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ABSTRACT
This paper extends a new temperature and emissivity separation (TES)
algorithm for retrieving land surface temperature and emissivity (LST
and LSE) to the Advanced Geosynchronous Radiation Imager (AGRI)
onboard Fengyun-4A, China’s newest geostationary meteorological
satellite. The extended TES algorithm was named the AGRI TES
algorithm. The AGRI TES algorithm employs a modified water vapor
scaling (WVS) method and a recalibrated empirical function over
vegetated surfaces. In situ validation and cross-validation are utilized to
investigate the accuracy of the retrieved LST and LSE. LST validation
using the collected field measurements showed that the mean bias and
RMSE of AGRI TES LST are 0.58 and 2.93 K in the daytime and −0.30 K
and 2.18 K at nighttime, respectively; the AGRI official LST is
systematically underestimated. Compared with the MODIS LST and LSE
products (MYD21), the average bias and RMSE of AGRI TES LST are
−0.26 K and 1.65 K, respectively. The AGRI TES LSE outperforms the
AGRI official LSE in terms of accuracy and spatial integrity. This study
demonstrates the good performance of the AGRI TES algorithm for the
retrieval of high-quality LST and LSE, and the potential of the AGRI TES
algorithm in producing operational LST and LSE products.
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1. Introduction

As a direct driving factor for land-atmosphere interaction, the land surface temperature (LST) is a
critical parameter in climatic, hydrological, ecological, and biogeochemical models (Cheng et al.
2020; Li et al. 2013; Mannstein 1987; Wan and Dozier 1996). Due to its significance in the study
of evapotranspiration, climate change, hydrological cycle, drought monitoring, and urban heat
island effects (Cheng and Kustas 2019; Kalma, McVicar, and McCabe 2008; Weng 2009; Su
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2002; Wan, Wang, and Li 2004; Zhang and Cheng 2019), the LST was identified as one of the essen-
tial climate variables (ECVs) (Belward et al. 2016). The land surface emissivity (LSE) is an inherent
physical property of the land surface and is primarily regulated by the surface composition and
physical state (Cheng et al. 2010; Zhang, Cheng, and Liang 2018; Jiang, Li, and Nerry 2006). The
LSE is widely used for target detection and geological mapping based on the characteristics of emis-
sivity spectra (French, Schmugge, and Kustas 2000; Hulley, Veraverbeke, and Hook 2014; Vaughan,
Calvin, and Taranik 2003; Kirkland et al. 2002).

In addition to ground measurements and simulation by land surface models, thermal-infrared
(TIR) remote sensing is the only means to obtain the LST at regional and global scales. Regarding
the TIR satellite remote sensing of LST and LSE, the received top of the atmosphere (TOA) radiance
is directly linked to the LST and LSE and coupled with the atmosphere through the radiative transfer
equation. Thus, LST and LSE retrieval from TIR TOA radiance is a complex process. Based on the
proposed strategies used to solve atmospheric correction and LST and LSE decoupling, scientists
have developed a variety of versatile LST retrieval algorithms since the 1980s (Chen et al. 2020;
Dash et al. 2002; Zhou and Cheng 2018). According to whether LSE is required to be known a priori,
the LST retrieval algorithms can be roughly classified into two types: those with (1) a predetermined
LSE in advance, such as the single-channel algorithm (Qin, Karnieli, and Berliner 2001; Jimenez-
Munoz and Sobrino 2003; Meng, Cheng, and Liang 2017), the split-window (SW) algorithm (Wan
and Dozier 1996; Becker and Li 1990; Yu et al. 2009; Tang et al. 2008), and the multiangle algorithm
(Noyes et al. 2007; Ghent et al. 2017); (2) simultaneous retrieval of the LST and LSE, as in the day-
night algorithm (Wan and Li 1997), temperature and emissivity separation algorithm (Gillespie et al.
1998), and hyperspectral algorithm (Zhou and Cheng 2018; OuYang et al. 2010; Wang et al. 2011). To
determine the LSE, classification-based methods (Snyder et al. 1998; Sobrino et al. 2008; Valor and
Caselles 1996) are usually adopted for simplicity and ease of use. LST and LSE simultaneous retrieval
algorithms (Zhou and Cheng 2018; Wan and Li 1997; Gillespie et al. 1998; OuYang et al. 2010; Wang
et al. 2011; Jiménez-Muñoz et al. 2014) are used to acquire accurate LSE values. With the proposed
algorithms mentioned above, many prestigious LST and LSE products have been released to the pub-
lic, such as the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) LST
and LSE products (Coll et al. 2007; Gillespie et al. 2011), Moderate Resolution Imaging Spectroradi-
ometer (MODIS) LST and LSE products (Wan 2014; Hulley and Hook 2011), Visible Infrared Ima-
ging Radiometer Suite (VIIRS) LST and LSE products (Islam et al. 2017; Wang et al. 2020),
Geostationary Operational Environmental Satellites (GOES) LST products (Sun and Pinker 2003)
and Spinning Enhanced Visible and Infrared Imager (SEVIRI) LST and LSE products (Peres and
DaCamara 2005; Martins et al. 2019; Freitas et al. 2010). Generally, the channel configurations and
characteristics of the sensor are the main factors that determine the optimal algorithm.

