical regression method was recently implemented by combining the TIR LST and PMW TB products [38]. Although the results show reasonable accuracy (4–5 K), the process of downscaling PMW TB (~25 km) to sub-grid cell levels (~5 km) may not be suitable, particularly in downscaling 25 km resolution to 1 km. Because there is a large gap between the two spatial resolutions, the spatial variability within coarser pixels should not be ignored. Therefore, to satisfy the application requirements at regional and local scales, a new strategy is needed.



As one of the spatiotemporal geostatistical nonlinear methodologies, the Bayesian Maximum Entropy (BME) method can theoretically integrate data from different sources with different accuracies [39,40]. It has not only been used in environmental risk assessment, soil property mapping, et al. [41,42,43,44,45], but it has also been successfully applied in the combination of MODIS sea surface temperature (SST) with AMSR-E SST [46]. In this study, we investigated the feasibility of the BME method to estimate spatially and temporally complete LST time series at a relatively fine spatial resolution. The goals of this article are to (1) demonstrate the possibility of spatially and temporally complete LST reconstruction; (2) systematically examine how the accuracy of merged LST varies with the amount of data used in the BME estimation procedure; and (3) illustrate the advantages of the BME method in contrast with the gap filling method.




2. Study Area and Data


2.1. Study Area


The Tibetan Plateau (TP), with an area of approximately [image: there is no content], is the highest plateau in the world. Its temperature, water and energy dynamics have a significant impact on climate change in Asia [47,48]. Our study area is in the central TP around Naqu City (31°–32°N, 91.5°–92.5°E), which has an area of [image: there is no content] and an average elevation of 4650 m above sea level. Overview of the study area was shown in Figure 1. This area is mostly covered by short and sparse grasses in summer, and it has a cold and semiarid climate. The terrain is relatively flat with rolling hummocks and hills. Land cover data were downloaded from http://www.globallandcover.com/home/background.aspx. The elevation dataset was provided by the International Scientific & Technical Data Mirror Site, the Computer Network Information Center and the Chinese Academy of Sciences (http://www.gscloud.cn).


Figure 1. Overview of the study area: (a) land-cover map and station locations; (b) DEM.
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2.2. Data


2.2.1. Satellite-Derived LST Products


The LST products used in this study were derived from the MODIS and AMSR-E sensors aboard NASA’s Aqua satellite. Their specifications are given in Table 1.



Table 1. Specifications of the satellite-derived LST products used in this study.



	

	
MODIS LST

	
AMSR-E LST






	
Time range

	
From 1 August 2010 to 28 July 2011




	
Temporal resolution

	
Daily (1:30 A.M. local time)




	
Space range

	
91.5°E–92.5°E, 31°N–32°N




	
Spatial resolution

	
Approx. 1 km

	
Approx. 25 km




	
Projection

	
Sinusoidal

	
Albers Conical Equal Area












The MODIS LSTs provided by the Land Processes Distributed Active Archive Center (LP DAAC) site (https://lpdaac.usgs.gov/) were retrieved from measurements in the thermal infrared channels (10.780–11.280 μm and 11.770–12.270 μm) based on the use of the day-night split-window algorithm [16]. The MODIS 1 km LST product has been cross-compared and validated against ground-based temperature measurements over homogeneous surfaces, and the results showed that the accuracy could be better than 1 K in clear-sky conditions [49].



The AMSR-E daily LST data used in this study were derived from the PMW TB product (provided by the National Snow and Ice Data Center (NSIDC), http://gcom-w1.jaxa.jp/sftp_man.html) based on the temporal land cover-based look-up table (TL-LUT) method [32]. Compared to other statistical retrieval methods, one major advantage is that the variations of the physical characteristics of the land surface and their dynamic influences were considered in this method. Compared with in situ measured LSTs at four sites without urban warming in the TP, the standard errors of estimation between the estimated AMSR-E LST and in situ measured LST range from 3.1 K to 4.5 K at night [32].



