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Abstract: Land surface temperature (LST) is a vital physical parameter of earth surface system.
Estimating high-resolution LST precisely is essential to understand heat change processes in urban
environments. Existing LST products with coarse spatial resolution retrieved from satellite-based
thermal infrared imagery have limited use in the detailed study of surface energy balance,
evapotranspiration, and climatic change at the urban spatial scale. Downscaling LST is a practicable
approach to obtain high accuracy and high-resolution LST. In this study, a machine learning-based
geostatistical downscaling method (RFATPK) is proposed for downscaling LST which integrates the
advantages of random forests and area-to-point Kriging methods. The RFATPK was performed to
downscale the 90 m Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
LST 10 m over two representative areas in Guangzhou, China. The 10 m multi-type independent
variables derived from the Sentinel-2A imagery on 1 November 2017, were incorporated into the
RFATPK, which considered the nonlinear relationship between LST and independent variables and
the scale effect of the regression residual LST. The downscaled results were further compared with the
results obtained from the normalized difference vegetation index (NDVI) based thermal sharpening
method (TsHARP). The experimental results showed that the RFATPK produced 10 m LST with higher
accuracy than the TsHARP; the TsHARP showed poor performance when downscaling LST in the
built-up and water regions because NDVI is a poor indicator for impervious surfaces and water bodies;
the RFATPK captured LST difference over different land coverage patterns and produced the spatial
details of downscaled LST on heterogeneous regions. More accurate LST data has wide applications
in meteorological, hydrological, and ecological research and urban heat island monitoring.

Keywords: ASTER; downscaling; land surface temperature; RFATPK; Sentinel-2A

1. Introduction

Land surface temperature (LST) becomes a vital physical variable of earth surface system, which
is a pivotal variable for researching urban heat islands and the relevant environmental and climatic
issues of urban environment [1–3]. Thermal infrared-based LST products of different spatial scales
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have been widely applied in meteorological, hydrological, and ecological research and urban heat
island monitoring on both regional and global scales [4–8]. Nevertheless, the spatial resolution of
existing LST products from 60 m to 1 km, is insufficient to reveal the local intrinsic interactions between
LST and land covers [9,10], especially in complex urban environments. The available Landsat LST
products can have a moderate spatial resolution of 30 m, but these LST products are interpolated only
by the cubic convolution resampling method without considering the correlation between LST and
ancillary parameters, such as normalized difference vegetation index (NDVI), normalized difference
building index (NDBI), albedo, and so on. A precise estimation of higher resolution LST is essential to
understand the heat exchange processes in an urban environment. LST downscaling is an alternative
approach to produce high-precision and high spatial resolution LST of the urban environment.

On the basis of the correlation between LST and different types of independent parameters, LST at
a finer spatial resolution can be retrieved by downscaling methods [11,12]. In general, the downscaling
methods consist of the following three steps:

1. Establishing a regression model between the aggregated independent high-resolution land surface
parameters and LST at the coarse scale;

2. Predicting LST at the fine scale by applying the regression model to the parameters;
3. Modifying the LST predictions by integrating the regression model residuals at the fine scale.

On the basis of the statistical relationship between LST and a single index, including normalized
difference vegetation index (NDVI), soil-adjusted vegetation index (SAVI), modified normalized
difference water index (MNDWI), and normalized difference building index (NDBI), a few downscaling
methods, based on the linear regression model, have been proposed and applied to downscaling LST at
different spatial resolutions from different remote sensing data under different circumstances [13–19].
For example, the widely adopted NDVI-based thermal sharpening method (TsHARP) has been proven
effective for LST downscaling and is usually used as a benchmark for comparing the downscaling
methods [17,20]. However, these methods only consider the linear relationship between LST and
single index and fail to capture the native patterns of LST and lose the spatial details of LST at the fine
scale [21,22].

