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Estimation of Land Surface Temperature Over the
Tibetan Plateau Based on Sentinel-3 SLSTR Data

Yuting Qi , Lei Zhong , Yaoming Ma , Yunfei Fu, Xian Wang , and Peizhen Li

Abstract—Land surface temperature (LST) plays a crucial role
in the energy and water cycles of the Earth’s climate system. The
uncertainty of LST retrieval from satellites is a fundamental and
long-standing issue, especially in plateau areas [such as the Tibetan
Plateau (TP)], due to its high altitude, unique hydrometeorological
conditions, and complex underlying surfaces. To improve the accu-
racy of LST retrieval over the TP, different methods, including the
single channel (SC) algorithm, the split-window (SW) algorithm,
and four machine learning (ML) models, were used to retrieve
the LST based on sea and land surface temperature radiometer
(SLSTR) data in this study. The validation results indicated that
the root-mean-square errors (RMSEs) of the LSTs retrieved by
the SC and SW algorithms were 3.48 and 2.64 K, respectively,
which shows a better performance than the official SLSTR LST
products (5.23 K). In addition, the random forest model has the
highest accuracy among the four ML models, with an RMSE of
3.26 K. By comparing the performance of various methods, the
SW algorithm is more stable and reliable for LST retrieval over
the TP. In addition, the accurate spatiotemporal distribution of the
LST based on the SW algorithm was also analyzed, which would
benefit the understanding of the physical processes of energy and
water cycles over the TP.

Index Terms—Land surface temperature (LST), moderate
resolution imaging spectroradiometer (MODIS)/terra, sea and land
surface temperature radiometer (SLSTR) data, Tibetan Plateau
(TP).

I. INTRODUCTION

LAND surface temperature (LST) is a crucial parameter for
water and energy flux exchange between the land surface
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and atmosphere [1], [2], [3]. It has been widely used to estimate
evapotranspiration [4] and the urban heat island effect [5] and
to monitor climate change [6]. The Tibetan Plateau (TP) has
significant thermodynamic effects on atmospheric circulation,
which is pivotal to climate change at different scales [7], [8],
[9], [10]. Although many global and long-term LST products are
available, LST uncertainty often exists on the TP due to its high
altitude and heterogeneous underlying surface types compared
with the plain area [11], [12].

LST can be obtained from ground observations, land surface
modeling, and satellite remote sensing [13], [14]. The ground
stations on the TP are not only sparse but also unevenly dis-
tributed due to heterogeneous surface conditions [10]. In the
study of global-scale land-atmosphere interactions, it is diffi-
cult to use in situ measurements alone to meet the application
requirements. In contrast, land surface modeling, such as the
China land data assimilation system (CLDAS) [15], provides
continuously spatiotemporal LSTs, but their spatial resolution is
usually coarse. Satellite remote sensing has the characteristics of
periodically and repeatedly observing the same area, which can
provide long-term LST monitoring [16], [17]. According to the
number of thermal infrared (TIR) bands involved, the two com-
mon LST retrieval methods based on remote sensing data are the
single-channel (SC) and split-window (SW) methods [18], [19],
[20], [21], [22]. The common advantages of these two algorithms
are simplicity, high efficiency, and fewer prior assumptions,
provided that the land surface emissivity (LSE) of each band
is known. Currently, the SC method has been widely used for
LST retrieval and is applicable to all TIR sensors [17], [21]. The
core of using the SC algorithm to determine LST accurately is the
selection of the radiative transfer equation (RTE), correctly con-
sidering the topographic effects and the complete atmospheric
profile characteristics. Due to the unique hydrometeorological
conditions and complex underlying surfaces of the TP, it is diffi-
cult to obtain synchronized atmospheric profile data. Compared
with the traditional SC algorithm, the input parameters of the
generalized SC algorithm are atmospheric water vapor content
(WVC) and LSE, which are more convenient to obtain and more
suitable for LST retrieval at a larger scale [18]. Meanwhile,
the SW algorithm uses different parameterizations of crucial
parameters without requiring accurate atmospheric profiles to
retrieve the LST [19], [20]. The atmospheric transmittance will
decrease at larger satellite zenith angle (SZA) because of the
increased absorption path length. Error analysis demonstrates
that the SW algorithm must fully take the SZA into account [13],
[18]. In addition, in the humid atmosphere (WVC>2.5 g·cm−2),
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the WVC must be explicitly included in the SW algorithm [18].
The split-window algorithm (SWA) proposed by Becker and Li
[13] explicitly incorporates the LSEs, SZA, and WVC, and it has
been proven to with good performance over the TP [2]. In addi-
tion, Wan and Dozier [22] developed a generalized split-window
(GSW) algorithm to retrieve LST from AVHRR and moderate
resolution imaging spectroradiometer (MODIS) data, which also
involved the LSEs, SZA, and WVC as input parameters. As
one of the official algorithms for MODIS LST products, the
GSW algorithm was utilized for LST retrieval under clear-sky
conditions. Meanwhile, the thermal infrared band settings of
the SLSTR sensor are similar to those of the MODIS sensor.
Therefore, by fully considering the sensor characteristics and
algorithm applicability, the SW algorithm proposed by Becker
and Li [13] was selected to retrieve LST based on SLSTR data
over the TP, and the MODIS LST products (MOD11A1) based
on the GSW algorithm were used for comparison in this study. In
practical applications, effective methods of LST retrieval from
remote sensing data can be first obtained by taking into account
the assumptions of algorithms, the characteristics of sensors,
geographical characteristics, and atmospheric conditions of the
study area. Then, the optimal method can be selected by com-
paring the performance of different algorithms. Unfortunately,
comparisons are seldom made for different algorithms to retrieve
LST on the TP [18].