It is important to minimize the influence factors in the processing procedure. Due to the warming effect of sunshine, using daytime LST may increase the uncertainty of the validation process. Therefore, the night-time LSTs from Aqua MODIS and AMSR-E at a local time 1:30 AM were selected for the blending process. In addition, for the convenience of calculation, the MODIS and AMSR-E LST products were uniformly transformed into geographic Lat/Lon projections and resampled to spatial resolutions of 0.01° and 0.25°, respectively.




2.2.2. Data Used in This Study


Before conducting the merging process, we first checked the availability of MODIS LST products. The availability is measured by valid LST pixels divided by all LST pixels. As shown in Figure 2, the daily availability of MODIS LST changed from 0% to 100%, and the 10-day averaged availability during the period from 1 August 2010 to 28 July 2011 varied from 25.2% to 91.4%. The availability of the AMSR-E LST product was also checked, and few instances of missing data occurred. Seven periods of data were selected based on the 10-day averaged availability shown in Figure 2b, and the dates and availabilities are given in Table 2. They were used to examine how the accuracy of merged LST varies with the amount of data used in the BME estimation procedure. Though the total data (only 70 days) used in the estimation procedure is small, both the availability (from 25.2% to 91.4%) and temperature range (from 250 K to 290 K) were considered in the selection process. Thus, the data in the seven selected periods could effectively represent the data features of the whole year.


Figure 2. MODIS LST availability in the study area: (a) Daily availability (from 1 August 2010 to 28 July 2011); (b) 10-day grouped averaged availability (from 1 August 2010 to 26 July 2011).
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Table 2. Dates and availabilities of the selected data.








	
	The Nth Period (Date)
	MODIS LST Availability
	AMSR-E LST Availability





	Period 1
	34 (from 27 June to 6 July, 2011)
	25.2%
	76.3%



	Period 2
	23 (from 9 March to 18 March, 2011)
	32.4%
	87.5%



	Period 3
	17 (from 8 January to 17 January, 2011)
	47.5%
	86.3%



	Period 4
	04 (from 31 August to 9 September, 2010)
	57.6%
	95.6%



	Period 5
	07 (from 30 September to 9 October, 2010)
	73.7%
	85.6%



	Period 6
	14 (from 9 December to 18 December, 2010)
	83.6%
	85.0%



	Period 7
	11 (from 9 November to 18 November, 2010)
	91.4%
	95.0%














2.2.3. Comparison Data


A multiscale monitoring network that consists of 69 stations was established on the central TP to measure moisture and temperature at four soil depths (0–5, 10, 20, and 40 cm) in 2010–2012. The dataset was provided by the Data Assimilation and Modeling Center for Tibetan Multi-spheres at the Institute of Tibetan Plateau Research, Chinese Academy of Sciences. Readers are referred to Yang et al. [50] for more information about this network. In this study, only the temperature measurements at soil depths of 0–5 cm between August 2010 and August 2011 for 38 stations (as shown in Figure 1a) were used to perform the comparison.






3. Methodology


To achieve the three goals of this article as mentioned above, a flowchart was designed, as shown in Figure 3. First, the BME method was applied to merge the seven groups of LST data derived from the infrared (MODIS) and microwave (AMSR-E) satellites. Second, the accuracy of the merged LST was analyzed with the amount of data used in the estimated procedure. Finally, we compared the merged LST with the BME method and the mixed LST from the gap filling method to illustrate their characteristics. In this work, the simple gap filling method as termed here used the AMSR-E LST to fill the gaps of the MODIS LST directly. In contrast, the BME method is more complicated. As a spatiotemporal geostatistical methodology, the BME method can perform interpolation with uncertain data through a probabilistic approach. In this section, the basic knowledge about the spatiotemporal random field is briefly described. The major steps in applying the BME algorithm are then introduced.