To further improve the accuracy of downscaling LST, many researchers have proposed new
LST downscaling methods by integrating more related land surface parameters into the regression
model [9,23–26]. The geographically weighted regression (GWR) model has been widely used for
LST downscaling by combining various land surface parameters [27]. Wu, et al. [28] proposed a
multifactor GWR method (MFGWR) to downscale LST in urban areas with complicated land covers,
by considering various land cover types and the temporal variation in GWR. The experimental results
indicated that the MFGWR had a superior capability in LST downscaling. Using the GWR model,
Duan and Li [29] developed a new downscaling method to downscale MODIS LST data to 90 m.
The GWR-based method showed good downscaling performance with smaller errors as compared
with the TsHARP. More machine learning (ML) based downscaling approaches were explored to
construct a nonlinear regression model which addresses the nonlinear relationship between LST
and the land surface parameters. The current LST downscaling methods based on ML algorithms,
containing artificial neural networks (ANN), support vector machine (SVM), and random forests (RF),
have displayed higher accuracies in tackling the nonlinear relationship between LST and the land
surface parameters [30–34]. Hutengs and Vohland [11] applied RF to downscale 1 km MOD11A1
LST 250 m in a complex terrestrial environment of Jordan River Region in the Eastern Mediterranean.
Li, et al. [35] evaluated three ML methods, including RF, SVM, and ANN, to downscale 990 m MODIS
LST to 90 m. Four different independent variables, including spectral reflectance, spectral indices,
topographical factors, and land use map, were integrated into the regression model of these methods.
The experimental results showed that the ML-based LST downscaling methods exhibited the best
performance with the highest accuracy. Among these three methods, ANN and RF algorithms delivered
satisfactory predictions with multiple-type independent variables.
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However, these LST downscaling methods have been widely used for downscaling MODIS LST
and have not been used to extract higher-resolution LST of complex urban areas. For example, the
Sentinel-2 satellites can provide 10 m and 20 m remote sensing data, which received little attention in
the retrieval of urban LST. Sentinel-2A and Sentinel-2B satellites (Sentinel-2), which were provided by
the European Space Agency, have been widely used in forest monitoring, land cover change detection,
and natural disaster management [36,37], at the fine scale. The Sentinel-2 has 13 spectral bands in
the visible, near infrared, and shortwave infrared parts of the spectrum with spatial resolutions of
10, 20, and 60 m, respectively [36]. The Sentinel-2 was successfully used for monitoring vegetation,
mapping water bodies and cropland, and monitoring urban areas [38–40]. In addition, this data has
been used to extract 10 m urban impervious surface fraction [41]. However, this data has not been used
to retrieve urban LST. More effort should be invested to retrieve urban LST at higher spatial resolutions
to improve our understanding of the heat effects in complex urban environments.

To produce the high-precision 10 m LST, a ML-based geostatistical downscaling method (RFATPK)
is proposed in this study, which incorporates 10 m multi-type land surface parameters derived from
the Sentinel-2A imagery dated 1 November 2017. Combining the RF and area-to-point Kriging (ATPK)
methods, the RFATPK considers the nonlinear relationship between LST and multi-type land surface
parameters, and the scale effect of the regression residual LST. The RFATPK is applied to downscale
the 90 m ASTER LST product over two typical urban areas mainly covered by built-up and forests in
Guangzhou city, China. The RFATPK downscaled results were then compared with the results from
the TsHARP.

2. Study Area and Data

2.1. Study Area

Figure 1 shows the spatial distribution of the study areas. This study focuses on two typical
urban areas with different land coverage patterns in Guangzhou city, China. The study areas consist of
both built-up and forest areas, as shown in Figure 1. Guangzhou is situated in the Pearl River Delta
hinterland, ranging from 22◦26’ N to 23◦56’ N, and from 112◦57’ E to 114◦30’ E. Guangzhou has a
subtropical monsoon climate, which is characterized by mild winters and hot summers. The mean
annual temperature range is 20–22 ◦C, and the mean precipitation is 1720 mm [42]. The maximum and
minimum temperature in the study area reached 26.8 and 12.8°C on 1 November 2017, respectively. The
average daily temperature was 18.2°C and the average daily relative humidity was about 72.3 percent.
These study areas contained three types of land covers, i.e., impervious surfaces (containing building
and road), vegetation, and water bodies. In Figure 1, region A is primarily covered by impervious
surfaces, while region B is primarily covered by vegetation.
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Figure 1. RGB (R: band 4, G: band 3, B: band 2) images of the study areas from Sentinel-2A. 

2.2. Data 

ASTER is a multispectral scanner that produces images of high spatial resolutions of 15 to 90 m. 
It has three bands in the visible and near-infrared spectral range with a spatial resolution of 15 m, six 
bands in the shortwave-infrared spectral range with a spatial resolution of 30 m, and five bands in 
the thermal-infrared spectral range with a spatial resolution of 90 m. The ASTER LSTs were retrieved 
by using the temperature and emissivity separation method. The 90 m ASTER LST products (AST08) 
have an accuracy of about 1.5 K [43]. The product was obtained from NASA source 
(http://search.earthdata.nasa.gov) on 1 November 2017 and was projected to the UTM-49N (UTM: 
Universal Transverse Mercator, zone 49 N). The datum of projection is WGS_1984. In this study, the 
90 m ASTER LST was rationally downscaled to 10 m. 

In this study, the Sentinel-2A multispectral imagery with 0% cloud cover on 1 November 2017 
was obtained from the Sentinels Scientific Data Hub (https://scihub.copernicus.eu/). The Sentinel-2A 
Level-1C (L1C) image was first preprocessed by radiometric and geometric corrections, which was 
geometrically rectified to UTM-49N. We used the Sen2Cor Atmospheric Correction Processor to 
derive the Sentinel-2A Level-2A (L2A) surface reflectance. The Sentinel Application Platform (SNAP, 
version 5.0) contained the Sen2Cor module. Thirteen spectral bands of Sentinel-2A L2A spectrum 
reflectance exist in the visible, near infrared, and shortwave infrared parts of the spectrum. In this 
study, L2A reflectance of bands 2, 3, 4, 8b, 11, and 12 were applied to the downscaling experiments. 
The 20 m reflectance of bands 11 and 12 were interpolated to 10 m using the nearest neighbor 
interpolation. 