In recent years, machine learning (ML) models have been
widely developed and have played a significant role in re-
search on environmental parameter retrieval [23], [24], [25],
[26], [27]. ML models are suitable for establishing complex
nonlinear statistical relations between satellite data and ground
observations. Feasible ML models based on remote sensing data
for LST retrieval can overcome some complex issues, such as
limitations of observation instruments, cloud contamination, and
atmospheric effects [17]. Wang et al. [23] proposed a novel
LST retrieval method based on model-data-knowledge-driven
and deep learning (DL). The validation with in situ measure-
ments shows that the root-mean-square error (RMSE) obtained
by the optimal band combination is approximately 1.22 K.
Wang et al. [17] proposed a retrieval scheme using a random
forest (RF) model suitable for different underlying surface con-
ditions to retrieve LST on the TP. However, the uncertainty of
using ML models is that they require multitudinous training data
to build complex structures, have explanation problems for spe-
cific models, and do not consider the spatiotemporal correlation
of environmental variables. Various problems lead to different
results from different models when using the same inputs, so the
performance of multiple models should be compared with each
other. The application of LST retrieval based on the ML model
still needs further exploration, and three ML models and one DL
model are utilized in this study to retrieve LST on the TP.

The sea and land surface temperature radiometer (SLSTR)
sensor carried by Sentinel satellites was launched in 2016
with three thermal infrared bands, which provided new data
sources for LST retrieval and delivered geophysical Level-2
LST products [28], [29]. The SW algorithm was used to pro-
duce SLSTR LST products, in which the base retrieval coef-
ficients are determined by regressing the simulated brightness
temperatures (BTs) with the known in situ measurements [19].

Several regional LST retrieval methods based on the SW algo-
rithms have been proposed since the first SLSTR image acqui-
sition [19], [20]. Yang et al. [19] compared seventeen widely
explicitly LSE-dependent SW algorithms based on SLSTR
data. Validation results confirmed that two SW algorithms have
high accuracy with RMSE ranges of 0.49 to 0.61 K in Lake
Constance. Zheng et al. [20] developed an SW algorithm to
estimate LST based on SLSTR data, in which the algorithm
coefficients were optimized by division into tractable subranges
according to the view zenith angle, column water vapor, and
BT. Meanwhile, a new physical SC algorithm was proposed to
retrieve LST from Landsat-8 TIRS Band 10 and successfully
evaluated with simulated and in situ data [21]. However, the
study areas focused by previous studies are relatively flat terrain.
Due to the high altitude, unique hydrometeorological conditions,
and complex underlying surfaces over the TP, LST uncertainty
usually exists in different retrieval algorithms over the TP. In
addition, the available observation stations on the plateau are
not only sparse but also unevenly distributed, which leads to
few studies assessing the applicability of Sentinel-3 Level-2
SLSTR LST products over the TP. This study first evaluated
the performance of SLSTR LST products on the TP and then
used three different methods to retrieve LST based on SLSTR
data. The purposes of this study mainly include two aspects. By
comparing the performance of various algorithms, an improved
LST retrieval method suitable for TP was developed based on
SLSTR data. Furthermore, a high-accuracy LST spatiotemporal
distribution over the entire TP was obtained, which would benefit
the understanding of the physical processes of energy and water
cycles over the TP.

This study aims to 1) improve the LST retrieval accuracy
from Sentinel-3 SLSTR data over the TP by comparing the
performance of different methods and 2) obtain an optimized
spatiotemporal distribution over the TP. In this study, two general
algorithms and four ML models were used for LST retrieval from
Sentinel-3 SLSTR LST data over the TP. The study area and data
used in this article are shown in Section II. Section III shows the
methodology used in this study. The retrieved LST results and
their spatiotemporal distribution over the TP are highlighted in
Section IV. The discussion is described in Section V. Finally,
Section VI concludes this article.

II. STUDY AREA AND DATA

A. Study Area

The TP has long been recognized as one of the crucial regions
for climate change at different spatiotemporal scales (see Fig. 1)
[30], [31]. The TP exerts strong thermal forcing on the atmo-
sphere over the Asian monsoon region, and its environmental
changes are mostly associated with rapid surface warming. It is
essential to accurately monitor the spatiotemporal distribution
of the LST over the TP based on different satellite sensors.