Recently, with the accumulation of retried LSE products, the composited LSE has been used as an
input to the single-channel algorithm and SW algorithm to improve the LSE parameterization. For
example, a mean emissivity data set developed by NASA from all available clear-sky ASTER emis-
sivity products between 2000 and 2008, named Advanced Spaceborne Thermal Emission and
Reflection Radiometer Global Emissivity Dataset (ASTER-GED) (Hulley et al. 2015), has been
used for retrieving LST from VIIRS (Wang et al. 2020), Landsat (Ermida et al. 2020), and Senti-
nel-3A (Zhang et al. 2019). The Global Land Surface Satellite (GLASS) broadband emissivity pro-
duct (Cheng and Liang 2014; Cheng et al. 2016) with the 8-day temporal resolution has been used
for retrieving LST from China FengYun-3C Medium Resolution Spectral Imager (MERSI) (Meng,
Cheng, and Liang 2017). One of the remarkable characteristics of the TES algorithm is that it can
obtain LST and LSE at the same time, and the LSE has high accuracy (Hulley, Hook, and Baldridge
2009). If we combine the observations from all the available geostationary satellites, we can obtain
hourly global LSE using the TES algorithm and provide near real-time emissivity data for the single-
channel and SW algorithms. This is helpful to improve the accuracy of LST retrieval.

FengYun-4A (FY-4A), the second generation of China’s geostationary meteorological satellite,
was launched on December 11, 2016 and began operation in 2018 (Chen et al. 2020; Yang et al.
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2017). Compared with China’s first-generation geostationary meteorological satellite FengYun-2
(FY-2), FY-4 has improved capabilities for weather and environmental monitoring. FY-4A has
four advanced observation instruments – the Advanced Geosynchronous Radiation Imager
(AGRI), Geosynchronous Interferometric Infrared Sounder (GIIRS), Lighting Mapping (LMI),
and Space Environment Package (SEP). AGRI/FY-4A has four TIR channels and views the disk
area (80.6°N-80.6°S, 24.1°E-174.7°W) from longitude 104.7°E. The LST shows strong diurnal vari-
ation linked to the surface energy balance and surface thermal inertia, which cannot be easily cap-
tured by polar-orbiting satellites. The AGRI can complete at least one disk observation per hour,
and has considerable potential for research on diurnal LST variations.

The AGRI/FY-4A provides official LST and LSE products (http://fy4.nsmc.org.cn/portal/en/
theme/FY4A.html). The AGRI official LST and LSE are retrieved separately. The AGRI official
LST product is produced by the SW algorithm and has not been validated with in-situ measure-
ments (private communication with the principal investigator of the LST product). The AGRI
official LSE was retrieved using the physical-based optimization method with an absolute bias larger
than 0.01 when compared with the collocated MODIS LSE product (Cao et al. 2018). The spatial
resolution of the AGRI official LSE product is 12 km, which is much lower than that of TIR obser-
vations. The spatial mismatch between AGRI LST and LSE products may hinder their synergistic
use in the surface radiation budget. It is critical to developing an operational algorithm that can
be used to simultaneously derive LST and LSE accurately from the AGRI. The AGRI has one
TIR spectral channel in the spectral domain of 8–9 μm and two TIR spectral channels in the 10–
12 μm atmospheric window and meets the minimum configuration for the development of the
temperature and emissivity separation (TES) algorithm (Sobrino and Jimenez-Munoz 2014). The
channel configuration of the AGRI provides a precious opportunity to implement the TES algor-
ithm, which is expected to generate accurate spatially matched LST and LSE products.

We have developed a new TES algorithm for the Advanced Himawari Imager (AHI) onboard the
geostationary satellite Himawari-8, and achieved an accurate estimate of LST andLSEs fromAHI data
(Zhou and Cheng 2020). Thus, the objective of the study is to extend the developed TES algorithm for
AGRI (named as the AGRI TES algorithm hereafter) to simultaneously derive the LST and LSE from
AGRI imagery. This paper is structured as follows. Section 2 provides the details of the AGRI data,
auxiliary data, and ground measurements. The theoretical basis of the AGRI TES algorithm is pro-
vided in Section 3, and the validation and evaluation results of the retrieved AGRI LST and LSE are
presented in Section 4. The discussion and conclusion are presented in Sections 5 and 6, respectively.

