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Abstract: The MODIS land surface temperature (LST) product is one of the most widely used data
sources to study the climate and energy-water cycle at a global scale. However, the large number of
invalid values caused by cloud cover limits the wide application of the MODIS LST. In this study, a
two-step improved similar pixels (TISP) method was proposed for cloudy sky LST reconstruction.
The TISP method was validated using a temperature-based method over various land cover types.
The ground measurements were collected at fifteen stations from 2013 to 2018 during the Heihe
Watershed Allied Telemetry Experimental Research (HiWATER) field campaign in China. The
estimated theoretical clear-sky temperature indicates that clouds cool the land surface during the
daytime and warm it at nighttime. For bare land, the surface temperature shows a clear seasonal
trend and very similar across stations, with a cooling amplitude of 4.14 K in the daytime and a
warming amplitude of 3.99 K at nighttime, as a yearly average. The validation result showed that
the reconstructed LST is highly consistent with in situ measurements and comparable with MODIS
LST validation accuracy, with a mean bias of 0.15 K at night (−0.43 K in the day), mean RMSE of
2.91 K at night (4.41 K in the day), and mean R2 of 0.93 at night (0.90 in the day). The developed
method maximizes the potential of obtaining quality MODIS LST retrievals, ancillary data, and in
situ observations, and the results show high accuracy for most land cover types.

Keywords: reconstruction; MODIS; land surface temperature; cloudy-sky; similar pixels

1. Introduction

Land surface temperature (LST), controlled by land-atmosphere interactions and
energy fluxes, is a key parameter in the earth’s climate [1] and energy-water cycle at
regional and global scales [2–4]. LST drives and controls many biophysical processes
between the hydrosphere, atmosphere, and biosphere [5,6], playing an important role in
climate research and global change, such as monitoring glaciers, vegetation assessments,
and terrestrial carbon flux research [7,8].

In situ derived LST data, which are assessed from various sources, such as mete-
orological stations and Argo floats, have the advantage of high reliability and a longer
time series [9]. However, in situ data measurements are often sparsely or/and irregularly
distributed, especially in polar regions and mountainous areas [10,11].

Satellite LST data, which can be easily acquired with global coverage, provides the
only opportunity of observing LSTs with sufficient spatial resolution and adequate time
series [3]. Over the past decade, satellite LST data have been widely used for glacial-hydro-
climatological studies [11,12], permafrost mapping [13,14], environmental assessment [15],

Remote Sens. 2021, 13, 1671. https://doi.org/10.3390/rs13091671 https://www.mdpi.com/journal/remotesensing

https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-9710-1868
https://orcid.org/0000-0001-6848-7271
https://doi.org/10.3390/rs13091671
https://doi.org/10.3390/rs13091671
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/rs13091671
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs13091671?type=check_update&version=1


Remote Sens. 2021, 13, 1671 2 of 27

and climate change [16] in areas that lack ground-based LST data, such as the Himalayan
region, the Tibetan Plateau, the Arctic, and Antarctica. The retrieval of LSTs from satellites
is based on a variety of mature algorithms that have been proposed for thermal infrared
(TIR) channels since the 1970s [17]. Numerous satellite LST products have been developed
from a variety of sensors [18,19]. The most widely used LST products from Moderate
Resolution Imaging Spectroradiometer (MODIS) on Terra and Aqua satellites retrieved
by the generalized split-window algorithm [20] are available between February 2000 and
July 2002, respectively. The MODIS LST products have the advantage of optimal spatial
resolution (nominally 1 km), and high temporal resolution (four global coverages a day,
at 10:30, 13:30, 22:30, 01:30 nominal time). The data has been validated by in situ LST
measurement for various land cover types. The accuracy of MODIS LST products was
better than 1 K at most stations [4]. However, cloud cover can cause frequent missing
data in satellite LST data. Research confirmed that more than 60% of the Earth’s surface is
covered by clouds on any given day on average [21], seriously restricting its applications
to clear-sky conditions [22]. Data gaps in satellite LST products impact understanding the
magnitude of its trend [23] and the absolute LST value compared with in situ data [24]. The
large differences in LST between clear-sky and cloudy-sky conditions limit its applications
for climate change research [24,25].

To date, numerous methods have been developed for filling in LST gaps under cloudy-
sky conditions to obtain a spatially and temporally continuous satellite LST product.
Geostatistical interpolation is the most common spatially-based LST reconstruction method
(e.g., the Kriging method and many improved Kriging methods) [10]. Methods based
on spatial correlations of cloudy-sky pixels with neighboring clear-sky pixels can only
be applied to images with few cloud-covered pixels. The second type of cloudy-sky LST
reconstruction method considers correlations in time [26]. Based on the trend and season-
ality of LST time series, the harmonic analysis of time series [27] and the Savitzky-Golay
filter method [28,29] have been used to build a temporal model by fitting available LST
time series data at each point and then apply it to reconstruct cloudy-sky pixels. However,
temporal approaches work best on seasonal LST changes and smooth diurnal LST varia-
tions [30]. Thus, temporal approaches are not suitable for reconstructing the daily MODIS
LST product, especially in areas with active land cover changes. Because LST is impacted by
environmental factors such as vegetation and elevation, gap-filling reconstructs the cloudy
pixel LST by building an empirical LST model with related environmental datasets such as
normalized difference vegetation index (NDVI) and digital elevation model (DEM) [26].
The reconstructed LST is impacted by the uncertainty of these auxiliary datasets and the
accuracy of the empirical LST models. These methods of deriving the theoretical clear-sky
LST are subject to system bias errors.

Many methods have been developed to derive actual cloudy-sky LST. The surface
energy balance-based (EB) method was proposed to recover cloudy-sky LST based on
its spatially and temporally neighboring valid pixels [31,32]. This method is based on
the assumption that a cloudy pixel differs in temperature from its neighboring clear-sky
pixels mainly because of their different surface incident radiation and redistributions.
Therefore, cloudy-sky LST can be obtained based on its spatially and temporally neigh-
boring clear-sky LST and a temperature correction term related to the surface incident
radiation, atmospheric temperature, and wind velocity, which are usually not available
at a global scale. The first operational all-weather LST product for MSG/SEVIRI derived
at the Satellite Application Facility on Land Surface Analysis (LSA-SAF) through the EB
method utilized the all-weather downward surface shortwave and longwave radiation
flux products [33,34]. However, the LSA-SAF product doesn’t cover the Asian region and
needs to be validated for additional land cover types. Many cloudy-sky LST methods
use passive microwave temperature brightness (TB) data [35] because they can penetrate
clouds and are strongly correlated with infrared data [36]. However, due to accuracy issues
and different spatial resolution, the microwave LST cannot directly fill invalid MODIS
LST, especially in complex land surface environments. Recently, data-fusion approaches
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of TIR LST with land data assimilation system, numerical weather model outputs, or in
situ observations have been developed for the reconstruction of cloudy-sky LST [37–39].
However further validation in cold and arid regions is needed.

The most promising LST reconstruction algorithm combines more than one of the
above methods, such as space-based methods that include auxiliary information [40,41] or
spatiotemporal information [30]. Yu et al. assumed that the most similar pixels (SP), whose
near-surface thermal environmental factors (composed of topographic factors, vegetation
factor, and solar radiation) with high similarity, may follow the same change trend over
time [42]. With this approach, cloudy-sky LST is recovered by constructing a transfer
function of the most similar pixels at two time periods. In recent research, the SP method
is an easy-to-use and effective interpolation method [43]. However, this method relies on
manually selecting the reference images from warm and cold days, which may impact the
stability and accuracy of the entire algorithm.

This study intends to develop a two-step framework for the reconstruction of cloudy-
sky LST by combining the advantages of the SP method and abundant in situ observation.
In situ LST observations from ten automatic weather stations (AWS) during 2013–2018 were
used to calculate the cloudiness-induced temperature bias for different land cover types
and then to correct the theoretical clear-sky LST. In addition, LST observations performed
by all fifteen AWS (including ten AWS for bias correction) during 2013–2018 were used to
validate the accuracy of the reconstructed cloudy-sky LST. The new method resolves the
instability of the SP method in the reference image selection and maximizes the potential of
in situ observations by combining the SP method and a statistical bias correction approach
between in situ observations and theoretical clear-sky temperatures.

2. Materials and Methods
2.1. Study Area

The study area is the Heihe River Basin (HRB) of arid Northwest China, which covers
an area of 143,200 km2 (Figure 1). In this region, there is a well-known basin-scale integrated
observatory network [44]. In the mountainous upstream, there are typical cold region
landscapes including glaciers, frozen ground, alpine meadows, and forests [45]; the annual
rainfall is 500–800 mm. The midstream area is dominated by an artificial oasis-riparian
zone-desert compound landscape; the annual rainfall is 100–250 mm. The downstream
area is dominated by desert areas dispersed with little natural oases; the annual rainfall is
less than 50 mm [44,46].

The HRB has a marked altitudinal gradient from south to north, ranging from 2640 m
to 5000 m upstream, from 1000 m to 3000 m midstream, and from 800 m to 1700 m
downstream [47]. Thus, temperature shows zonal characteristics as the altitude changes
from the upstream to the downstream and complex terrain. Therefore, the accuracy of the
newly developed framework can be thoroughly assessed.

2.2. Data and Data Reprocessing

Table 1 lists the datasets that were used in this research, including MODIS datasets,
topographic data, and ground station radiation measurements by the net radiometer.
The variables include LST, emissivity, NDVI, DEM, theoretical radiation, upwelling and
downwelling longwave radiation.

Table 1. Multisource data sets information.

Data Sources Variable Spatiotemporal Resolution Date

MODIS/Terra

LST (MOD11A1) 1 km/daily

January 2013–
December 2018

Narrowband emissivity (MOD11B1) 6 km/daily
NDVI (MOD13A2) 1 km/16 day

SRTM DEM, slope, aspect 90 m

Model-based Theoretical radiation 1 km/10 min

Ground-based Upwelling and downwelling longwave radiation Point/10 min
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Figure 1. The validation stations in the study area of Heihe River Basin. The station names correspond to those in Table 2.

