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A Fast and Easy Way to Produce a 1-Km
All-Weather Land Surface Temperature Dataset for

China Utilizing More Ground-Based Data
Yanru Yu , Shibo Fang, Wen Zhuo, and Jiahao Han

Abstract— Land surface temperature (Ts) is one of the
important parameters of the Earth’s surface, but the temporal
and spatial incompleteness of Ts data has severely limited its
application in many important fields, such as climate change,
extreme weather, numerical weather prediction, and agro-
meteorological disasters. The MODIS daily Ts data are relatively
high temporal and spatial resolution data, but they also have a
large amount of missing data due to the influence of clouds or
other atmospheric conditions. Gap filling is currently the only
means of obtaining complete high spatial and temporal resolution
remote sensing Ts data. However, the current gap filling results
either fail to guarantee the filling accuracy due to the difficulty
of obtaining ground observation data or fail to generalize the gap
filling method over a large area due to its inefficiency. In this
study, we first obtained the daily mean Ts (dmTs) data under
MODIS clear-sky condition using multiple linear regression based
on Ts data from nearly 2400 meteorological observation stations
and then proposed a new method to fill Ts in the cloudy-sky
condition. The validation with in situ data showed that the
precision of filled Ts in clear-sky condition indicates that its
root-mean-square error (RMSE) is between 1.52–2.36 K, and in
cloud-sky condition, its RMSE is 2.73 K. It is confirmed that the
method has the advantages of efficiency, simplicity, and accuracy
and is the most suitable method for filling Ts data at national and
continental levels. The all-weather 1-km dmTs data reconstructed
in this study are of great value on urban heat island intensity
studying, air temperature generating, drought monitoring, and
other associated applications.

Index Terms— Gap filling, land surface temperature, recon-
struction, remote sensing.

I. INTRODUCTION

LAND surface temperature (Ts) is a critical variable
in various research fields, such as urban heat island,

extreme weather, drought monitoring, and climate change [1],
[2], [3], [4], [5]. Currently, accurate Ts data are primarily
obtained from real-time observations at a limited number of
meteorological stations. However, these stations are widely
distributed spatially, leading to the increasing popularity of
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using satellite remote sensing data. Despite some limitations,
such as cloud contamination or other atmospheric conditions,
this can result in missing Ts data [6], [7], [8], [9].

The production of Ts data from satellites can be divided
into two categories. One category includes Ts data with very
high temporal resolution (1 h or finer) but coarse spatial
resolution (2)–5 km), obtained from geostationary satellites
such as Geostationary Operational Environmental Satellite
(GOES) [10], the Spinning Enhanced Visible and Infrared
Imager onboard Meteosat Second Generation (MSG-SEVIRI).
[11], and Himawari-8 Advanced Himawari Imager (AHI) [12],
[13]. The other category consists of Ts data with high-to-
moderate spatial resolution (100 m–1 km) but a relatively
long revisiting period (1)–16 days), obtained from polar-
orbiting satellites, such as Landsat and Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER) [14],
[15], Advanced Very High-Resolution Radiometer (AVHRR)
[16], and Moderate Resolution Imaging Spectroradiometer
(MODIS) [17], [18].

The incompleteness and low spatial resolution of the data
are the two most critical issues limiting the application of
Ts data. Gap filling of polar-orbiting satellite data with high
spatial resolution is the mainstream way to solve the above
problems. The filling methods can be categorized into two
types. One type is to fill the Ts in clear sky [19], [20], [21],
mostly done by interpolation, which can be categorized into
temporal interpolation, spatial interpolation, and hybrid tempo-
ral and spatial interpolation. Most of the temporal interpolation
methods are based on periodic variations of Ts, e.g., diurnal
temperature cycle (DTC) model [22], annual temperature cycle
(ATC) model [23], [24], [25], harmonic analysis of time
series (HANTS) [26], Savitzky–Golay (S–G) filtering [27],
[28], and Fourier transforms [29]. As for spatial interpolation
methods, most of them are geostatistical interpolation based
on existing valid data, including inverse distance weighted
interpolation [30], [31], kriging interpolation [32], [33], spline
interpolation [34], geographically weighted regression [20],
and their variants. Hybrid methods mostly combine temporal
and spatial interpolation methods [35], [36]. Various methods
have obtained complete monthly Ts, eight-day Ts, and even
daily Ts with the valid clear-sky data, but the reconstructed
results tend to be higher than the real Ts value and may not
accurately reflect the true state of the land surface. This is
because the presence of clouds reduces the solar radiation
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TABLE I
DATA USED IN THIS STUDY

received by the ground, making the actual Ts lower than that
of the clear-sky condition.