B. Data

1) Remote Sensing Data: Sentinel-3 was launched on Febru-
ary 16, 2016 and carried a sea and land surface temperature
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TABLE I
BAND INFORMATION AND ITS APPLICATIONS OF EACH CHANNEL OF SENTINEL-3 SLSTR

Fig. 1. Locations of the six comprehensive observation stations on the TP. The
legend of the color map indicates the elevation.

radiometer (SLSTR) [32], [33]. SLSTR is a scanning radiometer
with three thermal infrared bands (see Table I), which is designed
to capture global land surface and sea surface temperatures.
The SLSTR data utilized in this study are from the Copernicus
Open Access Hub1, including Level-1 radiation and Level-2
LST data. Level-1 data provided radiometric measurements that
were geographically corrected for each SLSTR channel. In the
Level-2 stage, an SWA is applied to process the S8 and S9 band
data, and LST products are finally delivered [33]. Level-2 data
also delivered auxiliary information for LST retrievals, such as
fractional vegetation cover, land cover type, total column water
vapor, SZA, and quality control flags. In addition, the Landsat
images with a high spatial resolution of 30 m were used to
evaluate the spatial representativeness of in situ measurements.
The MODIS/Terra LST products (MOD11A1) and MODIS
Level 1B Calibrated Radiances were used for comparison. The
MODIS LST products were widely used for various studies, and
their accuracy was evaluated based on different methods [34],
[35]. Under clear-sky conditions, the RMSE of the C6 MODIS

1(https://scihub.copernicus.eu)

LST product is less than 2 K, and several studies demonstrated
that there are some underestimations for MODIS nighttime LST
product [34], [35]. The preprocessing of the remote sensing data
involved three main steps:

a) quality control;
b) spatial collocation;
c) temporal concurrence.
However, there may be some differences between the SLSTR

and MODIS due to different sensor parameters and operating or-
bit settings. The Sentinel-3 A&B approximate observation times
are 2:00–6:00 (UTC) in the ascending orbit and 13:00–17:00
(UTC) in the descending orbit over the TP. The approximate
observation times of the MOD11A1 products are 3:00–7:00
(UTC) in the ascending orbit and 13:00–17:00 (UTC) in the
descending orbit over the TP.

2) Reanalysis Data and in Situ Measurements: In this study,
CLDAS V2.0 was used to calculate the atmospheric total column
water vapor (TCWV), which is one of the critical parameters
for LST retrieval. CLDAS V2.0 has high accuracy, with 1 h
temporal resolution and 0.0625° spatial resolution, covering the
entire East Asian region [15]. The kriging interpolation method
was used to downscale the data to a 1 km resolution. Three
meteorological parameters of CLDAS V2.0 are obtained,
including the near-surface air temperature Ta, specific
humidity q (both measured at 2 m), and air pressure p [15].

The Tibetan Observation and Research Platform (TORP) aims
to research the land-atmosphere interaction over the TP and con-
sists of six comprehensive observations (see Table II): SETORS,
BJ, QOMS, NADORS, NAMORS, and MAWORS [10]. The
MAWORS station is situated in the northwestern TP, surrounded
by large-scale glaciers, whose land type is predominantly sandy
soil. The NADORS station is located in an open valley covered
by desert and gravel. The BJ station was built in a flat prairie

https://scihub.copernicus.eu
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TABLE II
DETAILS OF THE MEASUREMENTS AT SIX STATIONS

with high grass density, whose soil type is predominantly silt
loam. The NAMORS station is situated near Nam Co Lake
and is covered with alpine meadows. The QOMS station lies
in the Rongbuk Valley, and the land cover type is grassland.
The SETORS station is located in the southeastern TP and
close to the mountain valley, where the dominant land type
is alpine meadow. The in situ longwave radiation data from
six stations were obtained to calculate the in situ LST, and the
linear interpolation method was used to match the satellite transit
times [10]. The upward and downward longwave radiation fluxes
were measured by CNR1 net radiometer from Kipp and Zonen
equipped at TORP stations. The FOV of the CNR1 is 150°. The
four-component radiation flux system CNR1 was installed at
the height of 1.5 m, and the diameter of its detection circular
at the surface is approximately 12 m [10]. In addition, the SC
algorithm was used to obtain LST on clear days based on Landsat
images with a spatial resolution of 30 m to assess the spatial
representativeness of ground-based LST. The uncertainty of LST
within 1 km of the station area should be less than 1 K to meet
the requirements of homogeneity validation [3].

The in situ LST was retrieved from longwave radiation data
from six stations based on the Stefan–Boltzmann law [1], [2]

TS =

(
LWU − (1− εb)LWD

σεb

) 1
4

(1)

where TS is the in situ LST; LWU and LWD are the surface
upwelling longwave radiation and atmospheric downwelling
longwave radiation obtained from TORP, respectively; εb is
the land surface broadband emissivity; and σ expresses the
Stefan–Boltzmann constant (5.67×10−8 W·m−2·K−4).

The practical retrieval algorithm of LSE is mainly semiempir-
ical methods based on remote sensing, including the normalized
difference vegetation index (NDVI)-based emissivity (NBE)
and classification-based emissivity methods [36], [37], [38].
The NBE method can distinguish different land cover types,
such as bare soil, vegetation, and their mixture. Meanwhile,
the surface pixels of the TP are heterogeneous within 1 km
spatial resolution. Therefore, an improved NBE method is used
by comprehensively considering the surface characteristics of
the TP and SLSTR sensor parameters. Specifically, the key is
to calculate the additional item for coarse and heterogeneous

pixels, which depends on the surface characteristics and con-
siders the cavity effect. Since it cannot be estimated from the
remote sensing spectrum, it is usually assumed that the average
value of different surface geometric distributions is 0.015. In
addition, the NDVITHM algorithm of Sobrino et al. [39] was also
used to retrieve LSE for comparison and finally the algorithm
was selected currently. Here, the LSE was estimated from the
SLSTR by the using following equations [36], [38]:

εb = εv Pv + εs (1− Pv) + 4 〈dε〉Pv (1− Pv) (2)

where εv= 0.98 represents the full vegetation emissivity and
εs= 0.96 represents the bare soil emissivity; 〈dε〉 is the cavity
effect of rough surfaces, set to 0.015; and Pv is the proportion
of vegetation calculated via

Pv =
NDVI − NDVImin

NDVImax − NDVImin
(3)

where the normalized difference vegetation index (NDVI) was
estimated from

NDVI =
ρ3− ρ2

ρ3 + ρ2
(4)

where ρ2 and ρ3 are the narrowband reflectances of band 2 and
band 3 of SLSTR, respectively, and NDVImin and NDVImax

are NDVI values for bare soil and full vegetation, respectively.
According to the actual situation in the TP, NDVImin is set to 0,
and NDVImax is set to 0.8 [2].

III. METHODOLOGY

A. SC Algorithm

The SC algorithm is convenient for sensors, such as ETM+
with only one thermal infrared band [21]. Combining the sensor
band setting, atmospheric absorption characteristics, and radia-
tion peak wavelength corresponding to the average LST on the
TP, the S8 band of the SLSTR was selected for LST retrieval. The
detailed process of using the SC algorithm to retrieve LST from
the SLSTR Level-1 data is shown in Fig. 2(a). The accuracy of
the generalized SC algorithm for retrieving LST depends on the
selection of the RTE, the accuracy of LSE, and the atmospheric
transmittance data [18]. The main formula of the SC algorithm
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Fig. 2. Flowchart for retrieving LST from sentinel-3 SLSTR data. (a) Retrieval
process of the SC algorithm. (b) Retrieval process of the SW algorithm.

is expressed as follows [17]:

LSTSC = γ

[
ϕ1Ls+ ϕ2

εb
+ ϕ3

]
+ δ (5)

where LSTSC is the SC-based LST and εb is the LSE obtained
from (2)–(4); ϕ1, ϕ2, and ϕ3 are the atmospheric functions
(AFs), which are composed of three parameters and calcu-
lated by the atmospheric WVC (ω); Ls is the radiation (in
W·m−2·sr−1·mm−1) from the SLSTR S8 band, which can be
obtained by integrating the Planck function of BT in each band;
γ and δ are two indirect parameters related to Planck’s function,
which can be determined by the following formulae:

γ =
C2Ls

T 2
b

[
λ4Ls

C1
+ λ−1

]−1

(6)

δ = − γLs+ Tb (7)

where C1 and C2 are Planck’s constants (C1 = 1.19104 ×
108 W·mm4·m−2·sr−1, C2 = 1.43877 × 104 mm·K); λ is the
central wavelength of the SLSTR sensor S8 band, which equals
10.85 μm; and Tb is the BT of the SLSTR S8 band (K).

The ϕ1 , ϕ2, and ϕ3 in (5) are three parameters in AFs, which
are determined by the atmospheric WVC (ω)⎛

⎝ϕ1
ϕ2
ϕ3

⎞
⎠ =

⎛
⎝k11 k12 k13
k21 k22 k23
k31 k32 k33

⎞
⎠

⎛
⎝ω2

ω
1

⎞
⎠ (8)

where k11– k33 are the coefficients for AFs;ω is the atmospheric
water vapor content (WVC), which can be calculated based
on three meteorological data from CLDAS using the following
equation [40], [41], [42]:

ω = 0.00493
RH
Ta

exp

(
2623− 5416

Ta

)
(9)

where ω is the atmospheric total column water vapor (TCWV,
in units of g·cm−2), Ta is the air temperature (K), and RH is the
relative humidity (%), which can be calculated via

RH = 100
Va

Vs
(10)

TABLE III
COEFFICIENTS OF AFS FOR CLDAS DATA USED IN THE SC Algorithm

in which Va(Pa) and Vs(Pa) are the actual and saturated water
vapor pressures, respectively

Va =
P

0.378 + 0.622
q

(11)

Vs = 611.2exp

(
17.67

Ta − 273.15

Ta − 29.65

)
(12)

where p is the air pressure (Pa) and q is the specific humidity
(kg·kg−1) [4].

The coefficients kij used to calculate AFs vary for different
datasets and can be obtained by simulations. However, synchro-
nized atmospheric profile data over the TP cannot be obtained,
and the limited radiosonde data cannot represent the entire TP
because of its unique characteristics. Therefore, the radiative
transfer mode such as MODTRAN was not used to simulate the
coefficients. Instead, the AFs were entered into (5) to express the
quadratic relationship, and these coefficients were fitted to the in
situ measurements by linear regression (LR). Totally 2933 in situ
LST samples were used to train the LR model. New coefficients
(kij) with higher accuracy were proposed (see Table III).

B. SW Algorithm

There are currently two main SW algorithms that fully take the
LSEs, WVC, and SZA into consideration [18]. The MOD11A1
LST products retrieved by the GSW algorithm under clear-sky
conditions were used for comparison in this study. The SW
algorithm proposed by Becker and Li [13] has been proven
to have good accuracy over the TP, and it will be used as the
retrieval algorithm in this study [2]. For the SW algorithm,
the coefficients need to be determined in advance either by
simulating the satellite signals with atmospheric and surface
parameters based on radiative transfer model or by empirically
building relationship between the satellite signals and in situ
LST measurements [18]. Although the former method has solid
physical basis, the synchronized atmospheric profile data were
extremely difficult to obtain. Therefore, the LSEs, WVC, and
SZA were comprehensively considered in the LST retrieval
algorithm, and the coefficients were obtained via multiple LR
model [2], [13].