2.2.1. Remote Sensing and Auxiliary Data

The Terra satellite was launched on 18 December 1999, and has 10:30 a.m./p.m. equa-
torial overpass times. It carries the MODIS sensor, which provides high temporal frequency,
spatially detailed, and accurate earth observations. In this paper, the Terra MODIS LST
Daily L3 Global 1 km SIN Grid product MOD11A1 (10.5067/MODIS/MOD11A1.006) was
utilized and daytime and nighttime LST from 2013–2018 were chosen to implement the
reconstruction process. The MOD11A1 product is retrieved at the 1 km resolution by the
refined generalized split-window algorithm [4]. The quality of raw LST data is evaluated
according to quality assurance (QA) metadata. The LST with QA flags of cloud, mean
emissivity error >0.04, and LST error larger than 3 K are marked as invalid pixels to be
reconstructed.

Figure 2 shows the spatial distribution of daytime and nighttime MODIS LST data
gaps that need to be recovered during 2013–2018. The missing MODIS LST data in the
daytime are substantially more than those during the nighttime; the highest data gaps
appear at daytime in winter and at nighttime in summer. Spatially, a larger number of
missing data appears upstream at daytime and midstream at nighttime.
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Figure 2. (a) Yearly mean data gap days during daytime in 2013–2018 over the Heihe River Basin; (b) Yearly mean data gap
days during nighttime in 2013–2018 over the Heihe River Basin; (c) Spatially averaged percentages of cloud-covered pixels
at daytime (blue line) and nighttime (red line) during 2013–2018. The three figures were generated from the MOD11A1
product.

The Terra MODIS emissivity Daily L3 Global 6 km SIN Grid product MOD11B1
(10.5067/MODIS/MOD11B1.006) provides the narrowband emissivity, combined with the
radiation data observed by ground-based meteorological towers to estimate the in situ
land surface temperature.

In the Two-step Improved Similar Pixels Method (TISP) method proposed in this
study, there are five environmental factors used to identify similar pixels, including NDVI,
theoretical clear-sky radiation, elevation, slope, and aspect. NDVI data collected from the
MODIS product MOD13A2 (10.5067/MODIS/MOD13A2.006) aggregated for 16 days were
used to indicate the vegetation conditions. The theoretical clear-day solar radiation was
simply simulated using the solar incident angle, latitude, elevation, slope, aspect, and
diffuse and reflected radiation [48]. The slope and aspect, calculated using DEM, were
acquired from the Consultative Group for International Agricultural Research, Consortium
for Spatial Information SRTM 90 m Database site (http://srtm.CSI.cgiar.org, accessed on 5
March 2021).

The MODIS products were reprojected, mosaicked, and resampled to 1 km (927.66 m)
spatial resolution using the MODIS Reprojection Tool (MRT). DEM, slope, aspect data were
reprojected and resampled to the same 1 km spatial resolution using OGR/GDAL.

2.2.2. Ground LST Estimation

To evaluate the accuracy of the C6 MOD11A1 product and reconstructed cloudy-sky
LST, this study utilized the temperature-based method (T-based) [3], which directly vali-
dates the satellite-derived LST by ground-based LST observations at the satellite overpass.

Ground-based measurements were available from fifteen AWS distributed across the
mainland surfaces in HRB. The information on the fifteen stations is shown in Table 2.
All the AWS, which were established during the HiWATER field campaign from 2013 to
2018 [44,49], are equipped with Kipp & Zonen (CNR1 or CNR4), Eppley (PSP & PIR), or
Hukseflux (NR01) net radiometers for observing the surface upwelling and downwelling
longwave radiation with 10-min observation temporal resolution. All the stations are
subject to rigorous data-quality controls implemented through inter-comparison and cali-
bration of experimental instruments, observatory maintenance, and data processing [47].

http://srtm.CSI.cgiar.org
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Table 2. Details of the ground Automatic Weather Stations.

Station Longitude Latitude Altitude Land Cover Date Sensor Install
Height

DMZ * 100.372◦E 38.866◦N 1556 m Cropland 2013–2018 PSP&PIR 12 m
SDZ * 100.446◦E 38.975◦N 1460 m Wetland 2013–2018 NR01 6 m
HZZ * 100.319◦E 38.765◦N 1726 m Kalidium foliatum desert 2013–2018 CNR1 6 m

JCHM * 100.70◦E 38.78◦N 1626 m Desert steppe 2013–2018 CNR4 6 m
HMZ * 100.987◦E 42.114◦N 1054 m Reaumuria desert 2015–2018 CNR1 6 m
YKZ * 100.242◦E 38.014◦N 4148 m Alpine meadow 2014–2018 CNR4 6 m
ARC * 100.464◦E 38.047◦N 3033 m Alpine meadow 2013–2018 CNR4 5 m
DSL * 98.941◦E 38.840◦N 3739 m Marsh alpine meadow 2013–2018 CNR1 6 m
HHL * 101.134◦E 41.990◦N 874 m Populus euphratica and Tamarix 2013–2018 CNR4 24 m
SDQ * 101.137◦E 42.001◦N 873 m Tamarix 2013–2018 CNR4 10 m
HCG 100.731◦E 38.003◦N 3137 m Alpine meadow 2013–2015 CNR1 6 m
JYL 101.116◦E 37.838◦N 3750 m Alpine meadow 2013–2016 CNR4 6 m
EBZ 100.915◦E 37.949◦N 3294 m Alpine meadow 2013–2016 CNR1 6 m
HYZ 101.124◦E 41.993◦N 876 m Populus euphratica 2013–2015 CNR4 6 m
SSW 100.493◦E 38.789◦N 1594 m Sand desert 2013–2015 CNR1 6 m

* stations utilized to calculate the cloud effect temperature term for bias correction.

The ground-based longwave radiation measurements taken at all AWS were selected
to verify the accuracy of the reconstructed LST and MODIS LST. Ten of these measurements
were used to calculate the cloud effect temperature term to correct the theoretical clear-
sky LST.

AWS longwave radiation measurements cannot be used directly to verify LST accuracy
and should be transferred into LST data. Based on thermal radiative transfer theory and
the Stefan-Boltzmann law, the in situ measured LST Tin−situ can be obtained using AWS
longwave radiation measurements by the following equation:

Tin−situ =

(
F↑in−situ − (1− εb)F↓in−situ

δεb

)1/4

(1)

where F↑in−situ and F↓in−situ are the in situ observed surface upwelling and downwelling
longwave radiation; εb is the surface broadband emissivity; δ is the Stefan-Boltzmann
constant (5.67× 10−8 Wm−2K−4). Here εb for each site was estimated by the MODIS
surface narrowband emissivity product via empirical relationships [50]:

εb = 0.2122ε29 + 0.3859ε31 + 0.4029ε32 (2)

where ε29,ε31 and ε32 are MODIS bands 29, 31, and 32 narrow emissivities, respectively.

2.2.3. MODIS LST Accuracy

The C6 MOD11A1 1-km LST product was assessed by in situ LST measurements at
fifteen HiWATER stations during 2013–2018. Several remote sensing LST products were
evaluated by these HiWATER stations [51,52].

The MOD11A1 product provides the QA flags that describe quality assurance. Ac-
cording to the QC flags, only the LST with “good quality” (mandatory quality assurance
flag = 0) were used to validate the data. Subsequently, in situ LST data were selected based
on the overpass time of Terra.

The daytime and nighttime validation results are shown in Figure 3 and Table 5. The
biases of MOD11A1 LST are positive for most stations at daytime, ranging from −2.91 to
4.50 K, with an average bias of 1.32 K. The result showed that MOD11A1 overestimated
LST at daytime, and the maximum bias of 4.50 K appeared in HMZ. All fifteen stations
have root mean square error (RMSE) higher than 2 K, from 2.78 to 5.98 K, with average
RMSE of 3.96 K.
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By contrast, MOD11A1 LST biases are negative in most stations at nighttime, ranging
from −2.91 to 0.09 K, with an average value of −1.58 K. All fifteen stations showed RMSE
ranging from 1.14 to 3.84 K, and lower than 3 K for most stations, with average RMSE of
2.91 K.
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The validation results revealed that the MOD11A1 LST accuracy is better at nighttime
than daytime. There are few outliers in some stations, especially DSL, JYL, and ARC, due to
undetected cloud contamination [53]. In this study, the LST of the undetected cloud pixels is
not removed because those data have QA = 0. The spatial representativeness of HiWATER
stations LST measurement was assessed [54]. For some stations, the validation accuracy
varied widely between daytime and nighttime, especially for HMZ, YKZ, HHL, JYL, and
HYZ. Because these are nonrepresentative stations, they were more heterogeneous [54].

As shown in Figure 4, the relationship between MODIS LST and in situ LST varies
with altitude and season. At daytime, the RMSE between MODIS LST and in situ LST has
a non-linear correlation with the altitude of the station (Figure 4). The RMSE is larger for
stations located at relatively lower and higher altitudes (Figure 4a). At nighttime, the RMSE
is non-linearly correlated with altitude only in the summer and it is larger at relatively
lower and higher altitudes.
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In general, the RMSE is lower for nighttime than daytime LST (about 1.5 K) and the
RMSE is higher in spring (March to May) and summer (June to August) in comparison to
the winter months for most stations, which is consistent with a previous study [11]. The
maximum RMSE at daytime for the high-altitude stations DSL and JYL occurs in December
due to undetected clouds in MODIS LST (Figure 3a).

Since HMZ is a desert with very low vegetation cover (multiyear maximum NDVI
0.054), the RMSE of HMZ is the smallest of all stations and less than 1.5 K in most months
during nighttime.

2.3. MODIS LST Reconstruction Method

In this study, a Two-step Improved Similar Pixels Method (TISP) framework (Figure 5)
was proposed for generating all-sky MODIS LST based on the idea that cloudy LST could
be derived by the theoretical clear-sky LST and the cloud effect temperature term. First,
the theoretical clear-sky LST was reconstructed by the improved SP method [42] in Step I.
Second, the systematic bias of the theoretical clear-sky LST estimates was corrected by the
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cloud effect on temperatures of different landcover types using statistical relations between
the in situ observations and theoretical clear-sky LST.
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2.3.1. Reconstruction of Theoretical Clear-Sky LST

The complete theoretical clear-sky LST generation process is shown in Figure 5 Step I,
and the detailed steps are as follows:

(1) Marking invalid pixels. The quality of the original LST data was evaluated based on
quality assurance (QA) metadata. LST with QA flags of cloud, mean emissivity error >0.04,
and LST error larger than 3 K were marked as invalid pixels and need to be reconstructed.