The other category is to fill the Ts for cloudy sky [37],
[38], [39], which is mostly done by fusing other data, like
with passive microwave remote sensing Ts data [40], [41],
[42], geosynchronous geostationary satellite data [38], surface
energy balance [37], [43], [44], and reanalysis data [45]. The
methods of filling Ts data under cloudy-sky conditions can
be categorized into three groups. The first involves directly
filling the missing regions with other Ts data, such as passive
microwave Ts data [46] or reanalysis data. However, this
approach may reduce the accuracy of the final filled Ts
due to differences in data resolution. The second category
involves combining other auxiliary variables, such as elevation
data, vegetation indices, radiation data, and air temperature
data, to fill Ts by constructing relational models. Model
construction methods include linear regression [41], [47],
machine learning [48], [49], [50], and deep learning. The
third category involves filling Ts using land surface energy
equations [51]. The process of reconstructing cloud-sky Ts
is generally complex. In addition to differences in spatial
and temporal resolution between different data sources, the
uncertainties of the auxiliary variables themselves will also
affect the results. Moreover, a higher computational power is
required due to the inclusion of more auxiliary data.

Ground-truth Ts data are the standard for measuring the
accuracy of filled Ts data. Due to the limited number of
stations, researchers typically use it for validation purposes and
rarely incorporate it into the reconstructed results. However,
by including a sufficient quantity of ground-truth data with
good quality assurance, the accuracy of reconstructed Ts
can be significantly improved. Therefore, in this study, high-
quality ground-truth Ts data from 2388 stations out of nearly
10 000 observation sites in China were carefully selected after
quality control to contribute to the reconstruction of daily
mean Ts (dmTs) data.

Overall, the main objective of this study is to achieve
the simple and rapid acquisition of high-precision all-weather
high temporal and spatial resolution dmTs data. Initially,
a multiple linear regression method was utilized to establish
the relationship between instantaneous Ts and dmTs from
ground observation in order to obtain the satellite dmTs data

in the clear-sky region. Subsequently, the proposed method
was compared with two other methods for filling cloudy-sky
Ts. Finally, the filled results were validated and the dynamics
of the dmTs in China within the period of 2011–2020 were
analyzed.

II. DATA

The data used in this work are listed in Table I. The
MOD11A1 and MYD11A1 daily Ts products are the base
data for estimating dmTs in this study. The MODIS sensor is
mounted on the Terra and Aqua satellites, which provide four
observations of the Earth per day, at local times of 1:30, 10:30,
13:30, and 22:30. The MOD11A1 and MYD11A1 products
provide 1-km daily Ts and emissivity data with the gener-
alized split-window algorithm [52]. The daily Ts products
from 2011 to 2020 were used in the present study for the
all-weather dmTs reconstruction, which can be downloaded
from the National Aerodynamics and Space Administration
(NASA) website (https://search.earthdata.nasa.gov).

The ground-based dmTs and hourly Ts were obtained
from the China Meteorological Information Center (CMIC),
which were used as important auxiliary and reference data
for the reconstruction of all-weather MODIS dmTs. Fig. 1
displays the geographical location of the 2388 meteorological
observation stations.

The ERA5-land dmTs datasets were also used in this
study for cloudy-sky Ts data filling. The ERA5-land data
are the global dataset produced by the European Centre
for Medium-Range Weather Forecasts (ECMWF) through the
enhancement of the land component of the fifth generation of
the European Reanalysis (ERA5), referred to as ERA5-land.
Differences between ERA5-land Ts data and MODIS Ts data
were evaluated to be minimal [53], so we selected ERA5-land
Ts data to fill in the missing parts of the MODIS Ts data.
The nearest neighbor resampling method was used to unify
the resolution of ERA5 Ts data to the same as the MODIS Ts
data.

III. METHODOLOGY

The reconstruction of all-weather dmTs is categorized into
clear-sky and cloudy-sky conditions. We define the clear-sky
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Fig. 1. Spatial distribution map of meteorological stations, with pink dots representing the stations used for modeling and green pentagrams representing
the stations used for validation. The background image shows the surface elevation.

Fig. 2. Summary flowchart for reconstructing MODIS all-weather dmTs data.

condition as having at least one valid daytime Ts and one
valid nighttime Ts in the four instantaneous daily Ts data
from MODIS and vice versa for the cloudy-sky condition.
Generally, the MODIS dmTs was obtained by averaging

all the clear-sky instantaneous Ts or the maximum and
minimum values in a day. However, since MODIS has only
four observations per day, the averaging of the instantaneous
values is not sufficient to represent the daily mean state [54].
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Fig. 3. Framework for reconstruction of clear-sky Ts. Tsd1, Tsd2, Tsn1, and
Tsn2 are the values of in situ Ts at the four MODIS observation time of Terra
daytime, Aqua daytime, Terra nighttime, and Aqua nighttime, respectively.

Thus, for the clear-sky condition, multiple linear regression
(MLR) method was applied instead of averaging to estimate
the more accurate dmTs. While the reconstruction of dmTs
under cloudy-sky conditions was a concern, we compared the
proposed method with two other methods to achieve higher
accuracy in obtaining the dmTs data. The overall study scheme
is illustrated in Fig. 2, and a detailed description of the
reconstruction method for clear-sky and cloudy-sky dmTs is
provided as follows.

