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Retrieving Land Surface Temperature From Chinese
FY-3D MERSI-2 Data Using an Operational Split

Window Algorithm
Kai Tang , Hongchun Zhu , Ping Ni, Ruibo Li, and Cheng Fan

Abstract—Medium resolution spectral imager II (MERSI-2) is a
payload for the Chinese meteorological satellite Feng Yun 3 (FY-3).
China’s satellite remote sensing observation capabilities such as
climate change research can be improved during MERSI-2’s oper-
ation in orbit, and the sensor is the world’s first imaging instrument
that can obtain a global infrared split-window data with a spatial
resolution of 250 m. We developed an operational spilt-window
(SW) algorithm to retrieve land surface temperature (LST) accu-
rately from the MERSI-2 data. The SW algorithm coefficients were
derived from a simulation dataset that was established with the
Moderate spectral resolution atmospheric Transmittance model
version 5.2 and the thermodynamic initial guess retrieval dataset.
In the practical retrieval, the precise algorithm coefficients were
determined by view zenith angle and atmospheric water vapor
content (WVC), the atmospheric WVC were obtained from the
ERA5 dataset, and the land surface emissivity was dynamically
estimated using the advanced spaceborne thermal emission and
reflection radiometer global emissivity dataset, considering the
fractional of vegetation cover and snow cover. The retrieved LST
compared with in situ LST, which was highly consistent with the in
situ LST and that the root-mean-square error of the two is within
3 K. The retrieved LST was compared with the MYD11_L2 and
MYD21_L2 LST products, and the results indicated that MERSI-2
LST was more consistent with the MYD21 LST. The operational
SW algorithm for FY-3D MERSI-2 developed in this study could
retrieve LST accurately and has a wide range of popularization
and application values.

Index Terms—Feng Yun (FY)-3D medium resolution spectral
imager II (MERSI-2), land surface emissivity (LSE), land surface
temperature (LST), operational split-window (SW) algorithm,
validation.
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I. INTRODUCTION

LAND surface temperature (LST) is one of the key pa-
rameters in land surface physical process on regional and

global scales, and accurate LST is essential for the study, such
as climate, hydrology, and ecology [1]–[4]. Traditionally, the
ground measurements cannot practically achieve an aim that
measures the LST over wide and continuous areas. With the
development of remote sensing from space, satellite remote
sensing offers the only possibility for measuring LST over the
entire globe with a sufficiently high-temporal resolution and
with a large continuous area [5].

In the past 40 years, LST was retrieved using thermal infrared
(TIR) data and has been significantly developed. A large num-
ber of LST retrieval algorithms have been proposed. Several
typical algorithms, such as the split-window (SW) algorithm
[6]–[9], single-channel algorithm [10], [11], and temperature
and emissivity separation (TES) algorithm [12]–[14]. SW al-
gorithm could estimate LST based on differential water vapor
absorption in two adjacent TIR bands, which do not need to
eliminate the influence of atmosphere using some information
about real-time atmospheric profiles. Therefore, the SW algo-
rithm is practical and efficient [15], [16]. The SW algorithm
has been currently applied to several satellites sensors, such
as MODIS [17], ASTER [18], VIRR [19]–[21], Landsat series
[22]–[25], VIIRS [26], SLTSR [27], and GaoFen-5 [28]–[30].
Land surface emissivity (LSE) is an important parameter of
the SW algorithm, in which the uncertainty of 0.01 in LSE
can lead to LST error of approximately 0.60 K [31]–[33]. A
variety of methods have been proposed to estimate LSE input
into the SW algorithm, including classification-based emis-
sivity method [34], normalized difference vegetation (NDVI)
index-based threshold method [35], [36], and vegetation cover
method [37]. Soil emissivity varies greatly in the TIR bands [38].
However, these methods cannot well characterize the emissivity
variation over the bare soil surface in arid and semiarid lands
[39], [40]. For example, several studies have indicated that the
Collection 5 MODIS LST product using classification-based
emissivity method overestimates bare soil emissivity leads to
the serious underestimation of the LST [41], [42]. The National
Aeronautics and Space Administration released a new emissivity
dataset named the ASTER global emissivity dataset (ASTER
GED) in 2014, which is a global mean emissivity database
produced using all clear-sky ASTER images from 2000 to 2008
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TABLE I
MAJOR PARAMETERS OF MERSI-2 BANDS

[43]. Several validations have shown that this emissivity product
has high accuracy over bare soil surface in arid and semiarid
lands [44], [45]. Therefore, to characterize the variation of bare
soil emissivity relatively accurately, this dataset has been used
in emissivity estimation for many satellites sensors [46]–[49].

Feng Yun 3 (FY-3) is a second-generation polar-orbiting
satellite in the Chinese meteorological satellite series, Fengyun
(FY). The FY-3D satellite was launched in November 2017 with
a mounted medium resolution spectral imager II (MERSI-2),
a payload that is a major upgrade from the first generation
homo-orbital sensor MERSI-1 [50]. MERSI-2 is the world’s
first imaging instrument that can obtain a global infrared SW
data with a spatial resolution of 250 m [51]. MERSI-2 has a
great potential in LST retrieval by its advantage of the spatial
resolution in two TIR bands (band 24: 10.30–11.30 μm and
band 25: 11.50–12.50 μm). Several studies have been currently
carried out based on the MERSI-2 data about the atmospheric
and land surface parameters, such as aerosol [52], water vapor,
and soil moisture [53]. However, the study of MERSI-2 about
LST retrieval is rare. Wang et al. [51] developed an SW algorithm
for MERSI-2 through a linear simplified plank function. The
mean-absolute errors of Wang’s SW algorithm are 0.42, 1.37,
and 1.23 K when compared with simulation data, MODIS LST
(MYD11A1), and ground measurements, respectively. This al-
gorithm needs some input parameters, such as atmospheric trans-
mittance and LSE, which were calculated from the near-infrared
bands and red band. Therefore, all the needed parameters of the
algorithm can be obtained from the sensing images of the same
sensor, but the real-time atmospheric transmittance cannot be
obtained when the data are imaging at night, and the algorithm
did not consider the effect of a sensor observation angle. Jiang
et al. [54] established a simulation database using moderate