(2) Generating reference images: In the original SP method, two reference images were
manually selected to represent the cold and warm seasons. Since cloud morphology and the
land surface can change over a long period of time, this manual selection of the reference
image may introduce large errors. In this study, the reference image selection of the TISP
method was improved. The image set was generated by calculating the moving average of
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five consecutive MOD11A1 LST images, where the average image with a data gap rate of
less than 5% was selected as an element of the reference image set and interpolated with
the conventional Kriging algorithm. For each image to be reconstructed, the temporally
closest reference image was automatically selected.

(3) Locating similar pixels and determining the transfer function.
(a) Selecting impact factors. In Step I (Figure 5), the basic step of the whole TISP

method process was to select pixels similar to those that need to be reconstructed, which is
based on the synergistic influence of cloudy-sky pixels and similar pixels having compa-
rable near-surface thermal states as well as geographical position, topography, and land
cover. The general factors of local topography include altitude, slope, aspect, and hill shade.
The effect of altitude can be expressed in terms of lapse rate (decrease in temperature with
altitude) [55]. In the mean free atmosphere, the temperature lapse rate is in the range of
0.60–0.70 K/100 m [56]. For LST, the lapse rate varies by region, e.g., in the Himalayan
region lapse rate is in the range 0.60–0.74 K/100 m [57], while in Mt. Taibai it is only
0.34–0.50 K/100 m [58]. Slope and aspect affect LST through solar radiation and heat
load [59]. Due to the effect of illumination, LST differs significantly between the South
and North aspects [60]. LST is negatively correlated with slope [61] and the shading of a
hill also impacts LST [62,63]. Only altitude, slope, and aspect were used to characterize
the topography in this paper. Land cover can also affect LST by changing the surface
thermal properties. Here, NDVI represents land cover because NDVI and LST are well
correlated [64–66]. Therefore NDVI, DEM, slope, aspect, radiation were selected as the
impact factors in this study.

(b) Normalizing impact factors.
Since impact factors have different data ranges and units, the data were normalized

using the following function:

Si
k =

ki − kmin

kmax − kmin
ki (3)

where ki is the impact factor value corresponding to each pixel i; Si
k is the normalized

impact factor ki, kmax and kmin are the maximum and minimum values of the impact factor
in the whole image or study area, respectively. They are the spatial statistical values in the
study area.

(c) Selecting similar pixels by discriminant function. The most similar pixels set D of a
cloudy-sky pixel are identified by the similar threshold L using these normalized impact
factors for the reconstructed and corresponding reference image:

S = [S1, S2, S3 . . . , Sn] (4)

D = min(d(SI , SJ)) (5)

where S is the factors set that affect the LST of cloudy pixel i, Sn is the nth impact factor; SI

is all attributes of cloudy pixel i and valid pixels in the reconstructed image; SJ is all the
attributes of valid pixels j in the same region of the reference image; and d is the similarity
function, which measures the similarity of the other valid pixels to the cloudy pixel i.
In order to a simple implementation, d takes the form of Euclidean distance. Then, the
similar pixels in set D are the desired pixels with a distance less than a given threshold
L (in this study, L = 0.3). To obtain robust statistics of similar pixels in two images, it
is essential to filter MODIS product outliers caused by undetected clouds [53]. In this
study, the “3σ-Hampel identifier” method was used to remove a relatively small number
of outliers [67].

(d) Linear regression using the transfer function.
Supposing that the pixels in set D in the reconstructed time trec and reference image

time tre f have a similar change trend, a transfer function (f ) was regressed by the similar
pixels D pairs at trec and tre f . Then, the theoretical clear-sky LST (Ti

ck) of the reconstructed
pixel at time, trec, in the reconstructed image Ttrec

can be calculated by the f relying on the
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corresponding LST data (Ti
tre f

) in the reference image, and the function f can be the simple
linear function:

Ti
ck = f (Ti

tre f
) (6)

Ti
ck = a× Ti

tre f
+ b (7)

where a is the linear regression slope and b is the linear regression intercept.

2.3.2. Bias Correction of Theoretical Clear-Sky LST

In this step, we assume that the actual cloudy-sky LST Tcd has the two parts, including
the theoretical clear-sky LST (Tck) and the cloud affect temperature term (∆Ts):

Tcd = Tck − ∆Ts (8)

Tck can be calculated in Step I (Figure 4). We assume that the cloud-affected tempera-
ture part (∆Ts) is related to time, NDVI, and geography. It is obtained through the statistic
of Tck and in situ LST, according to the following bias correction steps:

(1) All the pixels in Tck and sites are classified into four types based on the yearly max
NDVI: dense vegetation (>0.6), medium vegetation (0.4–0.6), sparse vegetation (0.3–0.4),
and bare land (<0.3).

(2) Monthly ∆Ts is approximately equal to the mean bias error of each site type LST
observation with Tck monthly at day and night, respectively:

∆Tt,m
s ≈ MBE =

1
k

k

∑
j=1

(
1
n

n

∑
i=1

(Ti,j
ck − Ti,j

in−situ)) (9)

where ∆Tt,m
s is the cloud effect temperature at land cover type t in month m (generally,

clouds decreased LST during the day and increased LST at night), j is the landcover type of
each site, k is the number of the site’s land cover type t, i is the cloudy pixel during month
m, n is the number of Tck during each month m (n ≤ 31), Ti,j

ck is the theoretical LST during

day i and site j with landcover type m. Ti,j
in−situ is the in situ LST at day i and site j.

(3) The cloudy-sky LST before variance scaling Tt,m
cd−un with land cover type, t, and

month, m, can be calculated with the following bias correction equation:

Tt,m
cd−un = Tt,m

ck − ∆Tt,m
s (10)

where Tt,m
ck is the theoretical clear-sky LST with type t and month m.

(4) Variance scaling
In order to minimize the systematic biases among reconstructed cloudy temperature

and MODIS LST, the variance scaling method [37,68] was utilized:

Tt,m
cd = µ(Tt,m

cd−un) + (Tt,m
cd−un − µ(Tt,m

cd−un))
σ(Tt,m

modis)

σ(Tt,m
cd−un)

(11)

The final actual cloudy-sky LST Tt,m
cd with land cover type t and month m can be

calculated by Equation (11), the standard deviation (σ) of Tt,m
cd−un is scaled according to

the proportion of MODIS LST monthly σ(Tt,m
modis) and σ(Tt,m

cd−un) at month m and then the
variance-corrected LST data were shifted back using the mean value (µ) of Tt,m

cd−un.
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2.4. Evaluation Metrics

The metrics for performance evaluation of the algorithm included mean bias error
(MBE), root mean square error (RMSE), and coefficient of determination (R2). The evalua-
tion metrics are defined as follows:

MBE =
1
n

n

∑
i=1

(Ti
rec − Ti

in−situ) (12)

RMSE =

√
∑n

i=1 (Ti
rec − Ti

in−situ)
2

n
(13)

R2 =
(∑n

i=1 (T
i
rec − Trec)(Ti

in−situ − Tin−situ))
2

∑n
i=1 (Ti

rec − Trec)
2
∑n

i=1 (T
i
in−situ − Tin−situ)

2 (14)

where n is the in situ observation number; Ti
rec and Ti

in−situ are the ith reconstructed and
in situ measured LST; Trec and Tin−situ are average values of the reconstructed and in situ
observed LST, respectively.

3. Results and Discussion

The estimated theoretical clear-sky LST indicates that clouds cool the land surface
during the daytime and warms it at nighttime (Terra overpass times, Figure 6). The response
amplitude and trends vary by land surface types (Figure 7). The TISP method reconstructed
cloudy-sky LST was validated using the in situ LST at fifteen stations. Figure 8 and Table 5
show the verified results for daytime and nighttime.

For the MBE, RMSE, and R2 between the reconstructed cloudy-sky LST and ground
measurement LST, the mean MBE of 0.15 K, mean RMSE of 2.91 K, and mean R2 of 0.93 at
nighttime are better than daytime (mean MBE = −0.43 K, mean RMSE = 4.41 K, and mean
R2 = 0.90). The accuracy is lower in the sparsely vegetated shrub and tree type in the arid
region in the daytime.

Remote Sens. 2021, 13, x FOR PEER REVIEW 12 of 27 
 

 

The final actual cloudy-sky LST ,t m
cdT  with land cover type t and month m can be 

calculated by Equation (11), the standard deviation (σ) of ,t m
cd unT −  is scaled according to the 

proportion of MODIS LST monthly ,( )t m
modisTσ  and ,( )t m

cd unTσ −  at month m and then the vari-

ance-corrected LST data were shifted back using the mean value (μ) of ,t m
cd unT − . 

2.4. Evaluation Metrics 
The metrics for performance evaluation of the algorithm included mean bias error 

(MBE), root mean square error (RMSE), and coefficient of determination (R2). The evalua-
tion metrics are defined as follows: 

1

1 ( )n i i
rec in situi

MBE T T
n −=

= −  (12)

2
1
( )n i i

rec in situi
T T

RMSE
n

−=
−

=   (13)

2
2 1

2 2
1 1

( ( )( ))

( ) ( )

n i i
rec rec in situ in situi

n ni i
rec rec in situ in situi i

T T T T
R

T T T T
− −=

− −= =

− −
=

− −


 
 (14)

where n is the in situ observation number; i
recT  and i

in situT −
 are the ith reconstructed and 

in situ measured LST; recT  and in situT −  are average values of the reconstructed and in 
situ observed LST, respectively. 

3. Results and Discussion 
The estimated theoretical clear-sky LST indicates that clouds cool the land surface 

during the daytime and warms it at nighttime (Terra overpass times, Figure 6). The re-
sponse amplitude and trends vary by land surface types (Figure 7). The TISP method re-
constructed cloudy-sky LST was validated using the in situ LST at fifteen stations. Figure 
8 and Table 5 show the verified results for daytime and nighttime. 