A. Reconstruction of Clear-Sky Ts

The main idea of this section is to obtain MODIS
dmTs data by the quantitative relationship between ground
observed instantaneous and dmTs. Xing et al. [47] believe
that there is the same quantitative relationship between the
instantaneous Ts and the dmTs at the same moments from
both in situ and satellite observations and verified the idea
in the global scale with 0.05◦ spatial resolution. Therefore,
we migrated this idea to the Chinese regional 1-km data for the
reconstruction of MODIS all-weather dmTs data. The clear-
sky dmTs reconstruction mainly consists of two parts: in situ
Ts relationship construction and satellite dmTs estimation with
the in situ Ts relationship coefficients. The flow is shown
in Fig. 3.

To construct an accurate quantitative relationship between
instantaneous and dmTs applicable to satellites, obtaining
in situ observational data at the moment of satellite observation
is the first step. However, the acquisition time of the

ground measurement Ts does not exactly match the satellite
observation time, so the ground observation Ts at the satellite
observation times is first obtained by linear interpolation based
on the assumption that the Ts varies in a linear manner
within a short period of time. Next, multiple linear regression
methods were used to obtain the coefficients between the
in situ instantaneous Ts and the dmTs. Since the satellite
provides observation data at four moments per day, there can
be nine combinations under the principle of guaranteeing at
least one valid daytime Ts and one valid nighttime Ts. In situ
Ts from 1910 sites (80% of the total number of sites) for
the period 2011–2020 were used for coefficient determination.
The combination of regression models used in this study is as
follows.

Combination With 2 Valid Ts:

dmTs = k1 × T sd1
+ k2 × T sn1

+ ε

dmTs = k1 × T sd1
+ k2 × T sn2

+ ε

dmTs = k1 × T sd2
+ k2 × T sn1

+ ε

dmTs = k1 × T sd2
+ k2 × T sn2

+ ε. (1)

Combination With 3 Valid Ts:

dmTs = k1 × T sd1
+ k2 × T sd2

+ k3 × T sn1
+ ε

dmTs = k1 × T sd1
+ k2 × T sd2

+ k3 × T sn2
+ ε

dmTs = k1 × T sd1
+ k2 × T sn1

+ k3 × T sn2
+ ε

dmTs = k1 × T sd2
+ k2 × T sn1

+ k3 × T sn2
+ ε. (2)

Combination With 4 Valid Ts:

dmTs=k1 × T sd1
+k2 × T sd2

+ k3 × T sn1
+ k4 × T sn2

+ ε.

(3)

For (1)–(3), the dmTs is the in situ daily mean land
surface temperature and ki and ε are the model coefficients.
d1, d2, n1, and n2 represent MODIS observation times for
Terra daytime, Aqua daytime, Terra nighttime, and Aqua
nighttime, respectively.

The estimation of MODIS dmTs is based on the
fitting coefficients of (1)–(3) corresponding to different
combinations after screening MODIS daytime and nighttime
valid observations.

B. Reconstruction of Cloudy-Sky Ts

In order to improve the data reconstruction accuracy,
MODIS Ts grid data with invalid values matched with
1910 meteorological stations were filled with in situ Ts data at
the same time. For the invalid pixels without meteorological
stations, the study proposes a temperature difference (TD)
correction method to fill them and compares it with two
other cloudy-sky filling methods (linear correction method
and elevation temperature gradient regression method). The
methods are described in detail as follows.

1) Temperature Difference Correction Method (TDCM):
The TDCM method reconstructs dmTs data under cloudy-sky
by correcting ERA5-land dmTs with MODIS clear-sky dmTs
and in situ dmTs. The corrected way is based on the difference
between ERA5-land dmTs and the merged dmTs by MODIS
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Fig. 4. Flowchart of the TDCM method.

and in situ. We consider the TD between merged dmTs and
ERA5-land dmTs to be similar among neighboring pixels at
the same time. The TDCM is divided into four steps, as shown
in Fig. 4.

Step 1: Merge MODIS dmTs and in situ dmTs from
1910 meteorological observation stations.

Step 2: Calculate the TD between the merged dmTs and
ERA5-land dmTs.

Step 3: In order to obtain a larger number and a more
uniform distribution of interpolation points, the TD was
divided into a 100 × 100 grid and the mean value of the valid
data within each grid was calculated as the interpolation point,
followed by IDW interpolation to obtain the pixel-by-pixel TD
data.

Step 4: Calculate the sum of ERA5-land dmTs and
interpolated TD to obtain the filled dmTs data.