TABLE II
SUMMARY OF THE INPUTS USED IN LST RETRIEVAL USING THE OPERATIONAL

SW ALGORITHM

spectral resolution atmospheric transmittance model version 5.2
(MODTRAN 5.2) and thermodynamic initial guess retrieval
(TIGR) dataset, obtained the coefficients of generalized SW
(GSW) of MERSI-2, and verified the accuracy of the algo-
rithm using MODTRAN built-in profiles. The root-mean-square
error (RMSE) of the GSW algorithm is 0.5 K when viewing
zenith angles (VZA) is less than 30°, which uses a simulation
database. Nevertheless, Jiang et al. did not further study the
needed parameters of algorithm such as atmospheric water vapor
content (WVC), LSE, and lacked validation through in situ
measurements and other satellite LST products.

The objective of this study is to develop an operational SW
algorithm to retrieve LST accurately from MERSI-2 data. In
particular, the ASTER GED and fractional of vegetation cover
(FVC) were used together to estimate accurate and dynamic
LSE to enhance the accuracy of retrieved LST. An evaluation
of the accuracy of the LST retrieval algorithm in practice is
crucial [55], [56]. Therefore, two different methods were used
to validate the retrieved LST of MERSI-2, namely, validating
through in situ LST and comparing with MERSI-2 LST and
MODIS LST products.

II. DATA

A. FY-3D MERSI-2 Data

FY-3D is the fourth satellite in China’s second-generation
polar-orbiting meteorological satellite family, which was
launched in November 2017. MERSI-2 is a payload for FY-3D.
The main task of MERSI-2 is to monitor dynamically the Earth’s
oceans, land, atmosphere, and other environmental parameters,
such as cloud characteristics, aerosols, land surface character-
istics, ocean surface characteristics, and low-level water va-
por. China’s satellite remote sensing observation capabilities
in weather forecasting, climate change research, and global
environmental monitoring can be improved during MERSI-2’s
operation in orbit. MERSI-2 has 25 bands (as shown in Ta-
ble I) with a scanning range of ±55.4° and a sensor spectral
coverage of 0.412–12.0 μm. The 25 bands included 10 visible
bands (0.402–0.756 μm), six near-infrared bands (0.815–1.04
μm), three shortwave-infrared bands (1.37/1.365–2.155 μm),
two medium-wave infrared bands (3.71–4.1275 μm), and four
long-wave infrared bands (6.95–12.5 μm). In terms of band
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TABLE III
MEAN VALUES OF LST STDEV WITHIN 270 × 270 M AND THE BASIC INFORMATION OF SURFRAD SITES

TABLE IV
LST RMSES CAUSED BY USING INCORRECT COEFFICIENTS IN ADJACENT

SUBRANGES

TABLE V
RELATIVE ACCURACY OF MERSI-2 LST AND MODIS LST PRODUCTS IN

BARREN AND VEGETATED AREAS

application, bands 1–7 are mainly used for land and cloud
boundaries; bands 8–15 are used for ocean color, plankton, and
biogeochemical remote sensing; bands 16, 17, 18, 22, and 23
are used for atmospheric water vapor remote sensing; channel
19 is a cloud band; and bands 20, 21, 24, and 25 are used for
land, water, and cloud temperature sensing. In this study, band
3 (0.625–0.675 μm) and band 4 (0.840–0.890 μm) data that
perform imaging during daytime were used to calculate NDVI
and further calculate FVC, band 24 (10.30–11.30 μm) and band
25 (11.50–12.50 μm) data were used to calculate brightness
temperature, and the spatial resolution of all the used bands is
250 m.

In the phase of validation using in situ LST, the MERSI-2 L1
level data in 2019 and 2020 (January, February, April, May, July,
August, October, and November) correspond to winter, spring,
summer, autumn, and spring over the United States, which were
used to retrieve LST. The cloud mask product and the means
of visual interpretation were applied to identify clear pixels.
In the phase of comparing the MERSI-2 LST and MODIS LST
products, a MERSI-2 L1 level image was used, wherein imaging
time is 04:45 (UTC) on April 3, 2019 and the location is in the
range of 33°42′ to 55°49′N and 98°17′ to 140°45′E.

B. ERA5 Atmospheric Reanalysis Data

Atmospheric parameters are usually obtained from remote
sensing retrievals or the output of reanalysis products. Sev-
eral studies have shown that different atmospheric reanalysis
products have similar accuracy for LST retrieval [57]–[59].

Furthermore, reanalysis products could provide global atmo-
spheric information with high-temporal resolution than satellite
retrievals and may be more suitable for LST retrieval [48].