Figure 3. Schematic flow diagram for the blending MODIS and AMSR-E LST using the BME method.
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3.1. Spatiotemporal Random Field


The distribution of a natural variable (in this case, LST) can be represented in terms of a spatiotemporal random field (S/TRF), [image: there is no content], which takes values at points [image: there is no content] in a space–time domain, where [image: there is no content] represents the spatial location and t denotes the time [51]. In a given S/TRF, a random variable [image: there is no content] can acquire any one value [image: there is no content] from a distribution of values, and it is fully described by its cumulative distribution function (cdf) or probability density function (pdf). The random field [image: there is no content] is a collection of random variables [image: there is no content] at points [image: there is no content] ([image: there is no content] = 1[image: there is no content] m, k). It is completely described by the multivariate cdf:


[image: there is no content]



(1)







Its derivative with respect to [image: there is no content] is the multivariate pdf:


[image: there is no content]



(2)







In general, S/TRF can be characterized by its mean function, [image: there is no content] (the bar denotes stochastic expectation), or its covariance function, [image: there is no content]. The mean function of the S/TRF characterizes trends and systematic structures in space/time, and the covariance function expresses spatiotemporal correlations and dependencies. If both spatial and temporal trends are absent, the S/TRF is spatially homogeneous and temporally stationary; in this case, the mean function is constant, and the covariance function depends only on the spatial lag, [image: there is no content], and the temporal lag, [image: there is no content], between any two points, [image: there is no content] and [image: there is no content].



In this study, the spatial distribution of LST at a given time [image: there is no content] can be decomposed into a deterministic mean trend [image: there is no content] and a zero-mean residual field [image: there is no content], as[image: there is no content]. It is necessary to quantify and remove the trends before investigating the autocorrelation structure of the data [52]. To remove the mean trend of[image: there is no content], the Gaussian kernel smoothing method was applied to the dataset. The kernel searches for neighboring data within 0.25° grid ranges and extracts the trend using a 25 × 25 moving window in the MODIS LST data. The moving window was chosen here for two reasons. Firstly, the MODIS LSTs show a close relation in a 0.25° by 0.25° region. Secondly, the size of a PMW LST pixel is equal to that of a 25 × 25 MODIS pixel. This is convenient for the subsequent calculation.



After removing the surface trends of MODIS LSTs and AMSR-E LSTs, Normal score transformation was applied to form the residual components, [image: there is no content], with a Gaussian distribution [53]. Point pairs of [image: there is no content]at specific distances were used to calculate the covariance. To describe the inherent spatial variability and estimate the entire random field, we model the covariance functions of [image: there is no content] of LSTs with a nested covariance model, with two exponential models and two spherical models, according to the least squares method:


C=c1exp(−3sas1)+ c1sph(1−(3t2at1−t32at1))+ c2sph(1−(3s2as2−s32as2))+c2exp(−3tat2)



(3)




where [image: there is no content] and [image: there is no content] are the partial sill variances of the two exponential and two spherical models, respectively. [image: there is no content] and [image: there is no content] are the spatial ranges, and [image: there is no content] and [image: there is no content]are the time ranges, respectively. The range is a type of distance parameter often known as the “correlation length.” If the distance (s) or time (t) is greater than the range, the spatial dependence or time dependence would disappear.




3.2. BME Method


The S/TRF was characterized by physical knowledge bases, which included a general knowledge base G and a specific knowledge base S. G is considered general in the sense that it is universally applicable to all entities, which may include physical laws, scientific theories, or statistical moments. S can be divided into 2 groups: hard data and soft data. Hard data are those data with no error or few errors. In contrast, soft data are the data associated with different sources of uncertainties. In this study, MODIS LST has a higher spatial resolution compared with AMSR-E LST, and it can better reflect the details of the LST spatial features. Thus, MODIS LST can be considered as exact hard data, and AMSR-E LST can be considered as soft data. Both G and S are used in the BME analysis. The major steps of the BME algorithm are described briefly as follows (Figure 4).