The process of using the SW algorithm to retrieve LST from
SLSTR data is shown in Fig. 2(b). In this study, the LST was
retrieved using thermal infrared bands (S8 and S9) combined
with SZA data, and the LSE calculated by (2)–(4). The main
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formula can be expressed as [13]

LSTSWA = a0 + a1ω + [a2 + (a3 + a4ω cos θ)

× (1− ε̄)− (a5 + a6ω)Δε]
T8 + T9

2

+ [a7 + a8ω + (a9 + k10ω)

− (a11 + a12ω)Δε]
T8 − T9

2
(13)

where LSTSWA is the LST retrieval based on the SW algorithm
(K); T8 and T9 are the BTs (K) of Sentinel-3 SLSTR band 8 and
band 9, respectively; and ω is the water vapor content (WVC,
g·cm−2), which was obtained via (9)–(12); θ is the SLSTR view
zenith angle; a0–a12 are the linear coefficients for LST retrieval,
which can be obtained by LR; and ε̄ and Δε are the average and
the difference between the narrowband emissivities of band 8
(ε8) and band 9 (ε9) of Sentinel-3 SLSTR, respectively. ε̄ and
Δε can be obtained through the following expression [42]:

ε̄ =
ε8 + ε9

2
= 0.971 + 0.018PV (14)

Δε = ε8− ε9 = 0.006 (1− PV ) . (15)

C. Machine Learning Model

Although physical models can accurately and effectively
establish the relationship between satellite observations and
surface parameters, these methods tend to require many prior
parameters. Such knowledge often has considerable uncertainty
and leads to the limited accuracy of environmental parameter
retrieval because of the high complexity of physical processes
[23]. ML has powerful simulation capability, which can sim-
plify physical models and establish nonlinear relationships for
environmental parameter retrieval. The LR model is one of the
ML models widely used in practice. It uses a linear function
of input characteristics for prediction [23]. Since the training
and prediction speed of the LR model is very fast, this model
can be extended to large datasets and is also effective for sparse
data. The decision tree (DT) model is widely used in classifica-
tion and regression tasks. The DT model has two advantages:
the obtained model is easy to visualize, and the algorithm is
completely independent of data scaling. However, a significant
disadvantage of the DT model is its overfitting problem. The RF
model is a nonlinear ensemble ML model that is essentially a
collection of multiple DTs. Each DT in the RF model is slightly
different from the others, and the average value is taken to reduce
the problem caused by overfitting [43]. BPNN is an essential
neural network (NN) characterized by at least one hidden layer
containing multiple nodes or neurons at the input and output
layers [44]. The BPNN algorithm mainly includes forward and
backward propagation, and the neurons in the input layer pass
through each hidden layer by forward propagation. If the desired
result is not obtained, through back propagation of errors, the
weights of neurons in each hidden layer are updated iteratively
to minimize them [44].

In this study, three ML models and a DL model were used to
retrieve LST over the TP, and the input variables were shown

TABLE IV
INPUT VARIABLES FOR ML MODELS

in Table IV. The in situ LSTs were regarded as true values for
training. Totally 4190 in situ LST samples from TORP were
selected and divided into two parts: the training set consisted
of 2933 samples, which accounted for 70% of the total dataset;
the validation set consisted of 1257 samples, which accounted
for 30% of the total dataset. The default settings in scikit-learn
were selected for three ML models. For the BPNN model, the
necessary parameter settings were the appropriate hidden layer
and the number of neurons. Specifically, the number of hidden
layers is set to 4, the number of neurons is set to 6, and the
number of all hidden layers is the same. Except for the WVC,
all other input data were from satellite data.

D. Statistical Indices for Ground Validation

To evaluate the LST retrieval results obtained from different
algorithms, four statistical indices, including RMSE, mean ab-
solute error (MAE), mean bias (MB), R (Pearson correlation
coefficient), and standard deviation (STD), were used in this
study

RMSE =

√∑N
i=1 (yi − xi)

2

N
(16)

MB =

∑N
i=1 (yi − xi)

N
(17)

MAE =

∑N
i=1 |yi − xi|

N
(18)

R =

∑N
i=1 [(xi − x̄ ) (yi − ȳ)]√∑N

i=1

[
(xi − x̄ )2

]√∑N
i=1

[
(yi − ȳ)2

] (19)

STD =

√∑N
i=1 (yi − x̄)2

N
. (20)
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Fig. 3. Differences in the landsat LST images with subsets of 30×30 pixels within an SLSTR pixel at six stations. The left panels are the SLSTR Level-2 LST
products, with a spatial resolution of 1 km. The right panels are Landsat SC-based LST, with a spatial resolution of 30 m.