ERA5 is the latest version of the European Center for
Medium-range Weather Forecasts global climate atmospheric
reanalysis data released in 2018, which provides long-term
historical data (from 1979 to the present). The spatial resolu-
tion of the dataset improved from 0.75° × 0.75° to 0.25° ×
0.25°, and temporal resolution improved from 6 to 1 h. ERA5
has pressure-level and single-level data. In this study, the total
column water vapor recorded in single-level data was used for
obtaining WVC in LST retrieval.

C. ASTER GED Data

ASTER GED provides emissivity data on a global scale.
This product was produced using all ASTER data from 2000
to 2008 by the TES methods in conjunction with a water vapor
scaling (WVS) atmospheric correction method [60], [61]. It was
distributed as 1.0° × 1.0° tiles with the spatial resolution of
100 m and 1 km. The dataset includes the mean emissivity and
standard deviation (stdev) of surface emissivity in the five TIR
bands and other datasets, such as latitude, longitude, land–water
mask, mean NDVI, and stdev. Several studies have shown that
the ASTER GED product’s mean emissivity bias in all TIR bands
is approximately 0.016 [44], [62]. In this study, the ASTER
GEDv3 with a spatial resolution of 100 m was used to estimate
LSE for LST retrieval.

D. MODIS Products

MYD13Q1 is a MODIS NDVI product with a spatial reso-
lution of 250 m. The product was produced using the 16-day
maximum synthesis algorithm, which can avoid cloud pollution
and reduce the BRDF effect. It can be assumed that no significant
change is observed in FVC every 16 days. In this study, this
product was used to calculate FVC and further combined with
ASTER GEDv3 to estimate the LSE dynamically when the
imaging time of MERSI-2 data is nighttime.

MYD10A1 is a MODIS snow cover land product with a spatial
resolution of 500 m and daily temporal resolution. The dataset
set consists of a single best observation of the day for each grid
selected from the MODIS/Aqua Snow Cover 5-Min L2 Swath
500 m (MYD10_L2), which was produced by adopting the
normalized differential snow index. In this study, the product was
used to consider changes of snow fraction in snow cover areas,
such as high latitude, high-altitude areas, permanent snow/ice
areas, and areas in winter.
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Fig. 1. Framework and technical methods.

MODIS LST products are one of the most mature LST prod-
ucts and have been evaluated in many previous studies [40], [41],
[63]–[65]. Therefore, MODIS LST products, such as Collection
6 MYD11_L2 and Collection 6 MYD21_L2, were adopted for
comparing with the retrieved LST of MERSI-2. The MYD11_L2
and MYD21_L2 products were produced using the GSW algo-
rithm and the TES algorithm with a spatial resolution of 1 km,
respectively, and the MYD21_L2 also provides dynamic LSE
in three TIR bands. An improved WVS method was adopted to
perform the atmospheric correction for producing MYD21, and
a fast RTM, radiative transfer for (A)TOVS (RTTOV) [66], was
adopted to promote the retrieval efficiency. Compared with the
MYD11_L2 product, the MYD21_L2 product is more accurate
over arid and semiarid lands. In this study, MYD11 L2 and
MYD21 L2 products were used, in which imaging time is 04:50
(UTC) on April 3, 2019 and the location is in the range of 33°09′

to 54°45′N and 103°06′ to 138°28′E. Table Ⅱ summarizes the
data used in the operational SW algorithm and the corresponding
information.

III. LST RETRIEVAL AND VALIDATION METHODS FOR

FY-3D MERSI-2

The framework and technical methods of this study are de-
scribed in Fig. 1. The development of MERSI-2 operational SW
algorithm is presented in Section III-A. The estimation of LSE
is presented in Section III-B. The validation through using in

situ LST is presented in Section III-C1. The validation through
comparing with MODIS LST product is presented in Section
III-C2.

A. SW Algorithm Development for FY-3D MERSI-2 Data

Based on the radiative transfer theory for a cloud-free atmo-
sphere in thermodynamic equilibrium, the radiance is measured
at the top of atmosphere (TOA) in the TIR bands as [67]:

Bi(Ti) = εiBi(Ts)τi +R↑
atm_i + (1− εi)R

↓
atm_iτi (1)

where Ti is the brightness temperature of band i at the TOA,
Biis the Plank function, Bi(Ts) is the radiance measured when
the surface is a blackbody with surface temperature Ts, εi is the
emissivity of band i, τi is the total atmospheric transmittance
along the target to sensor path in band i, R↑

atm_i is the thermal

path atmospheric upwelling radiance of band i, and R↓
atm_iis the

downwelling atmospheric radiance of band i.
Based on differential water vapor absorption in two adjacent

TIR bands, SW algorithm expresses LST as a simple linear or
nonlinear combination of the TOA brightness temperature of two
adjacent bands and does not need real-time atmospheric profiles
[30]. Therefore, SW algorithm is widely used in LST retrieval
because of the feature of practical and efficient. The GSW
algorithm is one of the most representative SW algorithms [7],
which has been successfully used for producing several satellite
LST products. Wan [68] proposed a refined GSW algorithm for
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producing the MODIS Collection 6 LST product in terms of (2)
to (4)

LST = a0 +

(
a1 + a2

1− ε

ε
+ a3

Δε

ε2

)(
Ti + Tj

2

)

+

(
a4 + a5

1− ε

ε
+ a6

Δε

ε2

)

×
(
Ti − Tj

2

)
+ a7(Ti − Tj)

2 (2)

ε̄ = (εi + εj) /2 (3)

Δε = εi − εj (4)

where Ti and Tj are the brightness temperature at the TOA mea-
sured of band i andj, respectively; εi and εjare the emissivity
of band iand j , respectively; ε̄ is the averaged emissivity of
two TIR bands; Δε is the emissivity difference between the two
adjacent bands; and ak(k = 0,1, …,7) is an unknown coefficient.