 
Figure 6. Cont.



Remote Sens. 2021, 13, 1671 13 of 27Remote Sens. 2021, 13, x FOR PEER REVIEW 13 of 27 
 

 

 
Figure 6. The scatter diagrams between the Tck and Tin situ at ten stations for bias correction. The red line in each subfigure 
is the linear fit line. The color of the scatter indicates the point densities (red: high density, blue: low density). (a) Daytime 
result, (b) Nighttime result. 

 
Figure 7. Daytime and nighttime monthly mean bias errors. (a–d) show the daytime mean bias errors. (e–h) show the 
nighttime mean bias errors. (i–l) are the monthly mean NDVI of ten stations. (a,e,i) are the monthly mean bias error results 
at high-density vegetation stations (summer mean NDVI＞0.6). (b,f,j) are the medium vegetation stations (summer mean 
NDVI between 0.4–0.6). (c,g,k) are the sparse vegetation stations (summer mean NDVI between 0.3–0.4). (d,h,l) are the 
sparse bare land stations (summer mean NDVI < 0.3). 

Figure 6. The scatter diagrams between the Tck and Tin situ at ten stations for bias correction. The red line in each subfigure
is the linear fit line. The color of the scatter indicates the point densities (red: high density, blue: low density). (a) Daytime
result, (b) Nighttime result.

Remote Sens. 2021, 13, x FOR PEER REVIEW 13 of 27 
 

 

 
Figure 6. The scatter diagrams between the Tck and Tin situ at ten stations for bias correction. The red line in each subfigure 
is the linear fit line. The color of the scatter indicates the point densities (red: high density, blue: low density). (a) Daytime 
result, (b) Nighttime result. 

 
Figure 7. Daytime and nighttime monthly mean bias errors. (a–d) show the daytime mean bias errors. (e–h) show the 
nighttime mean bias errors. (i–l) are the monthly mean NDVI of ten stations. (a,e,i) are the monthly mean bias error results 
at high-density vegetation stations (summer mean NDVI＞0.6). (b,f,j) are the medium vegetation stations (summer mean 
NDVI between 0.4–0.6). (c,g,k) are the sparse vegetation stations (summer mean NDVI between 0.3–0.4). (d,h,l) are the 
sparse bare land stations (summer mean NDVI < 0.3). 

Figure 7. Daytime and nighttime monthly mean bias errors. (a–d) show the daytime mean bias errors. (e–h) show the
nighttime mean bias errors. (i–l) are the monthly mean NDVI of ten stations. (a,e,i) are the monthly mean bias error results
at high-density vegetation stations (summer mean NDVI > 0.6). (b,f,j) are the medium vegetation stations (summer mean
NDVI between 0.4–0.6). (c,g,k) are the sparse vegetation stations (summer mean NDVI between 0.3–0.4). (d,h,l) are the
sparse bare land stations (summer mean NDVI < 0.3).
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scatter point indicates density (red: high density, blue: low density).
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3.1. Generating the Theoretical Clear-Sky LST

The missing data covered by clouds were estimated using the TISP method in Step
I (Figure 5) to generate theoretical clear-sky LST (Tck). Tck and the in situ LST (Tin situ)
on cloudy days were compared across the ten stations (Figure 6). Because the Tin situ
measurements compared with the Tck represent the cloudy-sky condition, the fitted line of
the Tck data at daytime is situated above the 1:1 line (Figure 6a) owing to the cloud cooling
effect by decreasing downwelling shortwave radiation. In contrast, the Tck is lower than
the Tin situ because of the warming effect due to the cloud increased downwelling longwave
radiation at nighttime.

The accuracy evaluation statistical metrics for Tck are shown in Table 3, which are
similar to those shown in Figure 6. The differences between the Tck and Tin situ for cloudy
skies vary with time. The comparison of Tck and Tin situ on cloudy days results in mean
MBE of 2.76 K, mean RMSE of 5.16 K, and mean R2 of 0.90 at daytime; mean MBE of
−4.69 K, mean RMSE of 5.67 K, and mean R2 of 0.91 at nighttime. There is higher R2 and
MBE between the Tck and Tin situ at nighttime than in the daytime.

Table 3. Summary of the comparison of theoretical clear-sky LST with in situ LST observation during
2013–2018.

Station
Daytime Nighttime

MBE (K) RMSE (K) R2 MBE(K) RMSE (K) R2

DMZ 2.57 4.35 0.92 −2.96 4.24 0.94
SDZ 3.73 4.94 0.92 −3.33 4.50 0.93
HZZ 3.90 6.20 0.90 −3.36 4.63 0.93

JCHM 2.74 5.57 0.91 −4.67 5.79 0.92
HMZ 4.91 6.42 0.95 −4.08 5.03 0.96
YKZ 2.26 4.99 0.83 −5.18 5.98 0.90
ARC 1.73 4.72 0.86 −5.91 6.51 0.91
DSL 1.47 4.84 0.84 −5.99 6.56 0.92
HHL 3.57 5.58 0.93 −5.61 6.65 0.93
SDQ 0.69 3.94 0.94 −5.85 6.82 0.93

The above results show that, although it is practicable to estimate the Tck for cloudy-
sky pixels using the TISP method, there is still a systematic bias in the Tck. Furthermore, the
systematic bias between Tck and Tin situ is associated with different land cover types [37],
which could be a result of how clouds influence the temperature of different surfaces.
Therefore, it is essential to quantitatively analyze the cloud effect on LST for different land
covers located in different regions. In this research, we classified the land covers into four
types according to the summer mean NDVI. According to this classification scheme, ARC
(upstream), SDZ, and DMZ (midstream) are high-density vegetation (Figure 7i); DSL and
YKZ (upstream) are medium-density vegetation (Figure 7j); SDQ and HHL are sparse
vegetation (Figure 7k); HMZ (downstream), JCHM, and HZZ (midstream) is bare land
(Figure 7l).

Figure 7 displays the monthly MBE (Tck–Tin situ) of four types of stations at daytime and
nighttime, positive MBE indicates a cooling effect of the clouds and negative MBE indicates
a warming effect. Figure 7a, b show that the high and medium-density vegetation stations
have similar cloud cooling amplitude and no seasonal trend. The sparse vegetation stations
show a moderate seasonal trend, low cooling in winter and moderate cooling in summer
with net cooling annually (Figure 7c); bare land stations show a strong seasonal trend, low
cooling in winter and high cooling in summer with net cooling annually (Figure 7d).

At nighttime, most stations show a net warming effect of clouds, high warming
amplitude in spring, moderate in summer, and low in winter. The temperature affected by
cloud at most stations showed a monthly “W” shape trend caused by similar cloud cover
(Figure 7e–h); the max warming amplitude of about 7 K appears in spring at the sparse
vegetation and bare land sites (Figure 7g); ARC shows a different trend with a warming
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amplitude of 5–7 K, a max warming amplitude of 7 K also appears in spring and winter
(Figure 7e).

Figure 7c,g show the daytime and nighttime cloud effects temperature amplitude at
sparse vegetation stations. They have the same seasonal trend in daytime and nighttime,
but HHL has a stronger cooling effect than SDQ in the daytime. The sparse vegetation
stations have a max cooling amplitude of about 5 K in summer and a warming amplitude
of about 8 K in spring.

Figure 7d and h show the daytime and nighttime temperature changes caused by
cloud cover at bare land stations (HZZ, JCHM midstream, HMZ downstream). These
stations have the same trend of cloud effect amplitude on the temperature in the daytime
and nighttime. The max cooling amplitude of about 8 K appears in summer and warming
amplitude of about 6 K in spring.

Most of the subfigures in Figure 7 show the same trend and similar amplitude. The
yearly cloud effect temperature statistics are shown in Table 4. At bare land sites, located
in the middle and downstream, the temperature change trends caused by cloud cover
are seasonal and very similar between stations, with a cooling amplitude of 4.14 K in the
daytime and warming of 3.99 K at nighttime. For dense vegetation, the temperature change
trends have a small seasonality and are very similar across stations during the daytime.
Therefore, LST can be corrected for cloud effects in each pixel by using the bias correction
of stations grouped by vegetation density class.

Table 4. Daytime and nighttime cloud effect temperature (K) statistics for different stations grouped by vegetation density.

Statistic
Density Vegetation Medium Vegetation Sparse Vegetation Bare Land

Day Night Day Night Day Night Day Night

Mean 2.67 −4.13 1.89 −5.47 2.28 −5.70 4.14 −3.99
Min 1.67 −6.09 1.47 −6.00 0.88 −5.88 3.18 −4.55
Max 3.68 −2.95 2.30 −4.59 3.67 −5.52 5.12 −3.38

3.2. Validation

To verify the accuracy of the new TISP framework, the corrected actual cloudy-sky LST
(Tcd) was validated with the data from the fifteen stations during 2013–2018. To minimize
the biases caused by time mismatch, only the in situ LST observations matching the Terra
overpass times within the closest half hour were chosen.

The validation scatters density plots are shown in Figure 8a (daytime) and Figure 8b
(nighttime). The plots indicate that most of the scatter points between Tcd and Tin situ are
concentrated around the 1:1 line. Moreover, the Tcd at nighttime shows greater agreement
with the in situ LST measurement than at daytime.

Table 5 shows the statistical metrics (MBE, RMSE, and R2) for each station. The mean
statistical metrics for all stations, ten bias correction stations, and five independent stations
are shown in Table 6. The validation accuracy of all stations indicates that the Tcd have
mean MBE <0.50 K (−0.43 K at daytime, 0.15 K at nighttime), mean RMSE of 4.41 K, and
R2 of 0.90 at daytime, and have mean RMSE of 2.91 K, and R2 of 0.93 at nighttime. The
accuracy of five independent stations have mean MBE of −1.32 K, mean RMSE of 4.86 K,
and R2 of 0.88 at daytime, and have mean MBE of 0.26 K, mean RMSE of 2.79 K, and R2 of
0.92 at nighttime, slightly lower than the result of all stations.
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Table 5. Daytime and nighttime of validation results for reconstructed cloudy-sky LST and MODIS LST at all fifteen stations
during 2013–2018.