IV. RESULTS

A. Validation of LST Retrieval Algorithms

It is urgent to evaluate the performance of the retrieval al-
gorithm independently because LST retrieval based on satellite
data involves simplifications and correction processes. The main
limitation of ground-based validation is that the in situ LST
is not representative at the satellite pixel scale, especially for
heterogeneous underlying surfaces (e.g., TP). Therefore, the SC
algorithm was utilized to retrieve LST based on Landsat images
with a high spatial resolution of 30 m around six research stations
to evaluate the spatial representativeness of in situ measure-
ments. The differences in the spatial distribution of the Landsat
LST images with subsets of 30×30 pixels within an SLSTR pixel
around six stations are shown in Fig. 3. The error between 30 m
and 1 km satellite pixels at the six stations was calculated, and
a total of 605 images were used for validation. At the satellite
pixel scale, the results show that there is spatial heterogeneity of
LST around the six stations. However, the results indicate that
the mean STD of LST was less than 1 K, which means that the
six stations were qualified for homogeneity validation [45] (see
Table V).

Two years (2019–2020) of in situ measurements from six
stations were processed to validate the retrieved LST results
based on the SC and SW algorithms. In addition, MODIS and
SLSTR LST products were used as complementary strategies
for comparing algorithm performance. Both of these products

TABLE V
STATISTICAL INDICES OF THE LANDSAT LST IMAGES WITH SUBSETS OF

30×30 PIXELS WITHIN A SENTINEL-3 SLSTR PIXEL AT SIX STATIONS
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Fig. 4. Validation of the LST retrieved from Sentinel-3 SLSTR and MODIS data. (a) Sentinel-3 level-2 SLSTR LST products. (b) MODIS LST products.
(c) SC method results from Sentinel-3 SLSTR. (d) SW method results from Sentinel-3 SLST.

use the SW algorithm to retrieve LST, and the spatial resolution
is 1 km. As indicated in Fig. 4(a) and (b), the results show
that the RMSE of the MODIS LST product (4.33 K) is less
than that of the Sentinel-3 SLSTR LST product (5.23 K), and
both have some underestimation to a certain extent. Especially at
the NAMORS station, the LST was underestimated in SLSTR
products when the LST was greater than 280 K, and similar
results can be found in MODIS LST products. In contrast, the
LST at SETORS stations was overestimated to a certain extent
in SLSTR products. The performance of MODIS and Sentinel
LST products in plateau areas needs to be improved. Therefore,
the SC and SW algorithms and four ML models were utilized
to retrieve LST over the TP based on Sentinel SLSTR data.
Fig. 4(c) shows that the RMSE, MAE, MB, and R of LST
retrieval from the SC algorithm were 3.48, 2.53, −0.27 (K),
and 0.97, respectively. Moreover, Fig. 4(d) indicates that the
RMSE, MAE, MB, and R of LST retrieval based on the SW
algorithm were 2.64, 1.50, 0.69 (K), and 0.98, respectively. The
performance of LST retrieved based on SC and SW algorithms
was superior to SLSTR Level-2 LST products, which further
indicates that the uncertainty of LST usually exists in different
remote sensing land products. Compared with the SC algorithm,
the SW algorithm with a smaller RMSE is more suitable for the
TP. Research shows that to obtain the expected LST accuracy
in wide regions, the SZA must also be taken into account,
particularly for warm and humid atmospheres [3]. Different from

the SC algorithm, the SW algorithm used in this study introduces
the cosine of the SZA and utilizes the differential atmospheric
absorption, which may result in the better performance of the
SW algorithm.

In this study, three ML models and one DL model were used to
retrieve the LST based on SLSTR data. The typical characteristic
of the ML model is that it has extremely complex and deep
structures, so a multitude of training data was required to build
models. Since the Sentinel satellite was launched in 2016, the
number of samples available for training has been quite limited.
As a result, the accuracy of three ML models and one DL model
is lower than that of the SW algorithm. As indicated in Fig. 5(a),
the RMSE of the LR model is 4.35 K, which is the lowest
accuracy among the four ML models. Moreover, Fig. 5(b)–(c)
shows that the RMSE of the DT model is 3.91 K, and the
RMSE of the RF model is 3.26 K. Traditional ML models such
as RF, DT, and LR have a good performance, and it can be
identified that the RF model has the highest accuracy in the case
of limited training datasets. In addition, it can be expected that
the effect of the ML model will be better with more training
data. In recent years, DL models (such as the BPNN model)
were developed from the traditional NN, which uses the most
advanced state-of-the-art ML framework. The performance of
the DL model is greatly improved and is superior to that of
traditional models. However, the DL model is more suitable for
big data, which leads to results that do not meet expectations
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Fig. 5. Scatter plots between the retrieved LST results and in situ measurements. The retrieved LSTs were obtained from four ML models. (a) LR model. (b) DT
model. (c) RF model. (d) BPNN model.

Fig. 6. Comparisons of the retrieved MODIS LST results against in situ measurements based on (a) SC method and (b) SW method.

due to limited input data. As shown in Fig. 5(d), the RMSE of
the BPNN model is 4.32 K. In general, the application of the
ML models in LST retrieval has a good performance, and the
RF model is the best by comparison.

To validate the portability of the developed algorithms in this
study, the improved SC and SW algorithms were used to retrieve

LST from MODIS data over the TP. Fig. 6 shows that all the
MODIS LST retrieval results have good agreement with in situ
LST measurements, with RMSEs ranging from 2.91 K to 4.06 K
and R ranging from 0.94 to 0.97. The MODIS LST retrieval
results, however, show slightly degraded accuracy compared to
the SLSTR LST retrieval results (with RMSEs ranging from
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Fig. 7. Comparison of statistical metrics using different methods to retrieve
LST based on sentinel-3 SLSTR (a) and MODIS data (b) against in situ
measurements at six stations.