To obtain the unknown algorithm coefficients, the MOD-
TRAN 5.2 was used to simulate the brightness temperature of
the two TIR bands of MERSI-2 with known LST, LSE, and at-
mospheric information. To make our operational SW algorithm
applicable to most atmospheric and land surface conditions, the
simulation project was designed as follows.

First, the TIGR2000 [69], [70] dataset and the spectral re-
sponse functions of MERSI-2 bands 24 and 25 were input into
the MODTRAN 5.2 for simulating the atmospheric transmit-
tance, upwelling atmospheric radiance, and downwelling atmo-
spheric radiance in TIR bands. Given that we only considered
atmospheric variation in clear-sky conditions for LST retrieval,
the TIGR2000 profiles with a relative humidity greater than 90%
were regarded as cloudy atmosphere then discarded [21]. After
the screening, a total of 946 atmospheric profiles were obtained,
in which WVC was in the range of 0.06 to 6.27 g/cm2 and
the air temperature at the bottom boundary was in the range
of 231.25 to 314.16 K. For the atmospheric transmittance and
upwelling radiance, we simulated 13 VZAs from 0° to 60° with
intervals of 5°. For the downwelling radiance, 53° was selected
to take the place of the hemispherical value [71]. For simulating
LST, the air temperature at the bottom boundary (denoted as
T0) of each TIGR profile was regarded as a reference. LST
used for simulation was between T0 − 16 K and T0 + 4 K
at intervals of 4 K for cold atmospheric profiles (T0 ≤ 280 K),
and between T0 – 4 K and T0 + 29 K at intervals of 3 K for
warm atmospheric profiles (T0 > 280 K). Emissivity spectra of
61 materials, including 3 snow, 2 water, 4 vegetation, and 52 soil,
were derived from ASTER spectral library [72] and convert to
channel emissivity of MERSI-2 bands 24 and 25. Range of the
channel emissivity of MERSI-2 bands 24 and 25 are 0.913–0.996
and 0.913–0.991, respectively. For simulating LSE, considering
most land cover types, LSE was used for simulation between
0.90 and 1.0 at intervals of 0.02, and emissivity difference was
used for simulation between −0.02 and 0.02 at intervals of
0.005. Then, simulative atmospheric transmittance, upwelling
atmospheric radiance, downwelling atmospheric radiance, LST,
LSE, emissivity difference, were substituted into (1) and the

plank function to calculate the brightness temperature at the
TOA measured in MERSI-2 bands 24 and 25. Subsequently,
the algorithm coefficients in (2) were obtained using regressions
with the least-squared method. LST retrieval is also significantly
influenced by WVC. To improve retrieval accuracy, the WVC
of all 946 TIGR profiles was divided into six subranges with an
overlap of 0.5 g/cm2: [0–1.5], [1–2.5], [2–3.5], [3–4.5], [4–5.5],
and [5–6.5]. Considering that WVC may not be obtained in some
pixels in practical retrieval, we added a WVC range between
0 and 6.5 g/cm2. Finally, a lookup table of GSW algorithm
coefficients for different VZAs and WVCs was established.

In the practical retrieval, suitable WVC subranges were se-
lected according to WVC from ERA5 data, and precise algo-
rithm coefficients were obtained by interpolating according to
VZA from MERSI-2 data. For the pixel that its WVC belongs
to the overlap subranges, LST was estimated with the algorithm
coefficients of adjacent subranges, and then their averaged value
was considered as the final LST.

B. LSE Estimation Method

LSE for a pixel can be simply regarded as a weighted combi-
nation of vegetation and bare soil emissivity [73] in terms of

εi = εv_iPv + εs_i (1− Pv) (5)

where εi is the emissivity of band i, εv_i and εs_i are the
emissivity of vegetation and bare soil components of channel
i, respectively, and Pv is the FVC, which can be calculated from

Pv =

[
NDVI−NDVImin

NDVImax−NDVImin

]2
(6)

whereNDVImin andNDVImax are the NDVI value of the pixels
of bare soil and vegetation, respectively.

Traditionally, the emissivity values of bare soil and vegetated
component of each surface type were calculated according to
the spectral library data, which is accurate for the vegetation
part with high- and low-contrast emissivity. However, given
the diverse mineral components, soil moisture content, and
surface roughness, soil emissivity may vary greatly in TIR bands.
Therefore, estimating the emissivity of bare soil component of
each pixel in a satellite image is needed. Following the work of
Wang et al. [38], [74] LSE in MERSI-2 bands 24 and 25 could be
estimated by the ASTER GED product and FVC. The emissivity
of bare soil component could be separated from ASTER means
emissivity using (7), which is a variant of (5)

εs_ASTER =
εASTER − εv_ASTERPv_ASTER

1− Pv_ASTER
(7)

where εASTER is the LSE of a pixel from the ASTER GED prod-
uct, εs_ASTER is the emissivity of bare soil of the ASTER pixel,
and εv_ASTER is the emissivity of vegetation of the ASTER
pixel, which is an averaged emissivity calculated by (8) with
ASTER spectral response functions and vegetation emissivity
spectral data from the ASTER spectral library

ε =

∫ λ2

λ1
f(λ)ε(λ)dλ∫ λ2

λ1
f(λ)dλ

(8)
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Fig. 2. Spectral response functions of the MERSI-2 and ASTER TIR bands.