Station
Daytime Nighttime

MBE (K) RMSE (K) R2 MBE (K) RMSE (K) R2

DMZ * −0.01/0.81 3.47/2.82 0.92/0.94 0.19/−1.09 2.77/2.00 0.95/0.97
SDZ * 1.13/2.76 3.40/3.97 0.92/0.92 −0.22/−2.24 2.93/3.41 0.94/0.92
HZZ * 0.04/0.65 4.64/3.09 0.91/0.95 0.92/−1.37 3.09/1.86 0.94/0.98

JCHM * −0.98/0.22 4.68/2.78 0.91/0.97 −0.28/−2.35 3.24/2.78 0.93/0.98
HMZ * 1.02/4.50 4.00/5.07 0.95/0.99 0.29/−0.02 2.80/1.14 0.96/0.99
YKZ * 0.39/2.97 4.46/5.39 0.83/0.78 0.43/−0.58 2.86/2.80 0.91/0.93
ARC * −0.98/1.08 4.23/2.96 0.87/0.93 0.00/−1.23 2.57/2.33 0.92/0.96
DSL * −0.38/−0.18 4.60/4.00 0.84/0.86 −0.37/−0.88 2.63/2.23 0.92/0.96
HHL * 1.42/3.98 4.45/5.13 0.93/0.96 0.12/−2.91 3.47/3.77 0.93/0.96
SDQ * −1.43/0.59 3.94/3.28 0.94/0.96 −0.14/−2.30 3.40/2.87 0.93/0.98
HCG −0.51/1.42 4.80/3.48 0.89/0.92 0.90/0.09 2.69/2.50 0.93/0.95
JYL −0.08/3.80 4.05/5.98 0.84/0.78 0.57/−2.81 2.63/3.84 0.90/0.93
EBZ −1.27/0.59 4.77/3.10 0.85/0.89 0.14/−1.08 2.49/1.93 0.91/0.98
HYZ −3.56/−2.91 5.66/4.91 0.93/0.95 0.03/−2.59 3.01/3.20 0.94/0.97
SSW −1.19/−0.45 5.00/3.44 0.90/0.94 −0.36/−2.38 3.12/2.91 0.94/0.98

All Stations −0.43/1.32 4.41/3.96 0.90/0.92 0.15/−1.58 2.91/2.64 0.93/0.96

Firstly, Before the forward slash is the reconstructed cloudy-sky LST. After forward slash is MODIS LST. Secondly, *: Stations utilized to
calculate cloud effect temperature term for bias correction.

Table 6. Daytime and nighttime of validation results for reconstructed cloudy-sky LST at different stations group.

Station
Daytime Nighttime

MBE (K) RMSE (K) R2 MBE (K) RMSE (K) R2

Calibration stations 0.02 4.19 0.90 0.09 2.98 0.93
Independent stations −1.32 4.86 0.88 0.26 2.79 0.92

All stations −0.43 4.41 0.90 0.15 2.91 0.93

Figure 8a compares Tcd against Tin situ in the daytime. Overall, most of the Tcd show
an excellent agreement with the Tin situ. The MBE of all stations is between ±1.5 K. For
five independent stations, MBE ranged from −3.56 K to −0.08 K and R2 ranged from 0.84
to 0.93. The accuracy of the Tcd at the sparse vegetation stations (HHL, SDQ, and HYZ)
are lower than others. This may be due to three reasons: (1) The MODIS LST product has
poor accuracy in arid areas and few outliers with large errors due to undetected clouds. It
may cause similar pixels generated by the TISP method to have large uncertainty, which
directly impacts the accuracy of Tck. (2) There is uncertainty in the cloud effect temperature
term estimation in these two stations. Although they belong to the sparse vegetation type
(the stations have similar NDVI), the land surface of HHL and HYZ is mixed with sand,
Populus euphratica, and Tamarix, thus the tree shadows increase the heterogeneity in the
regional temperature [62], while SDQ is mixed with sand and Tamarix, resulting in a more
homogeneous land surface than HHL. This directly impacts the accuracy of the cloud effect
temperature of this land cover type (Figure 7c). (3) These three stations are very close to
each other (Figure 1), resulting in a big bias from large viewing angles.

Figure 8b is the validation result at nighttime. For all stations, MBE ranges from −0.37
to 0.92 K, with an average MBE of 0.15 K; RMSE ranges from 2.49 to 3.47 K, with an average
RMSE of 2.91 K; R2 ranges from 0.91 to 0.96 (Table 5), with a mean R2 of 0.93.

Figure 3 and Table 5 show the evaluation of MODIS LST for daytime and nighttime.
The validation accuracy of the MODIS LST product has an average MBE of 1.32 K (−1.58 K),
average RMSE of 3.96 K (2.64 K), and average R2 of 0.93 (0.95) at daytime (nighttime).

Overall, the accuracy of the TISP method at all stations is generally comparable
to the accuracy of the valid MODIS data. The corrected Tcd at most stations has better
agreement with the Tin situ at nighttime than daytime. The result shows that the TISP
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method is dependable for most land cover types in HRB. The in situ LST observation at
Terra overpass time in the cloudy sky varied from 250 K (240 K) to 330 K (320 K) during
2013–2018. This temperature range can represent HRB’s temperature in cloudy skies. This
means that the TISP method is reliable for basin-wide applications in the HRB.

3.3. An Experiment for Testing the Accuracy of the Tck

In order to verify the accuracy of the Tck, a numerical simulation experiment was
designed for clear-sky MODIS LST images. For the experiment, two images of daytime
and nighttime LST (data gaps <5%) from the MOD11A1 LST product were selected for day
205 of 2018. Then, the original MODIS LSTs were masked with four circular areas with
diameters of 50, 100, 150, and 200 km in three experiment regions (Figure 9). The four black
circles with diameters (D) of 50, 100, 150, 200 km centered on each red dot represent the
simulated cloud cover area, which was then reconstructed. The three typical experiment
areas are located in a relatively dense vegetation cover area upstream (upstream test),
medium vegetation cover region midstream (midstream test), and low vegetation cover
area downstream of HRB (downstream test). Upstream test is the most complicated site
because it has relatively less vegetation heterogeneity but large elevation changes.
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Figure 9. The locations of the study region for the TISP reliability test. The test points are centered
in four circular areas for the simulated cloud cover; the black circles show the areas with different
diameters.

The simulated cloud cover areas in the circles with different diameters were recon-
structed using the TISP method, and the difference between the reconstructed Tck and
MODIS LST was calculated at each experiment area (Figures 10 and 11). The result in-
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dicates that the TISP method has better performance in the upstream and midstream
and the difference image was very close to 0 K (Figure 12). The downstream test result
(Figures 10c and 11c) shows that the TISP method may overestimate at daytime and un-
derestimate at nighttime. Therefore, the TISP method is more accurate in areas of dense
vegetation than bare land, because MODIS LST has lower accuracy in bare land, especially
in the daytime. At nighttime, all regions have similar accuracy and better than daytime
because the land surface becomes more homogeneous during nighttime. For each test
region, the difference between MODIS LST and Tck displays similar results among different
diameters.

To quantitatively analyze the accuracy of the TISP method for Tck generation, the MBE
and standard deviation (STD) between MODIS LST and Tck were calculated (Figure 12).
Most MBE of the Tck is concentrated in ±1 K. The range of MBE in the daytime is slightly
decreased from 0.79 K to −0.10 K upstream, increased from −0.01 to 0.94 K midstream,
decreased from −3.53 K to −2.65 K downstream. At nighttime, the range of MBE is smaller
and more stable than daytime, ranging from −0.71 to −0.63 K upstream, from −0.33 to
−0.18 K midstream, from 0.63 to 0.76 K downstream.

The average STD for each test area is less than 3 K in the daytime and less than 1.5 K
at nighttime (Figure 12). At daytime, STD ranges from 2.47 to 2.71 K upstream, from 1.69 to
1.96 K midstream, and from 0.83 K to 1.87 K downstream. The STD remains relatively stable
in the three experiment regions with D = 50 km to 150 km. At nighttime, STD changes
from 1.12 K to 1.23 K upstream, from 1.04 K to 1.19 K midstream, and from 0.63 K to 0.91 K
downstream. The STDs at nighttime are more stable than at daytime.

In most experiments, the accuracy of the TISP method is similar in different simulated
cloud cover areas because, for a certain area, the regressed function derived from similar
pixels between the reconstructed and reference image are relatively stable. Moreover,
Figures 10–12 indicate that the downstream test has the greatest MBE among all tests, while
the upstream and midstream tests show smaller LST bias. For the cloud cover area, the
spatial structure of the regional LST distribution has a greater influence on the TISP method
than the area of cloud cover area.

To test the topographic impact of the TISP method, the simulated cloud cover area
with 200 km diameter upstream was selected to compare the MBE with the DEM and NDVI
range at daytime and nighttime. The distribution histograms of MBE for the difference
image (original MODIS LST minus Tck) are shown in Figure 13a,d for day and night,
respectively. The MBE distribution histogram shows that the average biases of most test
areas are close to 0 K and are concentrated in ±1 K, although there were few larger bias
values. The percentage of bias in the range ±1 K is 54.6% during daytime and 72.4% at
nighttime. Therefore, the TISP method yields slightly higher accuracy with nighttime than
daytime data. Figure 13b,e show the MBE within different classes of DEM in daytime
and nighttime. From Figure 13b,e, the MBE is higher at high elevations (>4200 m), but
the percent is less than 5%. Figure 13c,f shows the MBE within different classes of NDVI.
From Figure 13c,f, the MBE is higher in the lower NDVI (<0.1), but the percent is <5%.
Therefore, judging from the overall accuracy and the effect of the DEM and NDVI, the
TISP reconstruction method is sensitive to the DEM factor at high elevations and the NDVI
factor at lower NDVI values at daytime.
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Figure 10. The distribution image of the difference (original LST minus reconstructed LST) in the test region masked with
different diameters in the daytime of 205 DOY, 2018. (a) Upstream test; (b) Midstream test; (c) Downstream test. The subtitle
indicates the date of the reconstructed images and the simulated cloud cover diameter.
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subtitle indicates the date of the reconstructed images and the simulated cloud cover diameter.
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3.4. Research Limitations

The TISP method proposed in this paper provides a new framework that takes full
advantage of ground-based observation. While it shows good accuracy, TISP also still
presents some limitations.