2. The data

To develop the AGRI TES algorithm, AGRI L1 full disk data, the corresponding cloud mask pro-
duct, and geolocation data, along with the Modern-Era Retrospective analysis for Research and
Applications version 2 (MERRA-2) data (Gelaro et al. 2017), the SeeBor atmospheric profiles (Bor-
bas et al. 2005), the MODIS vegetation indices product MOD13C1 (Huete et al. 2002), the snow
product MOD10C2 (Salomonson and Appel 2004), and the Land Surface Temperature and Emis-
sivity (LST&E) product MOD11C2 (Wan and Li 1997) are needed. Besides, the LST&E product
MYD21_L2 (Hulley, Malakar, and Freepartner 2016; Malakar and Hulley 2016), and ground
measurements are adopted for the validation. The details of these data are described below.

2.1. FY-4A data

FY-4A data has been released freely to the public since March 12, 2018. AGRI/FY-4A takes 15-min to
complete a full-disk scan in 14 spectral channels. The spatial resolutions are 1 km for three visible (VIS)
channels, 2 km for four near-infrared (NIR) channels, and 4 kmfor sevenTIR channels at nadir. Table 1
details the characteristics of theAGRITIR channels, and the corresponding spectral response curves are
shown in Figure 1. Only channels 11, 12 and 13 are employed to retrieve the LST and LSE since channel
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14 is located in the spectral region with strong atmospheric absorption. In addition, the AGRI multi-
channel threshold-based cloudmask product is employed to discriminate clear-sky and cloudy sky pix-
els. One year (April 2018 to March 2019) of AGRI full disk L1 product and cloud mask product were
collected to implement the AGRI TES algorithm. The AGRI geolocation data, including (1) the AGRI
L1_GEO product, reprocessed after earth navigation from level 0 raw package data, provides the view-
ing zenith angle ofAGRI pixels in the 4 kmnominalfixed grid; (2) theAGRI coordinate transformation
lookup table that matches the column and line numbers of nominal projection to the geographic lati-
tude and longitude values. These data were downloaded from the data sharing platformof theNational
Satellite Meteorological Center (http://www.nsmc.org.cn/en/NSMC/Home/Index.html).

2.2. Auxiliary data

The Modern-Era Retrospective analysis for Research and Applications version 2 (MERRA-2)
(Gelaro et al. 2017) analyzed meteorological data inst6_3d_ana_Np provides the needed atmos-
pheric profiles for atmospheric correction. inst6_3d_ana_Np is a 6-hourly pressure-level analyzed
meteorological dataset that contains the air temperature, humidity, and geopotential height at 42
pressure levels with a spatial resolution of 0.5°×0.625°. These data are accessible from the Goddard
Earth Sciences Data and Information Services Center (https://disc.gsfc.nasa.gov/).

Since AGRI land products only provide the LST and LSE, the required satellite data to develop
the TES algorithm primarily come fromMODIS. Because the spatial resolution of AGRI TIR data is

Table 1. Specifications of AGRI TIR channels.

Channel Central wavelength (μm) Spatial resolution (km) Sensitivity (300 K) Remark

11 8.5 4 NEDT≤0.2K Atmospheric window
12 10.8 4 NEDT≤0.2K Atmospheric window
13 12.0 4 NEDT≤0.2K Atmospheric window
14 13.5 4 NEDT≤0.5K CO2 absorption

Figure 1. Spectral response functions for AGRI TIR channels. The gray dotted line shows the spectral response functions with
respect to the functions of MODIS channels 29, 31 and 32.
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4 km at the subsatellite point, MODIS global 0.05°×0.05° climate modeling grid products
(MOD13C1, MOD10C2 and MOD11C2) are used in this study. MOD13C1 provides the average
16-day Normalized Difference Vegetation Index (NDVI) calculated and projected using the two
8-day composite surface reflectance granules (MOD09A1) in the 16-day period. The MOD10C2
reports the average 8-day maximum percentage of snow-covered land based on the normalized
difference snow index (NDSI). The day/night algorithm-retrieved MODIS LST&E product
(MOD11C2) provides average 8-day LSE values. The MODIS data are downloaded from the
NASA Earthdata Search (https://search.earthdata.nasa.gov/search). The MOD13C1 NDVI recon-
structed by the Savitzky–Golay filter (Chen et al. 2004), the MOD10C2 snow cover and the
MOD11C2 LSE are used in the Water Vapor Scaling (WVS) method.

The SeeBor V5.0 atmospheric profile database is used to generate training data for coefficient
fitting in the TES. The SeeBor V5.0 database contains 15704 atmospheric profiles of the uniformly
distributed global atmospheric sounding temperature, moisture, and ozone at 101 pressure levels.
The relative humidity (RH) of the profile is used to exclude the cloudy-sky profile. If the relative
humidity (RH) of each layer is greater than 90% or the RH is greater than 85% within two consecu-
tive layers, the profile is labeled a cloudy profile (Cheng, Liang, and Shi 2020). In total, 5578 profiles
over the land surface were retained after filtering, and the distribution of total precipitable water
vapor (TPW) with skin temperature for these profiles is shown in Figure 2.