Fig. 3. Comparison of the estimated emissivity using (9) and (10) and the
actual emissivity calculated from the ASTER spectral library at MERSI-2 bands.
(a) Band 24. (b) Band 25.

where ε(λ) is the emissivity spectral data and f(λ) is the spectral
response function of the sensor.

A spectral conversion is required between ASTER and
MERSI-2 TIR bands because of the difference in band range
and response (as shown in Fig. 2). As shown in (9) and (10),
considering the correlation between the ASTER and MERSI-2
TIR bands, MERSI-2 band 24 emissivity was calculated using
ASTER bands 13 and 14. Although MERSI-2 band 25 has
little overlap with ASTER bands, it has a satisfying fitting
result with ASTER bands 9–14. The coefficients in (9) and (10)
were regressed from the emissivity of bare soil in MERSI-2
and ASTER TIR bands, which were calculated by (8) with
bare soil emissivity spectral data from the ASTER spectral
library according to the sensors spectral response function. The
accuracy of (9) and (10) is shown in Fig. 3

εs_MERSI2_24 = −0.03 + 0.999εs_ASTER_13

+ 0.031εs_ASTER_14 (9)

εs_MERSI2_25 = −0.0155 + 0.033εs_ASTER_10

+ 0.033εs_ASTER_11

− 0.087εs_ASTER_12 + 0.015εs_ASTER_13

+ 0.851εs_ASTER_14 (10)

where εs_MERSI2_2k(k = 24/25) is the emissivity of bare soil of
MERSI-2 band k and εs_ASTER_k(k = 9–14) is the emissivity of
bare soil of ASTER channel k.

Fig. 4. Geographic locations of the SURFRAD sites (the background map is
the MODIS MCD12Q1 product of 2019).

After obtaining the bare soil emissivity in each pixel of
MERSI-2 TIR bands, the LSE for each MERSI-2 pixel can be
calculated by (11) and (12)

εMERSI2_i
′ = εv_MERSI2_iPv_MERSI2

+ εs_MERSI2_i (1− Pv_MERSI2) (11)

where εMERSI2_i
′ is the vegetation adjusted MERSI-2 emissiv-

ity of band i, εv_MERSI2_i and εs_MERSI2_i are the emissivity
of vegetation and bare soil components of MERSI-2 band i,
respectively, and Pv_MERSI2 is the FVC calculated from the
NDVI using (6). A similar calculation to adjust the snow cover
using the MYD10A1 product in term of (12)

εMERSI2_i
′′ = εs_MERSI2_iPs_MERSI2

+ εMERSI2_i
′ (1− Ps_MERSI2) (12)

where εMERSI2_i
′′ is the vegetation and snow adjusted MERSI-2

emissivity of band i, εs_MERSI2_i is the emissivity of snow of
MERSI-2 band i, and Ps_MERSI2 is the snow cover fraction
which is obtained from MYD10A1.

C. LST Validation Methods

In this study, two different methods were used to validate
the retrieved LST of MERSI-2, namely, validation using in situ
measurements and intercomparison using MODIS LST prod-
ucts. To quantify the accuracy of retrieved LST, bias and RMSE
were used to as the evaluation index.

1) LST Validation Using In Situ Measurements: In situ LST
comes from the surface radiation budget network (SURFRAD).
The SURFRAD network was established by the National
Oceanic and Atmospheric Administration in 1993 to support
climate-related research over the United States by providing
long-term, continuous, and accurate in situ surface radiation
budget [75]. The system now has seven sites in different climato-
logical regions of the United States (as shown in Fig. 4). To calcu-
late in situ LST, quality-controlled measurements of broadband
hemispherical upwelling and downwelling longwave radiation
are provided by SURFRAD sites every 3 min (before 2009) or
every minute (after 2009). Many studies have used SURFRAD
measurements to validate LST retrieval from satellites [42],
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[76]–[78]. In SURFRAD sites, two pyrgeometers (Eppley Preci-
sion Infrared Radiometer) mounted at 10-m height measure the
downwelling and upwelling longwave radiation in the spectral
range from 4.0–50.0 μm. Guillevic et al. [79] reported that,
considering the instrumental error, less than 1-K uncertainty
is observed from the site. The spatial representativeness of the
pyrgeometers is approximately 70 × 70 m at the surface [78].
MERSI-2 TIR bands images have a spatial resolution of 250 m.
Thus, the seven sites need to be validated whether they could be
regarded as a uniform surface when the spatial resolution is equal
to or greater than 250 m. The ASTER LST product (AST_08)
is often used to evaluate the homogeneity of in situ sites, which
has a high-spatial resolution of 90 m. Hence, a six-year period
(2015–2020) of ASTER LST product was adopted to obtain
the mean of stdev for each SURFRAD sites in a subset of 270
× 270 m during nighttime. Table Ⅲ shows the mean stdev
for the LST of SURFRAD sites, which were both lower than
0.5 K. Therefore, all sites could be regarded as homogenous.
Nevertheless, Wang et al. [38] reported that Bondville site would
have a significant contrast with the adjacent areas because of the
farming in April and May every year, and the Goodwin Creek
site has larger thermal inertia because of its location on a piece of
grassland surrounded by broadleaf deciduous forest. Therefore,
in this study, Bondville site data in April and May and Goodwin
Creek site data all the year round were discarded.