In the downscaling process, other land surface parameters that were retrieved from the 10 m 
Sentinel-2A image were also used, including impervious surface fraction, vegetation fraction, 
MNDWI, NDBI, and NDVI. The values of MNDWI [44], NDBI [45], and NDVI were calculated using 
the equations: 
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Figure 1. RGB (R: band 4, G: band 3, B: band 2) images of the study areas from Sentinel-2A.

2.2. Data

ASTER is a multispectral scanner that produces images of high spatial resolutions of 15 to
90 m. It has three bands in the visible and near-infrared spectral range with a spatial resolution of
15 m, six bands in the shortwave-infrared spectral range with a spatial resolution of 30 m, and five
bands in the thermal-infrared spectral range with a spatial resolution of 90 m. The ASTER LSTs
were retrieved by using the temperature and emissivity separation method. The 90 m ASTER LST
products (AST08) have an accuracy of about 1.5 K [43]. The product was obtained from NASA source
(http://search.earthdata.nasa.gov) on 1 November 2017 and was projected to the UTM-49N (UTM:
Universal Transverse Mercator, zone 49 N). The datum of projection is WGS_1984. In this study, the
90 m ASTER LST was rationally downscaled to 10 m.

In this study, the Sentinel-2A multispectral imagery with 0% cloud cover on 1 November 2017
was obtained from the Sentinels Scientific Data Hub (https://scihub.copernicus.eu/). The Sentinel-2A
Level-1C (L1C) image was first preprocessed by radiometric and geometric corrections, which was
geometrically rectified to UTM-49N. We used the Sen2Cor Atmospheric Correction Processor to derive
the Sentinel-2A Level-2A (L2A) surface reflectance. The Sentinel Application Platform (SNAP, version
5.0) contained the Sen2Cor module. Thirteen spectral bands of Sentinel-2A L2A spectrum reflectance
exist in the visible, near infrared, and shortwave infrared parts of the spectrum. In this study, L2A
reflectance of bands 2, 3, 4, 8b, 11, and 12 were applied to the downscaling experiments. The 20 m
reflectance of bands 11 and 12 were interpolated to 10 m using the nearest neighbor interpolation.

In the downscaling process, other land surface parameters that were retrieved from the 10 m
Sentinel-2A image were also used, including impervious surface fraction, vegetation fraction, MNDWI,
NDBI, and NDVI. The values of MNDWI [44], NDBI [45], and NDVI were calculated using the equations:

http://search.earthdata.nasa.gov
https://scihub.copernicus.eu/
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MNDWI =
ρGreen − ρSWIR1

ρGreen + ρSWIR1
, (1)

NDBI =
ρSWIR1 − ρNIR

ρSWIR1 + ρNIR
(2)

NDVI =
ρNIR − ρR

ρNIR + ρR
. (3)

where ρGreen, ρR, ρNIR, and ρSWIR1 are the Sentinel-2A reflectance of bands 3, 4, 8b, and 11, respectively.
The 10 m urban impervious surface and vegetation fractions were extracted using the modified

linear spectral mixture analysis (MLSMA) method with the Sentinel-2A imagery [41]. In MLSMA,
the high-precision impervious surface and vegetation fractions were extracted by integrating the
conventional LSMA and Otsu’s approaches with NDBI and NDVI. The process of extraction was
described in detail in the research by Xu, Liu and Xu [41].

3. Methods

3.1. Downscaling Methodology

For downscaling the ASTER LST, twelve independent variables were used, including the reflectance
of visible, near-infrared and short-wave infrared bands, NDVI, NDBI, MNDWI, impervious surface,
soil and vegetation fractions, which were extracted from the Sentinel-2A imagery. The RFATPK
downscaling procedure of integrating RF [46] and ATPK [47] methods was proposed to obtain the
downscaled 10 m LST. The RFATPK considers the nonlinear relationship between LST and the land
surface variables, and the spatial non-stationarity of residual LST estimated with the nonlinear
regression model. The generic formulation of the RFATPK contains a trend component and a regression
residual component, which is represented by the equation:

ẑ10m(x) = m̂10m(x) + ε̂10m(x) (4)

where ẑ10m(x) is the final downscaled 10 m LST, m̂10m(x) is the trend component estimated by RF,
and ε̂10m(x) is the regression residual component interpolated with ATPK. In the RFATPK, the LST
spatial trend at the fine scale is first predicted with the RF-based regression model between LST
and the independent variables; the regression residual LST is then downscaled using ATPK to
obtain the fine residual LST prediction. Figure 2 shows the detailed flow diagram of the RFATPK
downscaling procedure.
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Figure 2. The downscaling procedure of ASTER land surface temperature (LST) using the machine
learning-based geostatistical downscaling method (RFATPK).