The impact factors used to select similar pixels in TISP include DEM, slope, aspect,
NDVI, and theoretical radiation. Although NDVI represents, to some extent, the state of
the land cover, it may cause a similar pixel selection algorithm to misclassify low NDVI
areas. Bare land has the largest area in HRB and is widely distributed, including bare rock,
the Gobi Desert, sand desert, saline land, etc. It is difficult to discriminate among these bare
land types due to their low NDVI values; therefore, to improve the accuracy of the TISP
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method on bare land, we need to further develop a long time series land cover product
that includes more refined land cover types.

The original MODIS LST data presents some anomalies (Figure 3a) caused by unde-
tected clouds [53,69]. Although some of the anomalies can be eliminated through quality
control, they cannot be completely eliminated, affecting reference image generation and
model construction. Therefore, more attention needs to be paid to identifying cloud-
contaminated pixels in the MODIS LST product before performing LST reconstruction.

On the other hand, two empirical parameters may affect the accuracy of the TISP
method, one is the number of consecutive days, and another is the data gaps rate threshold.
Setting a larger number of consecutive days can increase the amount of valid data in the
image. However, it can also lead to a weakening of the correlation between similar pixels
in the reference image. Too small of a data gap rate threshold may result in a small number
of reference images, consequently the large interval between the reference image and
reconstructed image.

The impact of cloud type on LST for different land covers needs to be studied further.
In this paper, the theoretical clear-sky LST was compared with ground-based observations
and found that the effect of clouds on LST varies seasonally and with land cover. At
night, the warming effect of clouds on LST is higher in spring and autumn under most
vegetation types, which is mainly due to the different cloud types in these seasons. The
spatial distribution and temporal variation characteristics of cloud types in HRB were not
discussed in depth in this paper. Research on the influence of cloud types on LST should
be strengthened in future studies.

For regions with adequate and typical ground-based observations, the TISP method is
applicable to other thermal remote sensing sensors with short satellite revisit cycles, which
can provide a sufficient number of validation data required for bias correction.

The TISP bias correction requires in situ LST measurements to construct the cloud
effect temperature term. Therefore, it cannot be directly applied to regions without in situ
measurements. However, the bias correction can be improved by calculating the cloud
effect temperature term from the comparison between calibrated land skin temperature of
reanalysis data [39] against the theoretical clear sky LST.

In recent years, all-weather LST generation methods have evolved from single data
source to multi-source data fusions. Future research will focus on combining the advan-
tages of TIR and microwave LST from polar and geostationary satellites, ground-based
observations, and model output data to derive a global, gap-free LST product.

4. Conclusions

In this research, we proposed the TISP method to reconstruct actual cloudy-sky LST
for MOD11A1 data. First, the theoretical clear-sky land surface temperature was estimated
based on the improved similar pixel algorithm. Then, bias correction for the theoretical
clear-sky land surface temperature used the cloud effect temperature component calculated
from the statistical relation between in situ LST measurements and theoretical clear-sky
land surface temperature.

The estimated theoretical clear-sky temperature indicated that clouds cool/warm the
land surface during day/night in HRB, China. For bare land located mid- and downstream,
the temperature change trends caused by cloud cover have obvious seasonality and sim-
ilarity; cloudiness causes an approximate reduction of the yearly mean value of 4.14 K,
ranging from 3.18 to 5.12 K during the day, while an increase of the yearly mean value of
3.99 K, ranging from 3.38 to 4.55 K at night on a monthly average was observed. For dense
vegetation, temperature change trends have small seasonality and are very similar across
stations during the day.

This TISP method and MODIS LST product had been validated against in situ ob-
servation of LST at 15 stations during 2013–2018, and the accuracy assessment of the
reconstructed actual cloudy-sky LST at daytime shows that MBEs are between ±1.5 K,
except for one station of −3.56 K, RMSEs of 3.40–5.66 K, and R2 of 0.83–0.95; at nighttime,
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the accuracy shows that MBEs are between ±1.0 K, RMSEs of 2.57–3.47 K, and R2 of 0.90–
0.96. Overall, the accuracy assessment of the cloudy-sky LST with results in mean MBE
of −0.43/0.15 K, mean RMSE of 4.41/2.91 K, and R2 of 0.90/0.93 at daytime/nighttime,
which is consistent with the recently published studies [37,41] and MODIS LST product
accuracy with a mean MBE of 1.32/−1.58 K, and a mean RMSE of 3.96/2.64 K.

Overall, the developed method maximizes the potential use of MODIS LST data
over cloud cover effect on temperature with in situ observations, and can successfully
reconstruct cloudy pixels under all-sky conditions. The validation and experimental results
show that for most land surface types the TISP method has high accuracy, except over
sparse vegetation types. Although there is still uncertainty in the TISP method, this study
proposed an effective and very simple guideline for MODIS cloudy-sky LST reconstruction
at the basin scale where abundant ground-based measurements for most land surface types
are available. In a future study, the new fusion framework will be developed to generate a
long time series of LST datasets by taking advantage of additional thermal infrared and
microwave remote sensing data, model outputs, and in situ observation.

Author Contributions: J.T. and T.C. conceived the work and designed the experiments; J.T. developed
the framework code and wrote the manuscript; T.C., J.W. and J.L. analyzed the result and edited the
manuscript; Z.R. and Y.Z. implemented the field work and validation. All authors participated in
discussion and revision of manuscript. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Strategic Priority Research Program of the Chinese
Academy of Sciences (Grant No. XDA19070101) and the National Natural Science Foundation of
China (Grant No. 41701420, No. 41601448, No. 41671351).

Data Availability Statement: The data presented in this study are available on request from the
corresponding website. The other result data are available on request from the corresponding author.
The code is openly available at [https://github.com/xiaositan/LST_Reconstruct_RS, accessed on 5
March 2021].

Acknowledgments: In the study, all the MODIS data were provided by the Level-1 and Atmosphere
Archive and Distribution System Distributed Active Archive Center (http://ladsweb.nascom.nasa.
gov/, accessed on 5 March 2021). The ground-based observation data were obtained from the
National Tibetan Plateau Data Center (https://data.tpdc.ac.cn/, accessed on 5 March 2021). They
also thank Z.N. (Zhuotong Nan) for providing the code for the SP method.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Santer, B.D.; Po-Chedley, S.; Zelinka, M.D.; Cvijanovic, I.; Bonfils, C.; Durack, P.J.; Fu, Q.; Kiehl, J.; Mears, C.; Painter, J.; et al.

Human influence on the seasonal cycle of tropospheric temperature. Science 2018, 361, eaas8806. [CrossRef]
2. Kalma, J.D.; McVicar, T.R.; McCabe, M.F. Estimating Land Surface Evaporation: A Review of Methods Using Remotely Sensed

Surface Temperature Data. Surv. Geophys. 2008, 29, 421–469. [CrossRef]
3. Li, Z.L.; Tang, B.H.; Wu, H.; Ren, H.Z.; Yan, G.J.; Wan, Z.M.; Trigo, I.F.; Sobrino, J.A. Satellite-derived land surface temperature:

Current status and perspectives. Remote Sens. Environ. 2013, 131, 14–37. [CrossRef]
4. Wan, Z. New refinements and validation of the collection-6 MODIS land-surface temperature/emissivity product. Remote Sens.

Environ. 2014, 140, 36–45. [CrossRef]
5. Field, C.B.; Behrenfeld, M.J.; Randerson, J.T.; Falkowski, P. Primary Production of the Biosphere: Integrating Terrestrial and

Oceanic Components. Science 1998, 281, 237–240. [CrossRef]
6. Seddon, A.W.R.; Macias-Fauria, M.; Long, P.R.; Benz, D.; Willis, K.J. Sensitivity of global terrestrial ecosystems to climate

variability. Nature 2016, 531, 229–232. [CrossRef] [PubMed]
7. Kogan, F.N. Operational Space Technology for Global Vegetation Assessment. Bull. Am. Meteorol. Soc. 2001, 82, 1949–1964.

[CrossRef]
8. Kraaijenbrink, P.D.A.; Bierkens, M.F.P.; Lutz, A.F.; Immerzeel, W.W. Impact of a global temperature rise of 1.5 degrees Celsius on

Asia’s glaciers. Nature 2017, 549, 257–260. [CrossRef]
9. Sobrino, J.A.; Julien, Y.; García-Monteiro, S. Surface Temperature of the Planet Earth from Satellite Data. Remote Sens. 2020, 12,

218. [CrossRef]

https://github.com/xiaositan/LST_Reconstruct_RS
http://ladsweb.nascom.nasa.gov/
http://ladsweb.nascom.nasa.gov/
https://data.tpdc.ac.cn/
http://doi.org/10.1126/science.aas8806
http://doi.org/10.1007/s10712-008-9037-z
http://doi.org/10.1016/j.rse.2012.12.008
http://doi.org/10.1016/j.rse.2013.08.027
http://doi.org/10.1126/science.281.5374.237
http://doi.org/10.1038/nature16986
http://www.ncbi.nlm.nih.gov/pubmed/26886790
http://doi.org/10.1175/1520-0477(2001)082&lt;1949:OSTFGV&gt;2.3.CO;2
http://doi.org/10.1038/nature23878
http://doi.org/10.3390/rs12020218


Remote Sens. 2021, 13, 1671 25 of 27

10. Neteler, M. Estimating Daily Land Surface Temperatures in Mountainous Environments by Reconstructed MODIS LST Data.
Remote Sens. 2010, 2, 333–351. [CrossRef]

11. Singh, S.; Bhardwaj, A.; Singh, A.; Sam, L.; Shekhar, M.; Martín-Torres, F.J.; Zorzano, M.-P. Quantifying the Congruence between
Air and Land Surface Temperatures for Various Climatic and Elevation Zones of Western Himalaya. Remote Sens. 2019, 11, 2889.
[CrossRef]