The in situ LST was calculated using

LST =

[
F ↑ − (1− εbb)× F ↓

εbb × σ

]0.25
(13)

where F ↑ and F ↓ are the measured surface upwelling longwave
radiation and measured atmospheric downwelling longwave
radiation, respectively; σ is the Stefan Boltzmann constant
(5.67 × 10−8 W m−2 K−4); and εbb is the surface broadband
emissivity, which was calculated using (14) according to Cheng
et al. [80]

εbb = 0.197 + 0.025ε10 + 0.057ε11

+ 0.237ε12 + 0.333ε13 + 0.146ε14 (14)

where εk(k = 10–14) is the mean emissivity of ASTER GEDv3
bands 10–14 in this study.

2) LST Validation Using MODIS LST Products: The inter-
comparison method is to compare the retrieved LST from a
satellite with the well-validated LST from another satellite [81]–
[83]. In this study, the MYD11_L2 and MYD21_L2 products
were used for intercomparing which imaging time differed from
the MERSI-2 data by 5 min. Before comparison, the quality
pixels of the MODIS LST products were remained according to
the quality control data. Then, the MERSI-2 retrieved LST were
resampled to the spatial resolution of the MODIS LST products.

IV. RESULTS

A. Accuracy of MERSI-2 SW Algorithm

Fig. 5 shows the variation of RMSEs of the MERSI-2 SW
algorithm with VZAs at each WVC subrange. The RMSE in-
creases with the increase of WVC and VZA. The RMSE is less

Fig. 5. RMSE of MERSI-2 SW algorithm.

than 1.5 K at each WVC subrange when VZA is less than 40° and
is less than 1.5 K in all VZAs when WVC is less than 2.5 g/cm2.
The RMSE is greater than 3.5 K at 3–4.5 g/cm2 subrange when
VZA reaches 60° and is under 2 K when VZA is 55°. Therefore,
in the region with a moist atmosphere, the pixels with a VZA
greater than 55° were not recommended to use for retrieving
LST.

B. LST Validation Results Using In Situ Measurements

The MERSI-2 L1 level data in 2019 and 2020 (January,
February, April, May, July, August, October, and November)
correspond to winter, spring, summer, autumn, and spring over
the United States, which were used to retrieve LST. All the
MERSI-2 data were divided into daytime and nighttime. The
number of retrieved sites LSTs are 176 and 181 at daytime and
nighttime, respectively.

Although the cloud mask product and the means of visual
interpretation were applied to identify clear pixels before re-
trieving LST, some pixels contaminated by cloud may still be
remained. Furthermore, there is considerable horizontal stripe
noise in MERSI-2 TIR bands images; thus, MERSI-2 retrieved
LSTs that have many outliers. To obtain robust retrieved LST
values, the removal strategy from Sobrino et al. [84] was
adopted. The difference between MERSI-2 retrieved and in situ
measurements higher than three times the theoretical algorithm
RMSEs was considered outliers and was removed from the
validation statistics computation. The RMSEs of MERSI-2 SW
algorithm is divided into 78 values by WVC subranges and
VZAs, and the VZA of MERSI-2 retrieved sites’ LSTs range
from 0° to 60°. Therefore, to validate comprehensively the
accuracy of MERSI-2 retrieved LSTs, two theoretical algorithm
RMSEs were adopted. One is the theoretical algorithm RMSE of
medium VZA and medium WVC, and the other is the theoretical
algorithm RMSE of maximal VZA and medium WVC. The
retrieved site LSTs remained over 58% with two theoretical
algorithm RMSEs. As shown in Fig. 6(a) and (b), after removing
the outliers using the first theoretical algorithm RMSE, the
biases between retrieved LSTs and in situ LSTs are –0.213
and –0.280 K at daytime and nighttime, respectively, and the
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Fig. 6. Scatterplots of the comparison between retrieved LSTs and in situ
LSTs. (a) LSTs at daytime with the first removal strategy (theoretical algorithm
RMSE is 2.745 K). (b) LSTs at nighttime with the first removal strategy. (c)
LSTs during the day with the second removal strategy (theoretical algorithm
RMSE is 7.252 K). (d) LSTs at nighttime with the second removal.

RMSEs between retrieved LSTs and in situ LSTs are 1.563 and
1.483 K at daytime and nighttime, respectively. As shown in
Fig. 6(c) and (d), after removing the outliers using the second
theoretical algorithm RMSE, the bias between retrieved LSTs
and in situ LSTs are −0.537 and −0.685 K in daytime and
nighttime, respectively, and the RMSEs between retrieved LSTs
and in situ LSTs are 2.778 and 2.685 K in daytime and nighttime,
respectively. The results show that the retrieved LSTs were both
highly consistent with the in situ LSTs, the overall retrieved
LSTs is lower than ground measurements. And the RMSEs of
nighttime are lower than that of daytime because the surface is
not affected owing to the sunlight and shadows at night [84].

C. LST Validation Results Using MODIS LST Products

The region of intercomparison located in the range of 36.84
°N–44.15 °N and 115.89 °E–123.01 °E, which is in the Bohai
sea area of China.

Fig. 7 is the detailed LST display of the study region. As shown
in Fig. 7(a)–(c), the spatial distribution of the MERSI-2 retrieved
LST is consistent with MYD11 and MYD21 LST nearly, and the
values of the LST is higher than the MYD11 2–3 K and MYD21
1–2 K, respectively. In addition, as shown in Fig. 7(a), the spatial
distribution of the LST is unnatural in some areas because of the
influence of the stripe noise in MERSI-2 TIR bands images [85].