2) Linear Correction Method (LCM): The basic idea of
the LCM is to correct the ERA5-land dmTs data based
on the dmTs data from meteorological observation stations.
First, the dmTs data of 1910 meteorological observation
stations from 2011 to 2020 are used to perform a linear
regression with the dmTs data of ERA5-land at the same
locations and times to obtain the regression coefficients. Then,
the regression coefficients are interpolated to the grid data
by using the inverse distance weighting (IDW) method [55].
Finally, the grid correction coefficients are used to correct the
ERA5-land dmTs data. The flow is shown in Fig. 5.

The linear correction equation is expressed as

CdmTs = A × dmTsERA5
+ B (4)

Fig. 5. Flowchart of LCM method.

where CdmTs is the dmTs reconstructed by linear correction
method. The coefficients A and B are the slope and intercept
of the linear regression, respectively.

3) Elevation Temperature Gradient Regression Method
(ETGRM): A close relationship exists between Ts and surface
elevation, so it is feasible to utilize the gradient change
characteristics between surface elevation and Ts to reconstruct
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Fig. 6. Flowchart of ETGRM reconstruction of cloudy-sky Ts.

seamless Ts data. To improve the filling accuracy of invalid
pixels, the ETGRM was implemented within a selected
window size in this study. Window sizes of 20 × 20 pixels,
50 × 50 pixels, 80 × 80 pixels, 100 × 100 pixels,
150 × 150 pixels, and 200 × 200 pixels were performed for
the experiments, and it was found that the error is minimized
and enough to reflect the spatial heterogeneity of the land
surface temperature when the size of the sliding window is
50 × 50 pixels.

Specifically, the ETGRM process consists of four steps
(see Fig. 6). First, a linear regression relationship between
DEM and dmLST is established within a sliding window
size. Second, the Ts values of the fit points were obtained
based on the ETGRM fitting coefficients. Third, Ts values
for 1910 weather station locations were added to increase
the total number and the uniformity of the spatial distri-
bution of interpolated points. Finally, IDW interpolation is
performed.

C. Accuracy Verification of Reconstruction

To validate the accuracy of the Ts reconstruction method
used in this study, we divided the 2388 ground observations
into two groups. The first group (1910 sites) is 80% of
sites from 2011 to 2020, which is used to reconstruct
the clear-sky and cloudy-sky conditions dmTs. The second
group (478 sites) is 20% of sites from 2011 to 2020,
which is used to validate the accuracy of reconstruction
results. The validation sites are evenly distributed across
different surface elevation ranges and are able to represent the
status of different land cover types within different climate
zones (see Fig. 1). The root-mean-square error (RMSE) and

coefficient of determination (R2) are used as measures of
accuracy.

D. Trend Analysis of dmTs Time Series

In this study, we analyzed the trends of the in situ Ts and
filled dmTs with Mann–Kendall test and Theil–Sen slope.
The Mann–Kendall test is a nonparametric test suitable for
detecting the warming/cooling trends of Ts time series and
quantifying the significance level of Ts time series [56], [57].
The Theil–Sen slope is equipped with the ability to reduce the
effect of outliers in the Ts time series [58], [59]. We conducted
the Mann–Kendall test for both in situ and filled dmTs data
and compared their Theil–Sen slopes in describing Chinese
dmTs trends.

IV. RESULTS

A. Reconstruction of Clear-Sky dmTs

Fig. 7 shows the scatter plots for daily mean in situ
observations Ts against the dmTs estimated by (1)–(3) of
the multiple linear regression method. Table II displays the
coefficients and the accuracy indicators of the regression.
The result shows that the dmTs obtained from the multiple
linear regression is very close to the dmTs measured at
the meteorological observation stations, with R2 ranges from
0.97 to 0.99 and the RMSE ranges from 1.47 to 2.24 K.
In general, the more valid observations, the higher the Ts
accuracy of the fit. This is confirmed by our results, in which
the average RMSE is 1.87 K for the combination of two
valid observations, 1.65 K for the combination of three valid
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Fig. 7. Scatter plots of daily mean in situ Ts versus daily mean Ts estimated with multiple linear regression using (1)–(3) at 1910 meteorological stations
from 2011 to 2020. The gray diagonal lines are 1:1 lines. (a)–(i) dmTs estimated with the combinations of Tsd1_Tsn1, Tsd1_Tsn2, Tsd2_Tsn1, Tsd2_Tsn2,
Tsd1_Tsd2_Tsn1, Tsd1_Tsd2_Tsn2, Tsd1_Tsn1_Tsn2, Tsd2_Tsn1_Tsn2, and Tsd1_Tsd2_Tsn1_Tsn2 versus in situ dmTs.

observations, and 1.47 K for the combination of four valid
observations.

As can be seen from Fig. 7 and Table II, the combination
Tsd1_Tsn2 (Terra daytime and Aqua nighttime) has the lowest
fitting accuracy relative to the other eight combinations, with
an R2 of 0.97 and an RMSE of 2.24 K. The reason for this
may be due to the fact that the time interval between the
two observation times is relatively short, about 9 h and is
not sufficiently representing the average temperature for the
whole day.