Figure 4. Major steps of the BME algorithm.
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A. Step 1


The first step is known as the prior stage. The task of this step is to obtain the prior pdf from G. G used in this study is the covariance moment of the MODIS LST. Due to the lack of probabilities of unknown points, the real prior pdf was replaced by the joint pdf without specific information. For a regional variable [image: there is no content] which consists of a vector of points, including values at soft data points [image: there is no content] values at hard data points [image: there is no content]and the unknown value at estimation point[image: there is no content], the joint pdf [image: there is no content]can be written as [image: there is no content]. Based on Shannon’s information criterion (Shannon, 1948), the regional information entropy can be calculated by the following equation:


[image: there is no content]



(4)







Generally, with greater entropy, a greater amount of information is obtained, and the results are closer to the actual situation. To guarantee that the most abundant information was blended into the estimation process, the Lagrange multiplier, [image: there is no content]is introduced to maximize the entropy with the constraint of variance:


L[fG(xmap)]=−∫​fG(xmap)log[fG(xmap)]dxmap−∑aNλα[∫​ga(xmap)fG(xmap)dxmap−E[ga(xmap)]]



(5)




where [image: there is no content] is the object function, [image: there is no content] is a set of function covariance moments in LST blending, and [image: there is no content] is the expected value of [image: there is no content].



The joint pdf can then be obtained by the following equation:


fG(xsoft,xhard,xK)=fG(xmap)=exp(∑a=1Nλαga(xmap))/∫​exp(∑a=1Nλαga(xmap))dxmap



(6)








B. Step 2


The second step is known as the middle stage. The task of this step is to use a proper form to express S. As mentioned above, in this study, MODIS LST was considered as hard data, with positions in the centers of pixels at 0.01° resolution. Meanwhile, AMSR-E LST was considered as soft data because of its uncertainty, with positions in the centers of pixels at 0.25° resolution. The joint pdf [image: there is no content]of hard data and soft data could then be obtained.



In addition, to solve the multiscale problem, soft data were expressed in terms of a Gaussian probability distribution. The mean and variance of the Gaussian distribution were determined with the error model [46]. Readers are encouraged to refer to Li et al. [46] for details about the error model.




C. Step 3


The final step is also called the posterior stage. In this step, the specific information was added into the process. The posterior pdf, [image: there is no content], can be obtained based on the Bayesian rule:


[image: there is no content]



(7)







Finally, the mean at the estimation point [image: there is no content] can be extracted from Equation (8):


[image: there is no content]



(8)










4. Results


4.1. Modeling the Spatial Covariance Models


We modeled the spatial and temporal variation of LSTs with Equation (3) for each 10-day period. The calculated covariance for all directions and fit models for each period are shown in Figure 5. The parameters of the covariance functions are given in Table 3. The covariance model in period 1 has a partial sill [image: there is no content] of 0.4 and a spatial range [image: there is no content] of 0.18° (196 pixels at a resolution of 0.01°), as well as a temporal range [image: there is no content] of 4 days. The other nested model in period 1 has a partial sill [image: there is no content] of 0.6, a spatial range [image: there is no content] of 0.6° (2500 pixels at a resolution of 0.01°), and a temporal range [image: there is no content] of 12 days. The covariance model in period 1 indicates that the lower variability of local-scale LSTs has a spatial range of 0.18° (temporal range of 4 days) compared with the variability of 0.6, and it has a spatial range of 0.6° (temporal range of 10 days). The spatial structure could be explained by the discontinuity of land surface parts, and the temporal structure may be influenced by wind, precipitation and other factors. Parallel spatial and temporal structures occur in other periods. One point that should be noted was that for one period, only 10 days of data were used to establish the model; the spatial range [image: there is no content] was fitted by the covariance variation tendencies at each period. In addition, the variations of calculated covariance in periods 3, 4, 5, 6, and 7 were smoother than those in periods 1 and 2, which can be attributed to the influence of the serious lack of data in periods 1 and 2.


Figure 5. The calculated covariance in all directions and the corresponding fit models for different periods (from period 1 to 7).
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Table 3. Parameters of the covariance models.