Fig. 8(a) shows that the bias and RMSE between MERSI-2
retrieved LST and MYD11 LST are 2.885 and 3.285 K, re-
spectively. Fig. 8(b) shows that the bias and RMSE between
MERSI-2 retrieved LST and MYD21 LST are 1.492 and 2.258
K, respectively. However, a large number of LST values deviate
far from the 1:1 line perhaps because of the influence of the
stripe noise.

Fig. 7. Detailed LST display of the study region. (a) MERSI-2. (b)
MYD11_L2. (c) MYD21_L2.

Fig. 8. Density scatterplots of the comparison between MERSI-2 retrieved
LST and MODIS LST products. (a) MERSI-2 and MYD11_L2. (b) MERSI-2
and MYD21_L2.

V. DISCUSSIONS

A. Sensitivity Analysis of MERSI-2 SW Algorithm

Wan et al. [7] noted that LSE, sensor noise, and WVC are
primary uncertainties that cause errors in LST retrieval using the
SW algorithm. Therefore, the sensitivity of the SW algorithm
about the above three parameters was evaluated.

To evaluate the sensitivity of the SW algorithm to LSE, 1%
uncertainty (about 0.01) of LSE at each TIR bands was added
during LST retrieval using the SW algorithm. As shown in Fig.
9(a), the increased RMSEs tend to decrease with the increase
of VZAs and the decrease of WVC. The minimum of increased
RMSEs is 0.01 K when VZA is 60° and WVC is at the subranges
of [4–5.5] or [5–6.5] g/cm2. The maximum of increased RMSEs
is 0.91 K when WVC is at the subrange of [5–6.5] g/cm2 and the
VZA is 0°, 5°, or 10°. The results indicated that the influence of
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Fig. 9. Histogram of the LST RMSE caused by the uncertainty of the LSE and
WVC. (a) LST RMSE caused by LSE uncertainty (about 0.001). (b) LST RMSE
caused by the sensor noise (0.4 K) (W1:WVC�[0, 1.5]; W2:WVC�[1, 2.5];
W3:WVC�[2, 3.5]; W4:WVC�[3, 4.5]; W5:WVC�[4, 5.5]; W6:WVC�[5,
6.5]).

WVC and VZA greatly exceed the LSE in the moist atmosphere
when VZA is large.

The noise equivalent differential temperature (NE�T) of the
TIR channels of MERSI-2 was designed as 0.4 K. To evaluate
the sensitivity of the SW algorithm to sensor noise, a Gaussian-
distribution noise with a stdev of 0.4 K at each TIR bands was
added during LST retrieval using the SW algorithm. As shown in
Fig. 9 (b), the increased RMSE in each condition is similar when
the subrange of the WVC is below 5–6.5 g/cm2. The minimum
of the increased RMSEs is 0.09 K when VZA is 60° and WVC
is at the subrange of [0–1.5] g/cm2. The increased RMSEs are
similar in each VZA at multiple low or medium subranges of
WVC perhaps because the influence of sensor noise is small in
a dry atmosphere. The maximum of increased RMSEs is 0.81 K
when WVC is at the subrange of 5–6.5 g/cm2 and VZA is 60°.

The WVC was divided into six subranges with an overlap
of 0.5 g/cm2 in this study. Each of the two adjacent subranges
corresponds to different algorithm coefficients. Therefore, the
influence of the uncertainty of WVC to the SW algorithm was
mainly caused by using incorrect algorithm coefficients because
of misclassified WVC subranges. Therefore, the RMSEs caused
by using the coefficients of adjacent WVC subranges when VZA
is 0° were calculated. The results in Table Ⅳ show that the
misclassification of WVC led to a significant increase in LST
estimation errors. The minimum of increased RMSEs is 0.26 K
for the coefficients of WVC � [0–1.5] g/cm2 incorrectly used in
the case of WVC � [1–2.5] g/cm2. The maximum increased
RMSE was 1.46 K for the coefficients of WVC � [3–4.5]
g/cm2 incorrectly used in case of WVC � [2–3.5] g/cm2. In the
practical retrieval, to reduce this effect, the LST will be estimated
with the algorithm coefficients of adjacent subranges, and their
averaged value will be considered as the final LST [86].

B. Analysis for the Deviation Between MERSI-2 LST and
In Situ LST

To analyze reasons for the performance of our algorithm’s
accuracy in in situ validation, the scatterplots of LSE versus
NDVI for SURFRAD sites were drawn, and the scatterplots of
deviation versus WVC and VZA were also drawn. As shown
in Fig. 10, the LSE is proportional to the increase of NDVI,
which is indicated that LSE of MERSI-2 could be well estimated

Fig. 10. Scatterplots of variation of LSE depending NDVI for SURFRAD
sites. (a) Daytime. (b) Nighttime.

Fig. 11. Scatterplots of LST deviation depending WVC and VZA. (a) Day-
time. (b) Nighttime.

dynamically from the ASTER GED product. Zhang et al. [49]
compared the emissivity of soil samples, which were collected
from a spectrograph and derived from satellite using the ASTER
GED product, respectively, and the average overestimation of
those is 0.007. The overestimation of LSE will cause the sig-
nificant underestimation of retrieved LST. As shown in Fig. 11,
WVC of the SURFRAD sites are mostly in low and medium
range because they are all in mid-latitude region. In particular,
the retrieved deviation in the samples with 0–30° (blue points)
exists in most situations which are greater than the samples
with 55–60° (red points). In theoretical accuracy, however, the
algorithm’s deviation is proportional to the increase of VZA.
Hence, we preliminarily infer that there exist other factors to
cause this situation, such as the influence of stripe noise.