B. Reconstruction of Cloudy-Sky dmTs

Although the MODIS dmTs estimation method described
above improves the amount of valid data and accuracy to
a large extent, there is still a large amount of missing data
because the thermal infrared sensors are heavily obscured by
clouds. Fig. 8 illustrates the amount of data after MODIS clear-
sky dmTs reconstructed for each year. As shown, the multiyear
average coverage of dmTs is 49%. The highest coverage was in
2014 at about 56% and the lowest was in 2012 at only 45.6%.
In conclusion, cloudy-sky dmTs reconstruction is essential as
a large amount of data remains missing.

Fig. 8. Proportion of MODIS dmTs pixels for each year 2011–2020.

1) Reconstruction of Cloudy-Sky dmTs With TDCM: In
order to improve the accuracy of the dmTs filling, the
TDCM process has joined the in situ data, i.e., the value
of dmTs corresponding to the meteorological station location
is replaced by the in situ data. As a result, the dmTs data
corrected by TDCM have values at 1910 site locations that
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TABLE II
REGRESSION COEFFICIENTS BETWEEN THE NINE COMBINATION INSTANTANEOUS TS AND DAILY MEAN TS

Fig. 9. Scatterplot of dmTs estimated by TDCM versus in situ Ts at
1910 meteorological stations from 2011 to 2020. The gray diagonal lines
are 1:1 lines.

agree well with the in situ data, in which R2 is 1.00 and
RMSE is 0.52 K. As shown in Fig. 9, the accuracy of the
TDCM reconstructed cloud-sky dmTs is poorer in the high-
temperature region (>300 K) compared to the low-temperature
region (<300 K). The reason is that more rainy and cloudy
weather in the high-temperature region of southern China, and
the serious lack of MODIS Ts data affects the amount of TD
data between MODIS and ERA5, which in turn influences the
accuracy of the results.

It is also evident from the comparison plots of the selected
sample sites in Fig. 10 that the TDCM corrected ERA5
dmTs is in agreement with the dmTs of the meteorological
observation stations. Anomalies occur only at very few
moments, which are generated during the interpolation process
of producing TD data from point to grid. Also, the bias is
negligible for the data at the test station locations.

2) Reconstruction of Cloudy-Sky dmTs With LCM: Fig. 11
shows a scatter plot of ERA5-land Ts data before and
after corrected by the dmTs data from 2011 to 2020 of
1910 meteorological stations with the regression of LCM
against the in situ Ts of meteorological stations. The accuracy
of the correction to ERA5-land Ts from meteorological station
data is plausible, with an R2 of 0.95 and an RMSE of 2.70 K.

Fig. 10. In situ dmTs, ERA5 dmTs, and corrected ERA5 dmTs by TDCM
from 2011 to 2020 of the four randomly selected sites. (a) 50137, (b) 55680,
(c) 56004, and (d) 59090.

Compared to the original ERA5-land Ts, the R2 improves by
0.11, and the RMSE is reduced by 2.23 K.

Authorized licensed use limited to: McMaster University. Downloaded on March 21,2024 at 14:56:49 UTC from IEEE Xplore.  Restrictions apply. 



YU et al.: FAST AND EASY WAY TO PRODUCE A 1-km ALL-WEATHER LAND SURFACE TEMPERATURE DATASET 5002016

Fig. 11. Scatterplot of ERA5-land dmTs versus in situ Ts before (a) and after
(b) corrected by LCM at 1910 meteorological stations from 2011 to 2020. The
gray diagonal lines are 1:1 lines.

In terms of time series, as shown in Fig. 12, the in situ
dmTs, ERA5-land dmTs, and corrected ERA5-land dmTs
from 2011 to 2020 of the four randomly selected sites are
shown. It can be seen that the ERA5-land dmTs is overall
lower than the in situ Ts by about 0–20 K, while the LCM
corrected ERA5 dmTs data significantly narrow the gap with
the in situ observations, all within 4 K.

3) Reconstruction of Cloudy-Sky dmTs With ETGRM: The
ETGRM cloudy-sky dmTs reconstruction method utilizes the
available clear-sky MODIS dmTs and in situ dmTs data within
the sliding window to build a quantitative relationship with
surface elevation for the reconstruction of the missing dmTs
data within the sliding window. Fig. 13 shows the scatter
diagrams relating meteorological station data and the data
estimated with ETGRM from 2011 to 2020. It can be seen
that the deviation of some points leads to a more discrete
distribution, but the values of R2 and RMSE are satisfied with
0.99 and 1.47 K, respectively.

The ETGRM dmTs at the selected four sites is shown in
Fig. 14. It can be seen that the ETGRM dmTs of each site
is highly compatible with the in situ Ts data. It is because
within each sliding window, the data from the station dominate
the fitting process due to its continuity in time and sufficient
amount of data so that the reconstructed data are more similar
to the observatory data at the site location.