	
No.

	
Exponential (s)/Spherical (t)

	
Spherical (s)/Exponential (t)




	
[image: there is no content]

	
[image: there is no content]

	
[image: there is no content]

	
[image: there is no content]

	
[image: there is no content]

	
[image: there is no content]






	
Period 1

	
0.4

	
0.18

	
4

	
0.6

	
0.6

	
12




	
Period 2

	
0.4

	
0.20

	
4

	
0.6

	
0.5

	
20




	
Period 3

	
0.4

	
0.40

	
4

	
0.6

	
0.6

	
25




	
Period 4

	
0.4

	
0.20

	
3

	
0.6

	
0.5

	
20




	
Period 5

	
0.4

	
0.25

	
4

	
0.6

	
0.6

	
25




	
Period 6

	
0.4

	
0.30

	
5

	
0.6

	
0.6

	
40




	
Period 7

	
0.4

	
0.20

	
5

	
0.6

	
0.6

	
40















4.2. Availability and Spatial Distribution of the MODIS LSTs, AMSR-E LSTs, and Merged LSTs


Both spatially and temporally complete LSTs are characterized by availability statistics. The averaged availability of MODIS LSTs, AMSR-E LSTs, and merged LSTs in periods 1 through 7 has been examined and listed in Table 4. The availability was computed by valid LST pixels divided by all LST pixels. After the merging process, the availability of merged LSTs at each period reached 100%.


Table 4. Availability of MODIS LSTs, AMSR-E LSTs, and merged LSTs.


	No
	MODIS LST
	AMSR-E LST
	Merged LST





	Period 1
	25.2%
	76.3%
	100%



	Period 2
	32.4%
	87.5%
	100%



	Period 3
	47.5%
	86.3%
	100%



	Period 4
	57.6%
	95.6%
	100%



	Period 5
	73.7%
	85.6%
	100%



	Period 6
	83.6%
	85.0%
	100%



	Period 7
	91.4%
	95.0%
	100%











LSTs on 17 November 2010 (period 7) for the AMSR-E, MODIS, and merged LSTs are shown in Figure 6a–c, respectively. The blank areas in Figure 6a indicate that the MODIS LSTs were missing. From the comparisons of Figure 6a,c, it can be observed that in the areas where MODIS LSTs exist (especially the six areas marked with red rectangular frames), the merged LSTs in Figure 6c retain the details of the MODIS LSTs in Figure 6a. Additionally, in the areas where the MODIS data are missing (especially the three areas marked with black round frames), the merged LSTs in Figure 6c contain both the spatial trend of the MODIS LSTs in Figure 6a and the features of the AMSR-E LSTs in Figure 6b.


Figure 6. The spatial distribution of LSTs (in Kelvin) and elevation: (a) MODIS LST; (b) AMSR-E LST; (c) merged LST; and (d) elevation in the study area on 17 November 2010.
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In addition, the MODIS LSTs and merged LSTs also show broadly similar spatial distribution characteristics to the elevation diagram. As seen in Figure 6d, the elevations in the six areas of the red rectangular frames are much higher than the surrounding areas. Generally, temperature declines with increasing elevation. Thus, lower LSTs occurred along the mountains, as shown in Figure 6a,c. Moreover, the merged LSTs in the areas where MODIS has missing data also show rough agreement with the elevation data, as shown in the three red oval frames in Figure 6c,d. These features demonstrate that the merged LSTs were reasonably distributed. Because LST was influenced by many factors, such as cloud cover, precipitation, and wind, the merged LST did not strictly correspond to the distribution of elevation for all areas.






4.3. Comparison of Merged LSTs with the 0–5 cm Soil Temperature


The merged LSTs in seven periods were validated with the soil temperatures at depths of 0–5 cm at 38 stations. As shown in Figure 7c, the merged LSTs showed a strong correlation with the station measurements, with correlation coefficients of 0.896 and [image: there is no content]. However, the RMSE between them is very large, with a value of 11.2 °C. This should be attributed to the fact that the land surface temperature approached the temperature at 0 cm or above 0 cm soil depth, which differed from the soil temperature at depths of 0–5 cm.