3.2. RF to Estimate the Spatial Trend

As a non-parametric ensemble learning method derived from the bagging algorithm, RF has
been widely applied to classification and regression because of its high accuracy and insensitivity to
multicollinearity [46]. RF is a combination of uncorrelated classification and decision regression tree
predictors where each tree depends on the values of a random vector sampled independently and
with the same distribution for all the trees in the forest. In this study, the RF regression method was
implemented to enhance the spatial resolution of ASTER LST from 90 m to 10 m. The original ASTER
LST was downscaled based on the nonlinear relationship with the independent variables estimated
from Sentinel-2A imagery at 10 m resolution. Following the researches of Hutengs and Vohland [11],
Duan and Li [29], and Li, Ni, Li, Duan and Wu [35], the 10 m spatial trend of ASTER LST was predicted
using the RF-based regression method which is summarized as follows:

1. The independent variables with 10 m fine resolution, including the reflectance of blue, green and
red bands, NIR, SWIR1 and SWIR2, NDVI, NDBI, MNDWI, impervious surface fraction, soil
fraction, and vegetation fraction, were aggregated into the ASTER LST product with 90 m coarse
resolution by using the spatial averaging method.

2. The multivariate nonlinear regression model between the 90 m ASTER LST and the aggregated
independent variables could be established by using the RF algorithm, which can be expressed
using the equation:

m90m(x) = RF
(
bands90m, NDVI90m, NDBI90m, MNDWI90m, f rac90m

)
(5)
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where m90m(x) is the 90 m ASTER LST, bands90m represents the 90 m reflectance of visible and
near-infrared and short-wave infrared bands, f rac90m represents the 90 m impervious surface,
soil, and vegetation fractions. The function RF(·) indicates the multivariate nonlinear regression
model between ASTER LST and the independent variables constructed with the RF. The RF
algorithm is implemented using an R package, randomForest.

3. The 10 m independent variables can be a direct input to the RF-based nonlinear regression
model in Equation (5). Then, the downscaled spatial trend of LST at 10 m spatial resolution can
be achieved.

3.3. ATPK for Downscaling the Residual LST

The coarse residual LST with a resolution of 90 m, also referred to as the model error of RF, was
estimated through subtracting the RF-estimated LST from the 90 m ASTER LST. The residual LST at
the coarse scale was, then, downscaled to the fine residual LST with a resolution of 10 m using the
ATPK method [47]. ATPK ensures that the summation of the downscaled residual LST within any area
is equivalent to the original coarse residual LST. In this study, the 90 m pixel is considered as an area,
and the 10 m pixel is considered as a point. According to ATPK, the fine residual LST ε̂10m(x) of a
given fine pixel x is estimated as a linear combination of the original coarse residual LSTs ε90m(vi) in K
neighboring coarse pixels, which can be represented by the equation:

ε̂10m(x) =
∑K

i=1
λx(vi) ε

90m(vi) (6)

where ε90m(vi) (i = 1, 2, 3, . . . , K) is the 90 m residual LST of the neighboring coarse pixel vi, and K is
the number of neighboring coarse pixels used in the calculation of fine residual LST at fine pixel x. The
λx(vi) represents the ATPK weight of the coarse pixel vi and satisfies the condition

∑K
j=1 λx

(
v j

)
= 1.

The ATPK weights were estimated by minimizing the prediction error variance. The corresponding
Kriging system of ATPK is represented by:

∑K
j=1 λx

(
v j

)
C
(
vi, v j

)
+ µx = C(vi, x), i = 1, 2, . . . , K∑K

j=1 λx
(
v j

)
= 1

(7)

where µx is the Lagrange multiplier, C
(
vi, v j

)
is the coarse-to-coarse covariance between the coarse

pixels vi and v j, and C(vi, x) is the coarse-to-fine covariance between the coarse pixel vi and the fine
pixel x. The calculations of the coarse-to-fine and coarse-to-coarse covariance terms are critical for
downscaling the coarse residual LST in ATPK. First, the coarse pixel vi is discretized to N(vi) fine
pixels, where the residual LST of the coarse pixel is assumed as the mean residual LST of the fine pixels
within it.