Fig. 12. In situ dmTs, ERA5 dmTs, and corrected ERA5 dmTs by LCM
from 2011 to 2020 of the four randomly selected sites. (a) 50137, (b) 55680,
(c) 56004, and (d) 59090.

C. Validation of dmTs

The in situ measurements of 478 sites (20% of 2388 sites)
were used to validate the result of dmTs reconstruction.
Fig. 15(a)–(i) shows the density scatter plots of the daily
mean in situ Ts versus the MODIS dmTs estimated by the
multiple linear regression method with (1)–(3) at 478 sites
from 2011 to 2020. The performance of the validation results
was similar to that of the experimental sites, where the multiple
linear regression with four valid data had the highest accuracy,
with an RMSE of 1.52 K, with two valid data having the lowest
accuracy, and with an RMSE in the range of 1.75–2.36 K,
and the regression with three valid data had a relatively high
accuracy, with an RMSE in the range of 1.53–1.84 K.

The validation results of cloudy-sky Ts reconstructed by
TDCM, LCM, and ETGRM methods were displayed in
Fig. 16. The comparison of the estimated dmTs with the
ground-measured Ts from 2011 to 2020 at the 478 validation
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TABLE III
TIME CONSUMPTION OF THE METHODS USED IN THIS STUDY

Fig. 13. Scatterplot of dmTs estimated by ETGRM versus in situ Ts at
1910 meteorological stations from 2011 to 2020. The gray diagonal lines are
1:1 lines.

sites shows that the TDCM estimated dmTs has the highest
accuracy, with an R2 of 0.94 and an RMSE of 2.73 K, and
the LCM estimated results are second only to the TDCM,
with an R2 of 0.93 and an RMSE of 3.01 K. The Ts obtained
from the ETGRM estimate at the validation sites performed
relatively poorly with an R2 of 0.87 and an RMSE of 4.69 K.
However, ETGRM fits well at 1910 sites, probably due to the
high number of missing MODIS dmTs data, especially in the
southern region of China, where the only Ts data involved
in the fitting within the sliding window are the in situ data,
resulting in a high degree of agreement between the fitting
results and the in situ Ts.

Fig. 17 illustrates the histograms of R2 and RMSE for
estimating cloud-sky dmTs at 478 validation sites using
TDCM, LCM, and ETGRM. For LCM, validated against the
measured dmTs data, 73.8% of them have R2 greater than
0.9 and 13.4% of them have RMSE less than 2 K. Although
the dmTs reconstructed by ETGRM can reach an overall R2 of
0.87, the sites with R2 greater than 0.9 account for only 1.35%
of the validation sites and only 7.1% of them have RMSE less
than 2 K, while for the dmTs constructed using TDCM, 78.5%
of the sites have R2 greater than 0.9 out of 478 sites, and
56.7% of the sites have RMSE values smaller than 2 K. The
validation results show that the cloudy-sky dmTs data obtained
with TDCM are in high agreement with the in situ dmTs, and
the errors are more satisfying to the application requirements.
Therefore, TDCM is finally adopted in this study to populate
the MODIS dmTs under cloud sky from 2011 to 2020.

Fig. 14. In situ daily mean Ts and daily mean Ts estimated by ETGRM
from 2011 to 2020 of the four randomly selected sites. (a) 50137, (b) 55680,
(c) 56004, and (d) 59090.

D. Time Efficiency

Time efficiency is one of the issues that must be considered
when conducting research on a large regional or even global
scale. In this study, the limited computational resources are
fully taken into account, and methods that are time-consuming
and require a lot of computational power are discarded in
the process of all-weather dmTs reconstruction, such as deep
learning that requires GPUs or energy balancing methods that
require multiple auxiliary variables.

Table III summarizes the device used in this study and the
runtime of each method. Without considering the time spent on
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Fig. 15. Scatter plots of daily mean in situ Ts versus daily mean Ts estimated with multiple linear regression using (1)–(3) at 478 meteorological stations
from 2011 to 2020. The gray diagonal lines are 1:1 lines. (a)–(i) dmTs estimated with the combinations of Tsd1_Tsn1, Tsd1_Tsn2, Tsd2_Tsn1, Tsd2_Tsn2,
Tsd1_Tsd2_Tsn1, Tsd1_Tsd2_Tsn2, Tsd1_Tsn1_Tsn2, Tsd2_Tsn1_Tsn2, and Tsd1_Tsd2_Tsn1_Tsn2 versus in situ dmTs.

Fig. 16. Scatter plots of daily mean in situ Ts versus daily mean Ts reconstructed by (a) TDCM, (b) LCM, and (c) ETGRM methods at 478 sites
from 2011 to 2020. The gray diagonal lines are 1:1 lines.

data preparation, the MLR + TDCM method used in this study
takes less than 2 min to reconstruct one-day 1-km all-weather
dmTs data for China region with the ordinary computational
equipment. This proves the applicability of our method for
reconstructing high-resolution temperatures on a large scale.