Figure 7. Comparison of the station measurements (0–5 cm soil temperatures) with the corresponding LSTs: (a) AMSR-E LST; (b) MODIS LST; and (c) merged LST for the seven periods.



[image: Remotesensing 08 00105 g007 1024]








To solve this discrepancy, we also performed comparisons of MODIS LSTs and AMSR-E LSTs with station measurements in the seven periods. As shown in Figure 7a,b, both MODIS LSTs and AMSR-E LSTs present similar tendencies to merged LSTs compared with station measurements. The correlation between MODIS and station measurements is greater than that for AMSR-E, with correlation coefficients of 0.904 and 0.795, respectively. This is mainly caused by the significant difference of MODIS and AMSR-E spatial resolutions compared to in situ measurements. Because MODIS spatial resolution is much finer than that of AMSR-E, higher correlation between the MODIS LST and merged LST was expected because of the high spatial variability of LSTs. Meanwhile, the RMSE of AMSR-E was smaller than that of MODIS, which can be attributed to the fact that, compared to TIR, the PMW radiation exhibited stronger penetration and could detect slightly deeper temperatures.



The merged LSTs by the BME method were mainly estimated from the spatial-temporal LST trend extracted from the hard data (MODIS LST). In addition, both the merged LST and MODIS LST have the same spatial resolution. Therefore, compared with the station measurements, the merged LST showed similar results (correlation coefficient and RMSE) with the MODIS LST. Although all of the LSTs in the seven periods were used in the comparison, the number of data pairs (N) used in the statistics for Figure 7a–c was different. In Figure 7c, the availability of merged LST is 100%, with N = 2660. In Figure 7a, the station measurements were averaged according to the position of AMSR-E pixels, with N = 672. However, in Figure 7b, only the MODIS data of the seven periods were applied to the comparison, with N = 1592. When the MODIS LST data are lacking, the exact spatial-temporal trend of LST could not be obtained, and outliers were found in the predicted values (especially in the area where MODIS LST is missing). The RMSE of the merged LST shown in Figure 7c is slightly larger than that of MODIS LST shown in Figure 7b, which might be caused by these outliers.




4.4. Validation of Merged LSTs with the Adjusted Station Measurements


Because no 0 cm LST data were available in this area, errors were likely introduced when using the 0–5 cm soil temperatures to validate the merged LSTs. To solve this problem, we established an empirical relationship between soil temperatures and LSTs by comparing the station temperatures and corresponding MODIS temperatures under clear-sky conditions from 1 August 2010 to 28 July 2011. MODIS temperatures were used for three reasons: first, MODIS LST is considered as hard data in the merging process and has also been used to validate the AMSR-E LST in the production process. Second, more than 90% of the study area is covered by grasses, so the MODIS LSTs under clear-sky conditions could yield relatively accurate values in this homogeneous area. Third, a total of 6290 data pairs were used in the statistics, and the RANSAC method [54] was utilized to eliminate the outliers to obtain the best regression line. As shown in Figure 8, the correlation coefficient between them is 0.933, and [image: there is no content], which demonstrates that the relationship between 0–5 cm soil temperatures and LSTs is robust. The equation for the relationship is as follows:


[image: there is no content]



(9)




where [image: there is no content] is the temperature at a soil depth of 0–5 cm. Equation (9) was used to adjust the station measurements before the validation.


Figure 8. Comparison of station measurements (0–5 cm soil temperatures) with the corresponding MODIS LSTs under clear-sky conditions for the period from 1 August 2010 to 28 July 2011.