12. Brabyn, L.; Stichbury, G. Calculating the surface melt rate of Antarctic glaciers using satellite-derived temperatures and stream
flows. Environ. Monit. Assess 2020, 192, 1–14. [CrossRef]

13. Ran, Y.; Li, X.; Jin, R.; Guo, J. Remote Sensing of the Mean Annual Surface Temperature and Surface Frost Number for Mapping
Permafrost in China. Arct. Antarct. Alp. Res. 2015, 47, 255–265. [CrossRef]

14. Ran, Y.; Li, X.; Cheng, G.; Nan, Z.; Che, J.; Sheng, Y.; Wu, Q.; Jin, H.; Luo, D.; Tang, Z.; et al. Mapping the permafrost stability on
the Tibetan Plateau for 2005–2015. Sci. China Earth Sci. 2021, 64, 62–79. [CrossRef]

15. Jenkins, L.K.; Barry, T.; Bosse, K.R.; Currie, W.S.; Christensen, T.; Longan, S.; Shuchman, R.A.; Tanzer, D.; Taylor, J.J. Satellite-based
decadal change assessments of pan-Arctic environments. Ambio 2020, 49, 820–832. [CrossRef]

16. Retamales-Muñoz, G.; Durán-Alarcón, C.; Mattar, C. Recent land surface temperature patterns in Antarctica using satellite and
reanalysis data. J. S. Am. Earth Sci. 2019, 95, 102304. [CrossRef]

17. McMillin, L.M. Estimation of sea surface temperatures from two infrared window measurements with different absorption. J.
Geophys. Res. 1975, 80, 5113–5117. [CrossRef]

18. Coll, C.; Valor, E.; Galve, J.M.; Mira, M.; Bisquert, M.; García-Santos, V.; Caselles, E.; Caselles, V. Long-term accuracy assessment
of land surface temperatures derived from the Advanced Along-Track Scanning Radiometer. Remote Sens. Environ. 2012, 116,
211–225. [CrossRef]

19. Jiang, G.M.; Li, Z.L. Split-window algorithm for land surface temperature estimation from MSG1-SEVIRI data. Int. J. Remote Sens.
2008, 29, 6067–6074. [CrossRef]

20. Zhengming, W.; Dozier, J. A generalized split-window algorithm for retrieving land-surface temperature from space. IEEE Trans.
Geosci. Remote Sens. 1996, 34, 892–905. [CrossRef]

21. Mao, K.; Yuan, Z.; Zuo, Z.; Xu, T.; Shen, X.; Gao, C. Changes in Global Cloud Cover Based on Remote Sensing Data from 2003 to
2012. Chin. Geogr. Sci. 2019, 20, 306–315. [CrossRef]

22. Bisht, G.; Venturini, V.; Islam, S.; Jiang, L. Estimation of the net radiation using MODIS (Moderate Resolution Imaging Spectrora-
diometer) data for clear sky days. Remote Sens. Environ. 2005, 97, 52–67. [CrossRef]

23. Liu, Y.; Key, J.R.; Wang, X. The Influence of Changes in Cloud Cover on Recent Surface Temperature Trends in the Arctic. J. Clim.
2008, 21, 705–715. [CrossRef]

24. Westermann, S.; Langer, M.; Boike, J. Systematic bias of average winter-time land surface temperatures inferred from MODIS at a
site on Svalbard, Norway. Remote Sens. Environ. 2012, 118, 162–167. [CrossRef]

25. Bechtel, B. A New Global Climatology of Annual Land Surface Temperature. Remote Sens. 2015, 7, 2850–2870. [CrossRef]
26. Zeng, C.; Shen, H.; Zhong, M.; Zhang, L.; Wu, P. Reconstructing MODIS LST Based on Multitemporal Classification and Robust

Regression. IEEE Geosci. Remote Sens. Lett. 2015, 12, 512–516. [CrossRef]
27. Xu, Y.; Shen, Y. Reconstruction of the land surface temperature time series using harmonic analysis. Comput. Geosci. 2013, 61,

126–132. [CrossRef]
28. Savitzky, A.; Golay, M.J.E. Smoothing and Differentiation of Data by Simplified Least Squares Procedures. Anal. Chem. 1964, 36,

1627–1639. [CrossRef]
29. Na, F.; Gaodi, X.; Wenhua, L.; Yajing, Z.; Changshun, Z.; Na, L. Mapping Air Temperature in the Lancang River Basin Using the

Reconstructed MODIS LST Data. J. Resour. Ecol. 2014, 5, 253–262. [CrossRef]
30. Kang, J.; Tan, J.; Jin, R.; Li, X.; Zhang, Y. Reconstruction of MODIS Land Surface Temperature Products Based on Multi-Temporal

Information. Remote Sens. 2018, 10, 1112. [CrossRef]
31. Jin, M.; Dickinson, R.E. A generalized algorithm for retrieving cloudy sky skin temperature from satellite thermal infrared

radiances. J. Geophys. Res. Atmos. 2000, 105, 27037–27047. [CrossRef]
32. Lu, L.; Venus, V.; Skidmore, A.; Wang, T.; Luo, G. Estimating land-surface temperature under clouds using MSG/SEVIRI

observations. Int. J. Appl. Earth. Obs. Geoinf. 2011, 13, 265–276. [CrossRef]
33. Martins, J.P.A.; Trigo, I.F.; Ghilain, N.; Jimenez, C.; Gottsche, F.M.; Ermida, S.L.; Olesen, F.S.; Gellens-Meulenberghs, F.; Arboleda,

A. An All-Weather Land Surface Temperature Product Based on MSG/SEVIRI Observations. Remote Sens. 2019, 11, 3044.
[CrossRef]

34. Trigo, I.F.; Dacamara, C.C.; Viterbo, P.; Roujean, J.-L.; Olesen, F.; Barroso, C.; Camacho-de-Coca, F.; Carrer, D.; Freitas, S.C.;
García-Haro, J.; et al. The Satellite Application Facility for Land Surface Analysis. Int. J. Remote Sens. 2011, 32, 2725–2744.
[CrossRef]

35. Duan, S.-B.; Li, Z.-L.; Leng, P. A framework for the retrieval of all-weather land surface temperature at a high spatial resolution
from polar-orbiting thermal infrared and passive microwave data. Remote Sens. Environ. 2017, 195, 107–117. [CrossRef]

36. Prigent, C.; Jimenez, C.; Aires, F. Towards “all weather”, long record, and real-time land surface temperature retrievals from
microwave satellite observations. J. Geophys. Res. Atmos. 2016, 121, 5699–5717. [CrossRef]

http://doi.org/10.3390/rs1020333
http://doi.org/10.3390/rs11242889
http://doi.org/10.1007/s10661-020-08396-x
http://doi.org/10.1657/AAAR00C-13-306
http://doi.org/10.1007/s11430-020-9685-3
http://doi.org/10.1007/s13280-019-01249-z
http://doi.org/10.1016/j.jsames.2019.102304
http://doi.org/10.1029/JC080i036p05113
http://doi.org/10.1016/j.rse.2010.01.027
http://doi.org/10.1080/01431160802235860
http://doi.org/10.1109/36.508406
http://doi.org/10.1007/s11769-019-1030-6
http://doi.org/10.1016/j.rse.2005.03.014
http://doi.org/10.1175/2007JCLI1681.1
http://doi.org/10.1016/j.rse.2011.10.025
http://doi.org/10.3390/rs70302850
http://doi.org/10.1109/LGRS.2014.2348651
http://doi.org/10.1016/j.cageo.2013.08.009
http://doi.org/10.1021/ac60214a047
http://doi.org/10.5814/j.issn.1674-764X.2014.03.008
http://doi.org/10.3390/rs10071112
http://doi.org/10.1029/2000JD900318
http://doi.org/10.1016/j.jag.2010.12.007
http://doi.org/10.3390/rs11243044
http://doi.org/10.1080/01431161003743199
http://doi.org/10.1016/j.rse.2017.04.008
http://doi.org/10.1002/2015JD024402


Remote Sens. 2021, 13, 1671 26 of 27

37. Long, D.; Yan, L.; Bai, L.; Zhang, C.; Li, X.; Lei, H.; Yang, H.; Tian, F.; Zeng, C.; Meng, X.; et al. Generation of MODIS-like land
surface temperatures under all-weather conditions based on a data fusion approach. Remote Sens. Environ. 2020, 246, 111863.
[CrossRef]

38. Zhao, B.; Mao, K.; Cai, Y.; Shi, J.; Li, Z.; Qin, Z.; Meng, X.; Shen, X.; Guo, Z. A combined Terra and Aqua MODIS land surface
temperature and meteorological station data product for China from 2003 to 2017. Earth Syst. Sci. Data 2020, 12, 2555–2577.
[CrossRef]

39. Dumitrescu, A.; Brabec, M.; Cheval, S. Statistical Gap-Filling of SEVIRI Land Surface Temperature. Remote Sens. 2020, 12, 1423.
[CrossRef]

40. Weiss, D.J.; Atkinson, P.M.; Bhatt, S.; Mappin, B.; Hay, S.I.; Gething, P.W. An effective approach for gap-filling continental scale
remotely sensed time-series. ISPRS J. Photogramm. Remote Sens. 2014, 98, 106–118. [CrossRef] [PubMed]

41. Zeng, C.; Long, D.; Shen, H.; Wu, P.; Cui, Y.; Hong, Y. A two-step framework for reconstructing remotely sensed land surface
temperatures contaminated by cloud. ISPRS J. Photogramm. Remote Sens. 2018, 141, 30–45. [CrossRef]

42. Yu, W.; Nan, Z.; Wang, Z.; Chen, H.; Wu, T.; Zhao, L. An Effective Interpolation Method for MODIS Land Surface Temperature on
the Qinghai-Tibet Plateau. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2015, 8, 4539–4550. [CrossRef]

43. Yu, W.; Tan, J.; Ma, M.; Li, X.; She, X.; Song, Z. An Effective Similar-Pixel Reconstruction of the High-Frequency Cloud-Covered
Areas of Southwest China. Remote Sens. 2019, 11, 336. [CrossRef]