C. Analysis of the Difference Between the MERSI-2 and
MODIS LST Products

To analyze further the difference between MERSI-2 retrieved
LST and MODIS LST products, the boxplots of MERSI-2 and
MODIS TIR bands were drawn (as shown in Fig. 12). Two
situations according to whether NDVI value is larger than 0.2
were divided. The reason is that the region can be regarded as
a vegetated area when the NDVI value is larger than 0.2 [25].
As shown in Fig. 12, the LSE of the MERSI-2 and the MYD21
TIR bands are lower than that of the MYD11 TIR bands in
barren and vegetated areas. Furthermore, the variation range of
the LSE of MERSI-2 and MYD21 fluctuates greatly, whereas
that of MYD11 is narrow because the estimation method of
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Fig. 12. Boxplots of MERSI-2 and MODIS TIR bands. (a) LSE of MERSI-2
band 24 and MYD21/MYD11 band 31 when the NDVI is less than 0.2. (b) LSE
of MERSI-2 band 25 and MYD21/MYD11 band 32 when the NDVI is less than
0.2. (c) LSE of MERSI-2 band 24 and MYD21/MYD11 band 31 when the NDVI
is equal or greater than 0.2. (d) LSE of MERSI-2 band 25 and MYD21/MYD11
band 32 when the NDVI is equal or greater than 0.2.

MYD11 LSE, which is a classification-based emissivity method
in which only one value can be obtained on one kind of surface.
The accuracy of the MODIS land classification product is 75%,
which means that approximately 25% of pixels are misclassified
and given inaccurate emissivity values [41]. In contrast, the real
surface characteristic can be well reflected by the dynamic LSE
of MERSI-2 and MYD21. In the barren area, the mean LSE of
MERSI-2 band 24 is lower than that of MYD21 band 31 0.0001,
and the mean LSE of MERSI-2 band 25 is lower than that of
MYD21 band 32 0.003. In the vegetated area, the mean LSE of
MERSI-2 band 24 is lower than that of MYD21 band 31 0.003,
and the mean LSE of MERSI-2 band 25 is lower than that of
MYD21 band 32 0.004.

Table Ⅴ shows the relative accuracy of MERSI-2 LST and
MODIS LST products in barren and vegetated areas, which
indicate that the difference between the two is smaller in barren
areas.

SW algorithm is sensitive to LSE, and an error of 0.005 can
result in differences of LST of at least 1 K [87]. Therefore,
the LST underestimation of MYD11 was mainly because of the
overestimation of LSE. The LST of MERSI-2 was slightly higher
than MYD21 because of the MERSI-2 LSE, which was slightly
higher than MYD21 LST. Furthermore, the coefficients of the
SW algorithm for retrieving MERSI-2 LST and MYD11 LST
were different, which may also result in a difference between
the two LST values.

VI. CONCLUSION

An operational SW algorithm for FY-3D MERSI-2 was devel-
oped in this study. First, the simulation dataset was established
by the MODTRAN 5.2 to obtain the algorithm coefficients for
MERSI-2. Subsequently, in the practical retrieval, the precise

coefficients were obtained according to WVC and VZA, WVC
was obtained from the ERA5 dataset, and LSE was dynamically
estimated using ASTER GEDv3 and FVC. In the end, the
accuracy of the algorithm in the retrieval was validated using
two methods such as in situ validation and intercomparison.

The SW algorithm has high-overall accuracy, the RMSEs of
the algorithm are between 0.37 and 6.09 K in all WVC and VZA
ranges, and the RMSE is less than 1.5 K when VZA is less than
40° or WVC is less than 2.5 g/cm2. The maximum increased
RMSEs of the algorithm are 0.91, 0.81, and 1.46 K because of
the uncertainty of LSE, sensor noise, and WVC.

In the phase of validation through using in situ LST, the
retrieved LST was compared with in situ LST in 2019 and
2020 (January, February, April, May, July, August, October,
and November), and the results indicated that the retrieved LST
was highly consistent with the in situ LST. During daytime, the
RMSEs (biases) of the operational SW algorithm were between
1.563 (–0.213) and 2.778 K (−0.537 K), during nighttime, the
RMSEs (biases) of the operational SW algorithm were between
1.483 (–0.280) and 2.685 K (−0.685 K), reaching the accuracy
of the commonly used remote sensing LST products.

In the phase of validation using MODIS LST products, the
retrieved LST of MERSI-2 was compared with Collection 6
MYD11_L2 and MYD21_L2 LST products. The results indi-
cated that MERSI-2 LST was more consistent with the MYD21
LST, and the RMSE (bias) between the two LST is 2.258 K
(1.492 K). Moreover, the smaller differences between MERSI-2
LST and MODIS LST in barren areas, and the underestimation
of emissivity of the two TIR bands compared with that of
MYD11 and MYD21 is the main reason for the overestimation
of the LST of MERSI-2.

The validation of the retrieved LST using in situ LST may
be slightly off because of the influence of the stripe noise of
MERSI-2 TIR images. Although some outliers were removed
in this study, avoiding the situation which the deviation with
in situ LSTs became smaller because the stripe noise remained
is difficult. Therefore, future work should focus on removing
the stripe noise of MERSI-2 TIR images to take full advantage
them, and in addition to developing a LST retrieval algorithm in
theory that is more applicable to MERSI-2 data and considering
daytime and nighttime separately.
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