[image: Remotesensing 08 00105 g008 1024]








Finally, station measurements at a soil depth of 0–5 cm were adjusted with Equation (9) and then used to validate the merged LST. The result is shown in Figure 9. After the adjustment process, the merged LSTs fit the adjusted station measurements well. The correlation coefficient between them is 0.917, with [image: there is no content] and an RMSE of the seven periods of 3.51 °C. In contrast, correlations and RMSEs between the adjusted station measurements and MODIS LST or AMSR-E LST were also calculated, with [image: there is no content] values of 0.85 and 0.62, and RMSE values of 3.23 and 5.78, respectively.


Figure 9. Comparison of the adjusted station measurements with the corresponding merged LSTs for different periods (from period 1 to 7).



[image: Remotesensing 08 00105 g009 1024]






To examine how the accuracy of merged LST varies with the amount of data used in the BME estimation procedure, the RMSEs for the seven periods with different availabilities were calculated, as shown in Table 5. The RMSEs of merged LSTs generally declined with an increasing amount of data. In period 7, the availability of the MODIS LSTs was 91.4%, and the RMSE of merged LSTs was 2.31 °C, which approaches the accuracy of the MODIS LSTs. In period 1, when the availability of the MODIS LSTs was only 25.2%, the RMSE of the merged LSTs was 4.53 °C, which is similar to the accuracy of the AMSR-E LSTs.


Table 5. Validation of the merged LSTs for each period.


	Period
	Period 1
	Period 2
	Period 3
	Period 4
	Period 5
	Period 6
	Period 7





	Availability of MODIS LSTs
	25.2%
	32.4%
	47.5%
	57.6%
	73.7%
	83.6%
	91.4%



	Availability of AMSR-E LSTs
	76.3%
	87.5%
	86.3%
	95.6%
	85.6%
	85.0%
	95.0%



	RMSE
	4.53 °C
	4.07 °C
	4.26 °C
	3.56 °C
	3.10 °C
	3.08 °C
	2.31 °C














4.5. Comparison of the Differences between BME Merged LSTs and Mixed LSTs


LSTs selected on 17 November 2010 (period 7) for MODIS LST, AMSR-E LST, merged LST by the BME method, and mixed LST by the gap filling method are shown in Figure 10a–d, respectively. As can be concluded from Figure 10, compared with the mixed LSTs by the gap filling method, the merged LSTs by the BME method have some advantages. As observed in the red circle frames in Figure 10, the merged LSTs exhibit higher spatial continuity than the mixed LSTs. In addition, it could be inferred that the accuracy of the merged LSTs in the MODIS blank area basically falls between the accuracy of the MODIS LSTs and AMSR-E LSTs, whereas the accuracy of the mixed LSTs was completely determined by the quality of the AMSR-E LSTs. Finally, because the merged LSTs were estimated by the probability distribution characteristics of variability in the random field, in the blank area where both the AMSR-E LSTs and MODIS LSTs are missing, the LSTs could still be estimated by the BME method. In contrast, in the same situation, the LSTs could not be obtained by the gap filling method.


Figure 10. Comparison of the LSTs (in Kelvin): (a) MODIS LST; (b) AMSR-E LST; (c) merged LST by the BME method; and (d) mixed LST by the gap filling method on 17 November 2010.
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5. Discussion


The LSTs derived from TIR remote sensors usually display high accuracy, but they are incomplete. In contrast, the LSTs retrieved from PMW remote sensors are nearly complete but display low accuracy and coarse spatial resolution. Both the incompleteness problem of TIR data and the low accuracy and coarse spatial resolution problem of PMW data have limited the applications of LST products in climatological and surface energy balance studies. To solve these problems, it is possible to use their respective advantages to produce more complete and accurate LST products. In this paper, the BME method was used to blend the satellite LST products retrieved from TIR (MODIS) and PMW (AMSR-E) remote sensing data. In this method, the error model proposed by Li et al. [46] was used to link the LST values at different spatial resolutions to generate soft data, and the residuals de-trended from MODIS LSTs were used to model the covariance functions. After the merging process, the estimated LSTs were spatiotemporally continuous with an availability of 100%. Because LSTs are different from 0–5 cm soil temperatures, before validating the merged LSTs, the station measurements were adjusted with Equation (9). The validation showed that the merged LST has a strong correlation (r = 0.90) with the adjusted station measurements, with an RMSE of 3.51 °C. Furthermore, the merged LSTs by the BME method were also compared with the mixed LSTs by the gap filling method. The results showed that the merged LSTs have the following advantages: (1) better spatial continuity and (2) higher accuracy.