C(vi, x) =
1
|vi|

∫
s∈vi

Cov
{
ε10m(s), ε10m(x)

}
ds ≈

1
N(vi)

∑N(vi)

j=1
C
(
s j, x

)
, s j ∈ vi (8)

C
(
vi, v j

)
= 1
|vi |

1∣∣∣v j
∣∣∣ ∫s∈vi

∫
s′∈v j

Cov
{
ε10m(s), ε10m(s′)

}
dsds′

≈
1

N(vi)
1

N(v j)

∑N(vi)

k=1

∑N(v j)

l=1 C(sk, sl), sk ∈ vi, sl ∈ v j
(9)

where C
(
s j, x

)
is the covariance between the fine pixels x and s j within the coarse pixel vi, and C(sk, sl)

is the covariance between the fine pixel sk within the coarse pixel vi and the fine pixel sl within the
coarse pixel v j. Then, the coarse-to-coarse and coarse-to-fine covariance terms can be estimated with the
point-support semi-variogram, which was derived from the coarse residual LSTs using a deconvolution
procedure [48,49]. The corresponding details can be referred from the research by Wang, et al. [50] and
Wang, Shi, Atkinson and Pardo-Igúzquiza [48].
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4. Results

4.1. Downscaling Results

The 90 m ASTER LST on 1 November 2017 over two different land cover types were downscaled
to 10 m using the RFATPK. In addition, the NDVI-based technique for spatial sharpening of thermal
imagery proposed by Agam, Kustas, Anderson, Li and Neale [17] was also applied to downscale
the ASTER LST. The RFATPK and the TsHARP were programmed with R Language, and the RF
was performed with the R-based randomForest package (https://cran.r-project.org/web/packages/
randomForest/index.html). To evaluate the downscaling performance of the RFATPK and the TsHARP,
the downscaled results were upscaled to 90 m by using the spatial averaging method, and then
validated by the original 90 m ASTER LST. In this study, three measures, including absolute bias
(abs_bias), root mean square error (RMSE), and the coefficient of determination (R2), were chosen for
the accuracy assessment of the downscaled LSTs and are shown in Figure 3.Remote Sens. 2020, 12, x FOR PEER REVIEW 9 of 20 
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Figure 3. Scatter diagrams of ASTER LSTs versus downscaled LSTs for two typical regions. (a)
RFATPK-based downscaled LST for region A; (b) Normalized difference vegetation index based thermal
sharpening method (TsHARP) based downscaled LST for region A; (c) RFATPK-based downscaled LST
for region B; and (d) TsHARP-based downscaled LST for region B.

In Figure 3, the RFATPK with the lowest RMSE and the highest R2 outperforms the TsHARP in
regions A and B. In region A, the RFATPK had the lowest RMSE of 1.014 K and the highest R2 of 0.883,
while its absolute bias was about 0.023 K greater than the TsHARP. In the region B, the absolute bias
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was reduced from 0.580 K of the TsHARP to 0.504 K of the RFATPK, and RMSE was reduced from
0.806 K to 0.678 K, which presents a 15.88% improvement in the magnitude of the downscaling results
with the RFATPK. The R2 of the RFATPK reached 0.896, approximately 0.043 higher than the TsHARP.
On the basis of these results, the RFATPK displayed better overall downscaling performance than the
TsHARP in both regions A and B, although the absolute bias of the RFATPK is larger than that of the
TsHARP in region A.

Figure 3 also shows the scatterplot comparisons of the 90 m ASTER and aggregated LSTs from the
downscaled results of the RFATPK and the TsHARP. The RFATPK showed an improvement in the
downscaling performance as compared with the TsHARP, with an overall reduced scatter around the
1:1 line (Figure 3). However, an overestimation of low LST extremes and an underestimation of high
LST extremes was identified in both the methods in both the regions. The high LST extremes of the
TsHARP tend to diverge around the 1:1 line in both the study areas, while the RFATPK produced more
aggregation of the high LST extremes. Figure 3 also shows that overall, the RFATPK overestimates
the downscaled LSTs in region A, mainly covered by built-up, and underestimates the downscaled
LSTs in region B mainly covered by forests. The RFATPK performed better in downscaling ASTER
LST, with a greater R2 and a smaller RMSE, in region B than that in region A, as a result of the spatial
heterogeneity of land cover types, which led to spatial changes in the LSTs of different regions. The
spatial patterns of region A, which was mainly covered by built-up, were more complicated than that
of region B, which was mainly covered by forests. Nevertheless, the RFATPK showed high capacity for
downscaling LST in these regions covered by different land cover types.

Figure 4 shows the spatial distribution of 90 m downscaled LSTs, and Figure 5a,b presents the
error distributions of downscaled LSTs for region A with the RFATPK and the TsHARP. Compared to
the 90 m ASTER LST in Figure 4a, the RFATPK and the TsHARP downscaled LSTs shown in Figure 4b,c,
both had similar spatial distributions as that of the original ASTER LST. TsHARP showed slightly
better performance than the RFATPK with an absolute bias of 0.779 K (Figure 3b). The LST errors
of the TsHARP were concentrated to a value of 0, while the LST errors of the RFATPK tended to be
greater than 0, as shown in Figure 5a,b) and Figure 6a. However, the TsHARP had the maximum and
minimum LST errors of 5.0 K and −5.0 K, respectively, which performed worse than the RFATPK.
Furthermore, the RFATPK showed more detailed information of the downscaled LST and the TsHARP
had a smoothing effect on the downscaled LST, as shown in Figure 4. The high LST extremes of the
RFATPK are closer to the original ASTER LST extremes than that of the TsHARP.