44. Li, X.; Cheng, G.; Liu, S.; Xiao, Q.; Ma, M.; Jin, R.; Che, T.; Liu, Q.; Wang, W.; Qi, Y.; et al. Heihe Watershed Allied Telemetry
Experimental Research (HiWATER): Scientific Objectives and Experimental Design. Bull. Am. Meteorol. Soc. 2013, 94, 1145–1160.
[CrossRef]

45. Che, T.; Li, X.; Liu, S.; Li, H.; Xu, Z.; Tan, J.; Zhang, Y.; Ren, Z.; Xiao, L.; Deng, J.; et al. Integrated hydrometeorological, snow
and frozen-ground observations in the alpine region of the Heihe River Basin, China. Earth Syst. Sci. Data 2019, 11, 1483–1499.
[CrossRef]

46. Wang, H.; Li, X.; Xiao, J.; Ma, M. Evapotranspiration components and water use efficiency from desert to alpine ecosystems in
drylands. Agric. For. Meteorol. 2021, 298–299, 108283. [CrossRef]

47. Liu, S.; Li, X.; Xu, Z.; Che, T.; Xiao, Q.; Ma, M.; Liu, Q.; Jin, R.; Guo, J.; Wang, L.; et al. The Heihe Integrated Observatory Network:
A Basin-Scale Land Surface Processes Observatory in China. Vadose Zone J. 2018, 17, 180072. [CrossRef]

48. Kumar, L.; Skidmore, A.K.; Knowles, E. Modelling topographic variation in solar radiation in a GIS environment. Int. J. Geogr. Inf.
Sci. 1997, 11, 475–497. [CrossRef]

49. Wang, H.; Li, X.; Xiao, J.; Ma, M.; Tan, J.; Wang, X.; Geng, L. Carbon fluxes across alpine, oasis, and desert ecosystems in
northwestern China: The importance of water availability. Sci. Total Environ. 2019, 697, 133978. [CrossRef] [PubMed]

50. Wang, K.; Liang, S. Evaluation of ASTER and MODIS land surface temperature and emissivity products using long-term surface
longwave radiation observations at SURFRAD sites. Remote Sens. Environ. 2009, 113, 1556–1565. [CrossRef]

51. Li, H.; Li, R.; Yang, Y.; Cao, B.; Bian, Z.; Hu, T.; Du, Y.; Sun, L.; Liu, Q. Temperature-Based and Radiance-Based Validation of the
Collection 6 MYD11 and MYD21 Land Surface Temperature Products Over Barren Surfaces in Northwestern China. IEEE Trans.
Geosci. Remote Sens. 2021, 59, 1794–1807. [CrossRef]

52. Li, H.; Sun, D.; Yu, Y.; Wang, H.; Liu, Y.; Liu, Q.; Du, Y.; Wang, H.; Cao, B. Evaluation of the VIIRS and MODIS LST products in an
arid area of Northwest China. Remote Sens. Environ. 2014, 142, 111–121. [CrossRef]

53. Göttsche, F.-M.; Olesen, F.-S.; Bork-Unkelbach, A. Validation of land surface temperature derived from MSG/SEVIRI with in situ
measurements at Gobabeb, Namibia. Int. J. Remote Sens. 2013, 34, 3069–3083. [CrossRef]

54. Yu, W.P.; Ma, M.G.; Li, Z.L.; Tan, J.L.; Wu, A.A. New Scheme for Validating Remote-Sensing Land Surface Temperature Products
with Station Observations. Remote Sens. 2017, 9, 1210. [CrossRef]

55. He, Y.; Wang, K. Contrast patterns and trends of lapse rates calculated from near-surface air and land surface temperatures in
China from 1961 to 2014. Sci. Bull. 2020, 65, 1217–1224. [CrossRef]

56. Wallace, J.M.; Hobbs, P.V. Atmospheric Science: An Introductory Survey, 2nd ed.; Elsevier: Amsterdam, The Netherlands, 2006;
pp. 1–488. [CrossRef]

57. Jain, S.K.; Goswami, A.; Saraf, A.K. Determination of land surface temperature and its lapse rate in the Satluj River basin using
NOAA data. Int. J. Remote Sens. 2008, 29, 3091–3103. [CrossRef]

58. Tang, Z.; Fang, J. Temperature variation along the northern and southern slopes of Mt. Taibai, China. Agric. For. Meteorol. 2006,
139, 200–207. [CrossRef]

59. McCune, B.; Keon, D. Equations for potential annual direct incident radiation and heat load. J. Veg. Sci. 2002, 13, 603–606.
[CrossRef]

60. Malbéteau, Y.; Merlin, O.; Gascoin, S.; Gastellu, J.P.; Mattar, C.; Olivera-Guerra, L.; Khabba, S.; Jarlan, L. Normalizing land surface
temperature data for elevation and illumination effects in mountainous areas: A case study using ASTER data over a steep-sided
valley in Morocco. Remote Sens. Environ. 2017, 189, 25–39. [CrossRef]

61. He, J.; Zhao, W.; Li, A.; Wen, F.; Yu, D. The impact of the terrain effect on land surface temperature variation based on Landsat-8
observations in mountainous areas. Int. J. Remote Sens. 2019, 40, 1808–1827. [CrossRef]

62. Yu, Q.; Ji, W.; Pu, R.; Landry, S.; Acheampong, M.; O’Neil-Dunne, J.; Ren, Z.; Tanim, S.H. A preliminary exploration of the cooling
effect of tree shade in urban landscapes. Int. J. Appl. Earth. Obs. Geoinf. 2020, 92, 102161. [CrossRef]

http://doi.org/10.1016/j.rse.2020.111863
http://doi.org/10.5194/essd-12-2555-2020
http://doi.org/10.3390/rs12091423
http://doi.org/10.1016/j.isprsjprs.2014.10.001
http://www.ncbi.nlm.nih.gov/pubmed/25642100
http://doi.org/10.1016/j.isprsjprs.2018.04.005
http://doi.org/10.1109/JSTARS.2015.2464094
http://doi.org/10.3390/rs11030336
http://doi.org/10.1175/BAMS-D-12-00154.1
http://doi.org/10.5194/essd-11-1483-2019
http://doi.org/10.1016/j.agrformet.2020.108283
http://doi.org/10.2136/vzj2018.04.0072
http://doi.org/10.1080/136588197242266
http://doi.org/10.1016/j.scitotenv.2019.133978
http://www.ncbi.nlm.nih.gov/pubmed/31491642
http://doi.org/10.1016/j.rse.2009.03.009
http://doi.org/10.1109/TGRS.2020.2998945
http://doi.org/10.1016/j.rse.2013.11.014
http://doi.org/10.1080/01431161.2012.716539
http://doi.org/10.3390/rs9121210
http://doi.org/10.1016/j.scib.2020.04.001
http://doi.org/10.1016/C2009-0-00034-8
http://doi.org/10.1080/01431160701468992
http://doi.org/10.1016/j.agrformet.2006.07.001
http://doi.org/10.1111/j.1654-1103.2002.tb02087.x
http://doi.org/10.1016/j.rse.2016.11.010
http://doi.org/10.1080/01431161.2018.1466082
http://doi.org/10.1016/j.jag.2020.102161


Remote Sens. 2021, 13, 1671 27 of 27

63. Peng, X.; Wu, W.; Zheng, Y.; Sun, J.; Hu, T.; Wang, P. Correlation analysis of land surface temperature and topographic elements
in Hangzhou, China. Sci. Rep. 2020, 10, 10451. [CrossRef] [PubMed]

64. Yu, Y.R.; Duan, S.B.; Li, Z.L.; Chang, S.; Xing, Z.F.; Leng, P.; Gao, M.F. Interannual Spatiotemporal Variations of Land Surface
Temperature in China From 2003 to 2018. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2021, 14, 1783–1795. [CrossRef]

65. Deng, Y.; Wang, S.; Bai, X.; Tian, Y.; Wu, L.; Xiao, J.; Chen, F.; Qian, Q. Relationship among land surface temperature and LUCC,
NDVI in typical karst area. Sci. Rep. 2018, 8, 641. [CrossRef] [PubMed]

66. Hope, A.; Engstrom, R.; Stow, D. Relationship between AVHRR surface temperature and NDVI in Arctic tundra ecosystems. Int.
J. Remote Sens. 2005, 26, 1771–1776. [CrossRef]

67. Davies, L.; Gather, U. The identification of multiple outliers. J. Am. Stat. Assoc. 1993, 88, 782–792. [CrossRef]
68. Chen, J.; Brissette, F.P.; Leconte, R. Uncertainty of downscaling method in quantifying the impact of climate change on hydrology.

J. Hydrol. 2011, 401, 190–202. [CrossRef]
69. Bulgin, C.E.; Merchant, C.J.; Ghent, D.; Klüser, L.; Popp, T.; Poulsen, C.; Sogacheva, L. Quantifying Uncertainty in Satellite-

Retrieved Land Surface Temperature from Cloud Detection Errors. Remote Sens. 2018, 10, 616. [CrossRef]

http://doi.org/10.1038/s41598-020-67423-6
http://www.ncbi.nlm.nih.gov/pubmed/32591553
http://doi.org/10.1109/JSTARS.2020.3048823
http://doi.org/10.1038/s41598-017-19088-x
http://www.ncbi.nlm.nih.gov/pubmed/29330526
http://doi.org/10.1080/01431160500043780
http://doi.org/10.1080/01621459.1993.10476339
http://doi.org/10.1016/j.jhydrol.2011.02.020
http://doi.org/10.3390/rs10040616

	Introduction 
	Materials and Methods 
	Study Area 
	Data and Data Reprocessing 
	Remote Sensing and Auxiliary Data 
	Ground LST Estimation 
	MODIS LST Accuracy 

	MODIS LST Reconstruction Method 
	Reconstruction of Theoretical Clear-Sky LST 
	Bias Correction of Theoretical Clear-Sky LST 

	Evaluation Metrics 

	Results and Discussion 
	Generating the Theoretical Clear-Sky LST 
	Validation 
	An Experiment for Testing the Accuracy of the Tck 
	Research Limitations 

	Conclusions 
	References