In addition, to analyze how the accuracy of merged LST varies with the amount of data used in the estimated procedure, seven periods of data were selected according to the availability of MODIS LSTs, with an availability range of 25.2% to 91.4%. After the blending process with the BME method, the merged LSTs were validated with the adjusted station measurements. The results showed that the RMSEs for the merged LSTs decreased with increasing amount of utilized data, with a range of 2.31 °C to 4.53 °C, which was close to the accuracies of the MODIS LSTs and AMSR-E LSTs, respectively. This can be attributed to the fact that a lower amount of data reduces the ability of capturing accurate temporal-spatial LST trends, which finally influences the estimation procedure. As seen in the covariance modeling process, the covariance of periods 1 and 2 presented fluctuation characteristics due to the low availabilities of 25.2% and 32.4%, and the final RMSEs for the merged LSTs in period 1 and 2 are only 4.53 and 4.07, respectively.



One point that should be noted is that errors may be introduced when using MODIS LST to replace the 0 cm LST measurements to establish the relationship between LSTs and 0–5 cm soil temperatures. Another factor that may influence the result is that the sampling depth of LSTs retrieved from PMW data is different from that of MODIS. For the TIR band, the thermal sampling depth is approximately 0 cm, but for the PMW band, this depth is influenced by the surface moisture, frequency, and other factors. Thus, the merged LST has a different sampling depth error.



Through this study, it has been demonstrated that the method was applicable to night-time LST. The results show that the accuracy of merged LSTs increases with the increasing quantity of data. The accuracy was generally lower than that of the MODIS LSTs and higher than that of the AMSR-E LSTs. As the soft data component in the BME method, the accuracy of the AMSR-E LSTs may influence the accuracy of the merged LSTs, especially when MODIS LST data are missing. The accuracy of the AMSR-E daily LSTs varies according to land cover type, time of day, and season [32]. Therefore, it can be concluded that the accuracy and spatial-temporal variability of merged LSTs are also influenced by the land-cover type, time, and season. This is worthy of further exploration.




6. Conclusions


In this study, the BME method was introduced to merge 1 km grid land surface temperature (LST) from the 1 km grid MODIS thermal infrared LST product (channels 11 and 12 microns) and the 25 km grid AMSR-E LST product. The method was validated in the central Tibetan Plateau around Naqu City, an area of approximately [image: there is no content], against 0–5 cm in situ surface temperature measurements and over seven time periods selected corresponding to the availability of MODIS/AMSR-E data over a period spanning from 1 August 2010 to 28 July 2011. The results showed that the merged LST has 100% pixel availability and an RMSE of 3.51 °C.



In summary, it is practical to use the BME approach to blend night-time LSTs retrieved from MODIS and AMSR-E data to produce spatiotemporally complete LSTs. Compared to the simple gap filling method, the merged LST by BME method has better spatial continuity and better spatial correlation with elevation level maps. Even when both MODIS LSTs and AMSR-E LSTs are missing, the LST could still be estimated by the BME method. The estimation accuracy of merged LSTs were influenced by the quality and quantity of data used in the merging process. A sufficient amount of data was required to obtain an accurate spatiotemporal random field of the variables, which may result in fusion products with high precision. Moreover, different sampling depths between PMW and TIR data may affect the fusion performance and require further studies. In this paper, we merely integrated LSTs from two different remote sensors. In fact, BME has the potential to fuse field measurements and remotely sensed data; however, further examination is still needed to verify its efficiency.
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