Remote Sens. 2020, 12, x FOR PEER REVIEW 10 of 20 

 

Figure 4 shows the spatial distribution of 90 m downscaled LSTs, and Figure 5a,b presents the 
error distributions of downscaled LSTs for region A with the RFATPK and the TsHARP. Compared 
to the 90 m ASTER LST in Figure 4a, the RFATPK and the TsHARP downscaled LSTs shown in 
Figures 4b,c, both had similar spatial distributions as that of the original ASTER LST. TsHARP 
showed slightly better performance than the RFATPK with an absolute bias of 0.779 K (Figure 3b). 
The LST errors of the TsHARP were concentrated to a value of 0, while the LST errors of the RFATPK 
tended to be greater than 0, as shown in Figures 5a,b) and 6a. However, the TsHARP had the 
maximum and minimum LST errors of 5.0 K and -5.0 K, respectively, which performed worse than 
the RFATPK. Furthermore, the RFATPK showed more detailed information of the downscaled LST 
and the TsHARP had a smoothing effect on the downscaled LST, as shown in Figure 4. The high LST 
extremes of the RFATPK are closer to the original ASTER LST extremes than that of the TsHARP. 

 
Figure 4. Spatial distribution of LSTs in region A. (a) 90 m ASTER LST; (b) 90 m downscaled RFATPK 
LST; (c) 90 m downscaled TsHARP LST; (d) 90 m errors between ASTER and RFATPK LSTs; and (e) 
90 m errors between ASTER and TsHARP LSTs. 

 



Remote Sens. 2020, 12, 1082 10 of 19

Figure 4. Spatial distribution of LSTs in region A. (a) 90 m ASTER LST; (b) 90 m downscaled RFATPK
LST; (c) 90 m downscaled TsHARP LST; (d) 90 m errors between ASTER and RFATPK LSTs; and (e)
90 m errors between ASTER and TsHARP LSTs.Remote Sens. 2020, 12, x FOR PEER REVIEW 11 of 20 
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Figure 6. A box plot of RFATPK and TsHARP LST errors in regions (a) A and (b) B.

The error distributions of the downscaled LSTs from the RFATPK and the TsHARP, and the spatial
distribution of the 90 m downscaled LSTs in region B are shown in Figures 5c,d, 6b, and 7, respectively.
The RFATPK, with lesser absolute bias and RMSE (highlighted in Figure 3c,d), produced smaller LST
errors in the downscaling process than the TsHARP, as shown in Figures 5c,d, and 6b. This indicates
that the RFATPK displays better downscaling performance than the TsHARP. The RFATPK downscaled
LST showed a similar spatial distribution to that of the original ASTER LST, as shown in Figure 7. The
RFATPK captured more details in the downscaled LST image, while spatial details were lost in the
TsHARP resulting in smoother LST extremes. This further led to an underestimation of downscaled
LSTs with high extreme values.
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detailed spatial distribution as compared with the 90 m ASTER LST. This indicates that both the 
RFATPK and the TsHARP captured the details of LST images in the downscaling process. The 
RFATPK captured the complicated nonlinear relationship between the LST and independent 
variables more precisely by introducing multiple-type independent variables, including the 
reflectance of visible and near-infrared and short-wave infrared bands, NDVI, NDBI, MNDWI, 
impervious surface, soil, and vegetation fractions. As a result, the RFATPK produced a more detailed 
10 m LST, and performed better than the TsHARP, as shown in Figures 8 and 9. On the basis of the 
relationship between LST and NDVI, the TsHARP only considers a single independent variable; thus, 
is more inclined to have the potential losses of LST details. Figures 8c and 9c also show a smoothing 
effect on the spatial distribution of 10 m TsHARP LST. This presents that the TsHARP lost the details 
of downscaled LST, especially in the built-up areas of region A. In these areas of region A, the 
RFATPK effectively differentiated the LSTs of buildings, road, water, and vegetation, as shown in 
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Figure 7. Spatial distribution of LSTs in region B. (a) 90 m ASTER LST; (b) 90 m downscaled RFATPK
LST; and (c) 90 m downscaled TsHARP LST.