E. Spatio-Temporal Variation of Filled dmTs

Fig. 18 characterizes the spatial distribution and temporal
variation of the reconstructed Ts from 2011 to 2020. Fig. 18(a)

shows the mean value of the multiyear average dmTs, which
varies between 255 and 304 K, with a mean value of 284.8 K.
Spatially, dmTs shows a latitudinal gradient characteristic, i.e.,
higher dmTs values at low latitudes and lower dmTs values at
high latitudes. On the other hand, it is not difficult to find that
the spatial distribution of dmTs is also affected by the surface
elevation, which is manifested by the fact that the average
dmTs in the Tibetan Plateau region is significantly lower than
that in other regions. Fig. 18(c) shows the dynamic change of
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Fig. 17. Histograms of the R2 and RMSE of the 478 validation sites to estimate the dmTs under cloudy-sky condition via (a) and (d) LCM, (b) and
(e) TDCM, and (c) and (f) ETGRM.

Fig. 18. Spatio-temporal variation of filled dmTs: (a) multiyear mean dmTs, (b) interannual change trend of dmTs, (c) annual mean dmTs, and (d) significant
change trend.

the mean Ts of each year. As shown in the figure, the annual
mean dmTs shows a fast warming trend from 2012 to 2014 and
then fluctuates and decreases after that. However, the overall
trend is still warming over the ten-year period.

Fig. 18(b) shows the trend of reconstructed dmTs during
2011–2020. In general, the change slope of dmTs varies from
−0.5 to 0.5 K/year from 2011 to 2020, with an average change
slope of 0.02 K/year. The share of warming regions is 59.06%,
which is much larger than the share of cooling regions, which
is 40.92%. Of these, 12.40% passed the significance level
(p < 0.05), with 11.49% significantly warming and 0.91%

significantly cooling. The average slope of the significantly
changed areas is 0.12 K/year. The significant warming slope is
0.15 K/year and the significant cooling slope is −0.27 K/year.
The spatial distribution of the significant change areas is shown
in Fig. 18(d).

V. DISCUSSION

A. Reconstruction of dmTs

The estimation of MODIS clear-sky dmTs by the multiple
linear regression method is to obtain the relationship between
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satellite instantaneous Ts and daily average Ts by constructing
the relationship between the in situ instantaneous Ts data and
daily average Ts, thus obtaining the MODIS dmTs with more
data that are closer to the in situ data from the ground stations.
It has been shown that the accuracy of dmTs reconstructed by
multiple linear regression is higher than that of dmTs obtained
by averaging the instantaneous Ts [47].

The reconstruction of the cloudy-sky data combines
1910 ground-based observations, and the reconstruction
accuracy of TDCM is higher than the other two methods.
In this case, the LCM is a point-to-point correction of the
ERA5-land Ts data by using ground-based observations, but
the point-by-point fitting uses the same set of correction
coefficients for the corresponding location of each observation
site over the period of 2011–2020 and thus suffers from a
large error. The TDCM, on the other hand, obtains the daily
TD between the MODIS dmTs and ERA5-land Ts and adds
the ground-based observations to improve the accuracy, so the
TDCM filling result is slightly better. ETGRM fills cloudy-sky
Ts by constructing gradient variations relationship between
temperature and elevation, and its filling accuracy performs
well at the experimental sites (1910 sites) but poorly at the
validation sites due to the high level of missing MODIS dmTs
data; even the ground-based observations are added. Within
the set sliding window, the fitting coefficients are mostly
dependent on the limit site data and very few satellite data,
so the performance is excellent at 1910 sites, but the results of
the fitting are highly biased at the locations where no site exists
or where there are many missing data. Furthermore, in order to
save time and cost, the sliding direction of the sliding window
in this study was only set in the latitude direction, which could
potentially improve the filling accuracy of the method if the
sliding window fitting in the longitude direction is added.

We further discuss the differences in the spatial distribution
of the accuracy of dmTs reconstructed by the TDCM method.
Fig. 19(a) and (b) shows the spatial distribution of the accuracy
indicators R2 and RMSE for the dmTs filled by the TDCM
method. As shown in the figure, the western part of China,
especially the Tibetan Plateau region, has an overall R2 below
0.8 and RMSEs mostly above 3 K. The overall accuracy
is significantly lower than that in the eastern and southern
parts of the study area. The higher altitude and the smaller
number of ground-based observation stations are the main
factors contributing to the lower accuracy of the filled dmTs
in this region. However, from the average number of sunny
days over the years presented in Fig. 19(c), it can be seen that
the number of sunny days in the northwest region is above
200 days per year, with a maximum of 310 days. Therefore, the
dmTs data in this region are mainly derived from the MODIS
Ts data, which means that the poor performance of the TDCM
method in this region does not affect the quality of the
final data.