2.64 K to 3.48 K, Fig. 4) but a better performance than that of
the MODIS LST products (MOD11A1) (see Fig. 7). Therefore,
it is further proven that the improved SC and SW algorithms
in this study can be used to accurately retrieve LSTs based on
various satellite sensors.

B. Spatiotemporal Distribution of LSTs Over the TP

The SWA can provide more accurate LST over the TP by com-
paring different algorithms. To further assess the LST obtained
by the SW algorithm, temporal variations in the SWA-based
LST were compared with in situ measurements in the six study
areas. The time series of SWA-based LST has good temporal
consistency with the in situ LST at different meteorological
stations (see Fig. 8). In particular, the SWA-based LST can
capture some low values, such as those on 201(Doy), 2020, at
BJ station [see Fig. 8(b)]. The annual LST at six stations ranged
from 240 to 300 K, showing intense changes throughout the year.

The spatial distribution of the average SLSTR SWA LST
results is shown in Fig. 9(a)–(h), and the MOD11A1 LST
products at the same time are also provided for comparison [see
Fig. 9(i)–(p)]. The spatial distribution of the SWA-based LST
was generally consistent with that of MOD11A1. Compared
with other regions in the TP, relatively high LST values can be
identified in the Qaidam Basin (see Fig. 10). The Qaidam Basin

is a huge closed intermountain basin and one of the four major
basins in China, which is located between 90°16’E−99°16’E
and 35°00’N-39°20’N. Previous study has proven that the
Qaidam Basin has significant warming trends [46]. Furthermore,
to quantitatively analyze the SWA LST and MOD11A1 LST,
their minimum, maximum, and mean values were calculated
over the TP (see Table VI). The results indicated that the mean
value of MODIS LST is higher than that of SLSTR SWA-based
LST during the daytime. The difference is mainly caused by the
observation time and sensor characteristics of the two satellites.
The daily LST variations are intense over the TP. The average
satellite overpass time of SLSTR is approximately one hour
earlier than that of MODIS, which may lead to differences
in the spatial distribution of LST. Furthermore, the Sentinel-3
SLSTR S7-S9 bands start to saturate above 305 K and they are
saturated at approximately 318 K, which leads to invalid values
in extremely hot regions [32].

V. DISCUSSION

Three different methods were developed to retrieve the LST
over the TP based on Sentinel-3 SLSTR data. The generalized
SC and SW algorithms were improved to retrieve LST with
reasonable accuracy. In addition, four ML models were also
used, and the performance of retrieving LST was limited by
the number of input datasets. The results showed that the LST
obtained by the improved SW algorithm was more reliable and
accurate.

One of the most critical problems of LST retrieval based on
satellite data is the accuracy and representativeness of validation
at a satellite pixel scale. Generally, the LST varies enormously
spatially and temporally, and it may be more than 10 K at a
satellite pixel scale with some underlying surfaces [45]. The
main limitation of ground-based validation is caused by spatial
heterogeneity, which results in this validation method only being
used for several relatively homogeneous land surface types. The
error resulting from spatial heterogeneity can be reduced to
a certain extent by establishing multiple stations at a satellite
pixel scale and directly comparing the average measured LST
with the satellite LST retrieval. It is worth noting that the land
cover types of the six stations used in this study within 1 km
are mainly bare soil and grassland (see Table II) [17]. The
relatively unitary land cover types show that the land cover of
the field stations is homogeneous to some extent. In addition,
the spatial representativeness of the observations was assessed
in this study, and the results show that all six stations meet
the requirements of thermal homogeneity validation. Ma et al.
[47] proposed a temporal variation method and defined a spatial
representativeness indicator to evaluate a ground site’s spatial
representativeness. The validation results show that the effect of
spatial representativeness on the ground stations is large, with
MBs between −1.95 and 5.60 K. This method will also benefit
the scientific community in the study of spatial representative-
ness.

The uncertainties of the retrieved LST may also come from
the algorithm itself and sensor characteristics [18]. LST retrieval
algorithms rely on different assumptions and simplifications of
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Fig. 8. Temporal variations in SWA LST and in situ LST data at SETORS (a), BJ (b), QOMS (c), NADORS (d), MAWORS (e), and NAMORS (f).
The discontinuity of the open circles is primarily caused by the absence of in situ measurements.

the RTE to process the problem of ill-posed retrieval. These
solutions might be inaccurate under certain circumstances. All
LST retrieval algorithms used in this article provided that the
LSEs are known a priori, and correct determination of LSE is
the basis for LST retrieval. The algorithm of the official SLSTR
LST products implicitly assumes and processes LSE knowledge
[19]. In contrast, LSE was explicitly used in the SC and SW
algorithms, which were calculated based on the statistical rela-
tionship between optical and near-infrared spectral information
and LSE. The LSE quantitative retrieval process can be im-
proved by using the advanced typical surface feature spectrum
library. Additionally, TIR angular effects are especially obvious
for polar-orbit satellites. The difference in LST observations
between the nadir and off-nadir can reach 10 K for complex
underlying surfaces [48]. Unfortunately, angular effects in LST
retrieval from polar-orbit satellites are inevitable. In this study,

the TIR angular effects were reduced by removing the areas
with SZA greater than 40° and introducing the cosine of the
SZA in the SW algorithm [49]. Geostationary satellites can make
high-frequency measurements at fixed SZA, such as the Fengyun
geostationary satellite, but their spatial resolutions are coarse.
Hence, progress can be expected in developing new approaches
for providing angularly normalized and time-continuous LSTs
by combining multispectral and multitemporal TIR data [50].