The 90 m ASTER LST over different land cover types was downscaled to 10 m using the RFATPK
and the TsHARP. The 10 m downscaled LSTs of the RFATPK and the TsHARP in regions A and B are
shown in Figures 8 and 9, respectively. The 10 m downscaled LSTs showed a similar but more detailed
spatial distribution as compared with the 90 m ASTER LST. This indicates that both the RFATPK and
the TsHARP captured the details of LST images in the downscaling process. The RFATPK captured
the complicated nonlinear relationship between the LST and independent variables more precisely by
introducing multiple-type independent variables, including the reflectance of visible and near-infrared
and short-wave infrared bands, NDVI, NDBI, MNDWI, impervious surface, soil, and vegetation
fractions. As a result, the RFATPK produced a more detailed 10 m LST, and performed better than the
TsHARP, as shown in Figures 8 and 9. On the basis of the relationship between LST and NDVI, the
TsHARP only considers a single independent variable; thus, is more inclined to have the potential
losses of LST details. Figures 8c and 9c also show a smoothing effect on the spatial distribution of
10 m TsHARP LST. This presents that the TsHARP lost the details of downscaled LST, especially in
the built-up areas of region A. In these areas of region A, the RFATPK effectively differentiated the
LSTs of buildings, road, water, and vegetation, as shown in Figure 8, while the TsHARP lost the spatial
difference features of building and vegetation LSTs because of smoothing.
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4.2. Variable Importance Analysis

In this study, mean decrease accuracy (%IncMSE) and mean decrease Gini (IncNodePurity) were
used to analyze the importance of the independent variables in regions A and B. The %IncMSE
indicates the increase in the mean squared error (MSE) of prediction, and the IncNodePurity is used to
measure quality of a split for every variable of a tree by means of the Gini index. The importance of
the independent variables reflects their contribution to the regression model. The importance of each
independent variable for regions A and B is highlighted in Figures 10 and 11.Remote Sens. 2020, 12, x FOR PEER REVIEW 14 of 20 
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Figure 10. RF importance ranking of independent variables for region A; imper_frac, veg_frac, and
soil_frac stand for impervious surface, vegetation, and soil fractions, respectively. MNDWI is the
modified normalized difference water index, NDBI is the normalized difference built-up index, and
NDVI is the normalized difference vegetation index.
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5. Discussion  

Figure 11. RF importance ranking of independent variables for region B; imper_frac, veg_frac, and
soil_frac stand for impervious surface, vegetation, and soil fractions, respectively. MNDWI is the
modified normalized difference water index, NDBI is the normalized difference built-up index, and
NDVI is the normalized difference vegetation index.

The contributions of spectral reflectance, especially from SWIR2, blue, SWIR1, and red bands,
were the highest in region A, as shown in Figure 10. Furthermore, impervious surface fraction
had the highest importance because of its greater contribution to the downscaled ASTER LST than
vegetation and soil fraction, while soil fraction was the least important. This implies that, other than
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spectral reflectance, impervious surface fraction and soil fraction were the most and least significant
variables, respectively, when downscaling ASTER LST in the built-up-dominated region A. In fact,
this is appropriate because region A was mainly covered by impervious surfaces, with very few soil
regions. Furthermore, there is a significant correlation between LST and impervious surfaces in the
built-up-dominated urban environment. Therefore, the soil fraction variable can be discarded in the
downscaling process of ASTER LST in region A.

In Figure 11, the importance of independent variables in region B was significantly different
because of the forest areas. Figure 11 also shows the importance of each independent variable in region
B. In general, blue reflectance, soil fraction, red reflectance, green reflectance, NDVI, and vegetation
fraction are six of the most important variables, with their importance scores (IncMSE) greater than
one. This indicates that these variables were the most significant when downscaling ASTER LST in
region B. In addition to spectral reflectance, soil fraction, NDVI, and vegetation fraction were the
most important contributors to LST in the forest-dominated region B. Furthermore, because the region
was primarily covered by vegetation and soil, contributions from the building variables were low,
especially from NDBI and impervious surface fraction, as shown in Figure 11. In the future, the
relevant variables associated with vegetation and soil should be selected to downscale the LST in the
corresponding regions.

5. Discussion

To explore the downscaling performance of the RFATPK and the TsHARP, the 10 m downscaled
LSTs in regions A and B with different land cover patterns were further analyzed with Google Maps,
as shown in Figures 12 and 13.

The LST over building roofs was higher than that of the roads, as shown in Figure 12a,b, because
portions of the roads were covered by plants. The LST in the green belts surrounding the buildings was
significantly lower than that of roads. These results show that different land cover types cause different
heating and cooling effects. Land areas, blanketed with impervious surfaces such as buildings and
roads, are the main contributors to urban heat islands, while vegetation has a good effect of lowering
the LST. Figure 12b also shows that the land areas covered by building shadows in subregion A1 have
a low LST because of the cooling effect from these shadows. However, the TsHARP did not capture
these details because of its smoothing effect, as shown in Figure 12c.