B. Changing Trends in dmTs

The results of the study showed that dmTs showed a
significant warming trend during 2011–2020, which coincided
with the significant warming mentioned in the report of the

Fig. 19. Spatial distribution of (a) R2 of TDCM method, (b) RMSE of
TDCM method, and (c) multiyear mean number of clear days.

Fig. 20. Dynamics of annual mean dmTs within the significant change zone.

Intergovernmental Panel on Climate Change [60]. However,
in some previous studies, it has been shown that a significant
cooling trend was observed in some parts of China up to 2018,
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especially in the northeastern plains and southern regions [7],
[25]. The reason for this opposite result is, on the one hand,
due to the different lengths of the time series of the research
data. The present study only analyzes the dmTs for the years
2011–2020, which is a shorter time series. As can be seen in
Fig. 18(c), the annual mean dmTs turned around in 2014, also
with a cooling trend, but still on a warming trend over the
whole study period.

In addition, we further analyzed the annual mean dmTs in
the region where the significant change occurred, as shown
in Fig. 20. Within the significant change region, the annual
mean dmTs also changed over 2014, with the slope of
change decreasing from 0.27 to 0.09, but still with a warming
trend. On the other hand, the different spatial and temporal
resolutions of the study data, as well as the differences in the
number of ground-based observation stations used, also affect
the results of the study [61], [62]. Comparative validation after
conversion to the same spatial and temporal resolution and
time series length would be more convincing, and it will be
further improved in future studies.

VI. CONCLUSION

For the reconstruction of all-weather 1-km dmTs data, most
previous studies have filled most of the missing Ts data by
fusion with passive microwave Ts products. However, the
spatial resolution of passive microwave products is low and
the inter-orbit gaps remain unresolved. Therefore, in recent
years, reanalysis data with its advantage of spatial integrity
have gradually become an important aid in acquiring high-
resolution all-weather Ts data. In addition, another advantage
of this study is the 2388 meteorological stations with a time-
continuous and high precision hourly/daily Ts datasets, which
were selected from nearly 10 000 stations. The reliability of
ground-based observations of Ts is unquestionable.

Thus, the results of this study suggest that the multiple linear
regression method performs well in reconstructing MODIS
clear-sky Ts data with R2 ranging from 0.97 to 0.99 and RMSE
ranging from 1.52 to 2.36 K validated with in situ data. For
the cloudy sky, the comparison of three methods shows that
the ERA5-land dmTs corrected by TD has the best agreement
with the in situ validation Ts data, with the value of R2 being
0.94 and RMSE being 2.73 K, which also indicated that the
accuracy of reconstructed dmTs is plausible. In addition, the
time efficiency of the methodology used in this study is high.

In detail, the desirable features of the dmTs reconstruction
strategy adopted in this study are as follows. First, a large
number of measured Ts data from ground stations are added
to improve the reconstruction accuracy of the all-weather Ts so
that the reconstructed data are closer to the real surface state.
Second, the corrected daily ERA5-land dmTs data are used
to fill the missing data of the cloud sky without adding other
auxiliary data (e.g., vegetation, elevation, and radiation), which
avoids the uncertainty of the results that is increased by the
uncertainty of multiple auxiliary variables themselves and their
uncertain relationships with Ts. Finally, the all-weather dmTs
reconstruction strategy adopted in this study acquires a high
spatial and temporal resolution and high accuracy Ts dataset

with a fast speed, which not only describes the change of
surface thermal state more exhaustively and accurately but also
reduces the computational cost dramatically compared with
other eight-day or monthly Ts datasets.

In this study, we aim to obtain MODIS all-weather
daily mean surface temperatures accurately and quickly by
using multisource data. Although the results of filling were
satisfactory in both clear sky and cloudy sky, some limitations
remain. First, in the clear-sky case, we discarded the cases
where only one moment or only daytime or only nighttime
valid observations existed, which wastes a lot of valid data.
Therefore, how to fully utilize the instantaneous Ts data in
the above cases and increase the amount of reconstructed
dmTs data while guaranteeing the accuracy is a problem
to be solved in the next work. Furthermore, in order to
reduce the computational burden, the hour-by-hour in situ Ts
data are used in constructing the relationship between the
instantaneous Ts and the dmTs, and it is assumed that the
temperature varies linearly in the adjacent time, which will
increase the uncertainty of the results to a certain extent.
Therefore, the utilization of the minute-by-minute in situ Ts
data from the meteorological observation stations will obtain
superior results.

Despite some limitations, the all-weather 1-km daily mean
MODIS Ts data obtained in this study for the Chinese region
from 2011 to 2020 not only ensure the completeness of
the data but also better represent the dynamics of the real
thermal state of the land surface, which is helpful for real-
time capture of weather extremes and meteorological hazards
such as droughts and heat waves.
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