The LST retrieved by TIR is mainly affected by WVC atten-
uation and LSE. Previous studies have indicated that when the
WVC is greater than 3 g·cm−2, the error in LST retrieval will be-
come larger [17]. Specifically, for a hot and humid atmosphere,
the error of LST retrieval increases by approximately 0.2 K when
the WVC increases by 0.1 g·cm−2 [17], [51]. The WVC over the
TP is lower than that of the surrounding regions, the mean WVC
of the whole year ranges from 1.10 to 1.25 g·cm−2. However,
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Fig. 9. Spatial distribution of the seasonal average LST from the SLSTR LST estimations and MODIS LST products (both at a 1 km × 1 km spatial resolution)
in 2020 over the TP (unit: K). The rows show Sentinel-3 SLSTR (a)–(d) SWA daytime LST, (e)–(h) SWA nighttime LST, (i)–(l) MODIS daytime LST, and (m)–(p)
MODIS nighttime LST. The columns (from left to right panels) show the spatial distributions in spring, summer, autumn, and winter.

Fig. 10. Spatial distribution of the seasonal daytime LST from the SLSTR LST in 2020 over the Qaidam Basin (units: K). (a)–(d) represent the spatial distributions
in spring, summer, autumn, and winter.

the WVC has high spatiotemporal variation characteristics over
the TP. It is significantly higher in summer, about 2.11 g·cm−2,
accounting for more than 45% of the whole year [52]. Therefore,
the WVC of the TP exerts strong influences on the accuracy of
the LST retrieval. Furthermore, the uncertainty in LSE may lead
to an error of 1 K to 2 K in LST when the LSE for most land
surfaces can be known within a few percent [18], [53]. Because
the spectral average emissivity of bare soil varies greatly with

wavelength. The uncertainty of LSE retrieval is particularly
obvious for the underlying surface of bare soil. However, most
surfaces over the TP are heterogeneous and complex at satellite
scale, and with up to 21 types of land cover [9]. In particular, bare
soil is the largest land cover type, which occupy 54.8% of the
TP’s territory [17]. Compared with other regions, the uncertainty
of LSE retrieval may cause larger error in LST. In addition, if the
directionality of LSE is considered the LST retrieval errors will
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TABLE VI
COMPARISONS OF STATISTICAL METRICS ASSOCIATED WITH SENTINEL-3 SWA LST AND MODIS LST PRODUCTS OVER THE TP IN 2020

be larger. All the abovementioned factors will affect the LST
retrieval accuracy over the TP [30].

There are two main problems in the application of ML models
in satellite LST retrieval: the lack of physical interpretation
and the limited input data. For the former, the combination of
physical simulations and ML models may improve the physical
understanding of LST retrieval [23]. Due to the limited amount
of input data, the accuracy of the four ML models is obviously
affected in this study. This limitation may be attributed to the
missing SLSTR data and sparse distribution of ground stations
in the TP, which may cause insufficient stability of the model and
difficulty in dealing with different situations. To overcome these
issues as much as possible, all available SLSTR data and ground
stations with different underlying surfaces were selected. The
selected stations with different land cover types (see Table II)
include the main surface types over the TP, which can represent
most areas of the TP to increase the stability of the model.

VI. CONCLUSION

High-accuracy LST over the TP based on satellite data is diffi-
cult to obtain because of some specific problems, such as limited
measuring instruments, cloud contamination, and atmospheric
effects. In this study, the improved SC and SW algorithms and
four ML models are used to retrieve high-quality LST data over
the TP based on Sentinel-3 SLSTR data. The results showed that
the retrieval accuracy from our developed algorithms is better
than that of the SLSTR LST products, and the SW algorithm
with an RMSE of 2.64 K is much more accurate than the other
methods. For ML models, sample data available for training are
quite limited, resulting in a lower accuracy compared with the
SW algorithm. The major conclusions can be drawn as follows.

1) The SC algorithm was utilized to retrieve LST based on
Landsat images around six research stations to assess the
spatial representativeness of in situ measurements. The
error between 30 m and 1 km satellite pixels in the six
study areas indicates that the validation stations used in
this study are qualified for homogeneity validation.

2) Three different methods were improved to retrieve the LST
based on SLSTR data on the TP. For the SC algorithms,
the AFs suitable for CLDAS data were developed by the
LR model, and the RMSE of the SC-based LST is 3.48 K.
The validation results also show that the SW algorithm has
satisfactory performance, and its RMSE is 2.64 K. Due to
the limited number of training datasets, the accuracy of the
four ML models is lower than that of the SW algorithm,
and the RF model has the best accuracy with an RMSE of
3.26 K among the four ML models. The accuracy of the
developed methods in this study is higher than that of the
SLSTR LST products (5.23 K).

3) The time series of the SWA LST showed high
temporal consistency with the in situ LST ob-
served at different meteorological stations, and some
abrupt changes in LST can also be captured. The
SWA-based LST and MODIS LST products showed
consistent spatial distributions, and relatively high
LST value center can be identified in the Qaidam
Basin.
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