In subregion A2, as shown in Figure 12g,h, the RFATPK effectively retrieved the LSTs for the
regions of buildings, water bodies, and roads. The low-density building regions had low overall LSTs
than the high-density building regions, as shown in Figure 12b,g, probably because of the vegetation
fraction and the spatial distribution of impervious surfaces. The LSTs of water bodies were lower
than those of buildings and roads. Furthermore, the RFATPK differentiated between the LSTs of the
bridges over rivers and the water bodies, where the LST of bridges was significantly higher than that
of water bodies. However, these LSTs retrieved by the TsHARP were closer to that of water bodies.
Because it was improbable that bridges, which are mainly composed of concrete impervious surfaces,
had a positive effect on LST, and the water bodies generally have a good effect of cooling down the
temperature, it was determined that the TsHARP overestimated the LST of water bodies.
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Figure 12. Downscaled LSTs of the RFATPK and the TsHARP for region A. (a,f) High-spatial resolution
images from Google map; (b,c) 10 m RFATPK and TsHARP downscaled LSTs for subregion A1; (d,e) 10
m RFATPK and TsHARP downscaled LSTs for region A; (g,h) 10 m RFATPK and TsHARP downscaled
LSTs for subregion A2.

The spatial distributions of the 10 m downscaled LST from the TsHARP and the RFATPK were
similar in the road and forest regions, while they were obviously different over water bodies, as
shown in Figure 13c,h. The TsHARP captured a higher LST for the water bodies than the RFATPK,
whose value was closer to that of roads and soils (Figure 13h). The overestimation of the LST of water
bodies by the TsHARP was attributed to its NDVI-based function. The TsHARP can be represented
mathematically [17] using the equation LST = A + B × (1− NDVI)0.625. In general, an NDVI value
of less than 0 indicates a water pixel, and these pixels have a larger value for (1− NDVI)0.625. This
results in the overestimation of LST for the water pixels with the same values of the coefficients A and
B in a whole image. These experimental results show that the application of the TsHARP is limited
while downscaling the LST for land areas blanketed with water bodies.
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Figure 13. Downscaled LSTs of the RFATPK and the TsHARP for region B. (a,f) High-spatial resolution
images from Google map; (b,c) 10 m RFATPK and TsHARP downscaled LSTs for subregion B1; (d,e)
10 m RFATPK and TsHARP downscaled LSTs for region B; (g,h) 10 m RFATPK and TsHARP downscaled
LSTs for subregion B2.

Overall, the RFATPK was more practical in downscaling the 90 m ASTER LST to 10 m LST by
incorporating spectral reflectance of Sentinel-2A image, spectral indices, and fractions of impervious
surface, soil, and vegetation. Furthermore, the RFATPK considered the nonlinear relationship between
LSTs and independent variables and the scale effect of the regression residual LST on the downscaling
process of ASTER LST. However, large errors were found in the downscaled LSTs, especially at
the LST pixel extremes. This could be because RF, which in essence is a non-spatial method for
spatial trend prediction, ignores the spatial locations and patterns of samples. This could potentially
lead to overestimating or underestimating the LST spatial trend during the downscaling process. A
more reasonable geostatistical theory-based ML method could be applied for downscaling the LST
from different remote sensing data by considering the geographical proximity and spatial relations
between the LST pixels [51]. Furthermore, in the future, additional parameters could be used to
precisely downscale the LSTs by completely defining the nonlinear relationship between LST and these
parameters, including high-resolution building density, building height, DEM, albedo, sky views, and
different spectral indices such as BSI, DVI, SAVI, and IBI [28].

6. Conclusions

In this study, an ML-based geostatistical downscaling method (RFATPK) was proposed, which
integrates the advantages of both RF and ATPK methods. Then, this method was applied to downscale
90 m ASTER LST data to 10 m in two typical regions in Guangzhou, China. The spectrum reflectance
of different bands, NDVI, NDBI, MNDWI, impervious surface, and vegetation fractions derived from
Sentinel-2A imagery dated 1 November 2017 were used as the independent variables in this method.
The downscaled results were, then, compared with the NDVI-based thermal sharpening method
(TsHARP). The major conclusions are as follows:
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The RFATPK which considered multi-type independent variables, was better than the TsHARP
which considered only a single variable. On the basis of the statistical relationship between LST and
NDVI, the TsHARP assumes that LST is mainly influenced by vegetation. Furthermore, the TsHARP
does not account for the correlation between LST and impervious surfaces and water bodies. This
could result in large errors in the LST of complex urban regions, especially in the regions containing
water bodies. By considering multi-type independent variables, the RFATPK captured LST difference
over different land cover types and produced the spatial details of high-resolution downscaled LST in
heterogeneous urban regions.

Although the RFATPK can produce precise 10 m LST with more spatial details by downscaling
the 90 m ASTER LST, its validity could be further tested by downscaling the LST from different remote
sensing data. Furthermore, there remains a large error in the downscaled LSTs, especially at the LST
extremes. In the downscaling process, the RFATPK does not consider the spatial autocorrelation and
spatial locations of LST image, which tends to underestimate the high LST values and overestimate
the low LST values. In future studies, other factors, for example, high-resolution building height,
albedo, and sky views related to urban LST could be investigated in the downscaling process. The
results can potentially contribute to improving our understanding of heat exchange processes in urban
environments and has wide contributions in meteorological, hydrological, and ecological research [52].
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