2.3. MYD21 product

The MYD21 LST&E product released with MODIS Collection 6, generated by the TES algorithm
with the WVS atmospheric correction method, has shown LST accuracies at the ∼1 K level for
most cases, compared with the in situ measurements (Malakar and Hulley 2016; Coll et al.
2016). The LSE of MxD21 is in better agreement with the lab values than the classification-based
LSE of MxD11, especially for the LSE of band 31 over arid and semiarid areas (Hulley, Malakar,
and Freepartner 2016). The MYD21 was adopted for LST&E cross-validation in this article
accordingly.

Figure 2. Scatterplot of the TPW versus the skin temperature for the selected atmospheric profiles.
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2.4. Ground measurements

The ground-measured surface longwave upwelling radiation (SLUR) and surface longwave down-
ward radiation (SLDR) from 12 flux measurement sites were employed to validate the retrieved LST
from AGRI data, including 6 sites from the Heihe Watershed Allied Telemetry Experimental
Research (HiWATER) network (Li et al. 2013; Liu et al. 2018) and 6 sites from the Australian
and New Zealand flux tower network (OzFlux) (Beringer et al. 2016). Table 2 summarizes the
details of the validation sites. These sites include bare soil, maize, grassland, forest, and marsh alpine
meadow land cover types. The SLUR and SLDR were primarily measured by CNR1 net radiometers
and the Kipp & Zonen CNR4 in HiWATER and OzFlux, respectively. During the HiWATER exper-
iments, the measurement difference of all CNR1/CNR4 net radiometers varied from approximately
−8 W/m2 in the daytime to 3 W/m2 at nighttime, when compared to an Eppley Precision Infrared
Radiometer (Xu et al. 2013). The uncertainty of the in situ LST derived from the ground-measured
SLUR and SLDR was analyzed in (Zhou and Cheng 2020).

Because the footprint of the ground-based tower measurement is much smaller than the spatial
resolution of the AGRI, it must be ensured that measurements at ground sites are representative of
the 4 km × 4 km AGRI pixel (Yu et al. 2012; Gottsche et al. 2016). The five-year (2014-2019) ASTER
LST product (AST_08) was used to assess the spatial thermal homogeneity of each validation site.
The MODIS cloud mask product MOD35_L2 (Ackerman et al. 2010) was used to filter out cloud-
contaminated AST_08 images and the retained images were visually inspected. The standard devi-
ations (STDs) of the ASTER LSTs in 45 × 45 ASTER LST 90-m pixels around each site were calcu-
lated, and the boxplots of their STDs are shown in Figure 3. LST exhibits much higher spatial
homogeneity during the nighttime, with STDs of 45 × 45 ASTER LST subsets less than 2 K in
most cases, whereas only approximately half of the sites have relatively acceptable STDs in the day-
time. The changing solar radiation leads to rapid spatiotemporal variation in the LST during the
day. The LST spatial homogeneity also depends on the satellite overpass time. Note that there
are some abnormally high values of the STDs around the Cow Bay site in AST08 due to a forest
fire, but no anomalies occurred within the time interval of this study. Accordingly, the outliers
of Cow Bay caused by fire were removed in Figure 3.

3. Methodology

In the TIR spectral domain, the clear-sky TOA radiance received by the sensor can be divided into
three parts: the surface self-emittance, the surface reflected atmospheric downward radiance, and
the atmospheric upward radiance. For a certain channel i, the TOA radiance is expressed as follows:

Li(u) = (1iBi(TS)+ (1− 1i)L
�
i )ti(u)+ L�i (u) (1)

where Li(u) is the TOA radiance; u is the viewing zenith angle; 1i is the surface emissivity; TS is the

Table 2. Details of the selected sites in the HiWater and OzFlux networks.

Network Site No. Site ID Latitude (N) Longitude (E) Land cover Instrument

HiWATER 1 A’rou(AR) 38.047° 100.464° Savanna and grassland CNR1 net radiometers
2 Daman (DM) 38.856° 100.372° Maize CNR1 net radiometers
3 Dashalong (DSL) 38.840° 98.941° Marsh alpine meadow CNR1 net radiometers
4 Huangmo (HM) 42.114° 100.987° Bare soil CNR1 net radiometers
5 Huazhaizi (HZZ) 38.765° 100.319° Bare soil CNR1 net radiometers
6 Sidaoqiao (SDQ) 42.001° 101.137° Tamarix CNR1 net radiometers

OzFlux 7 Cow Bay −16.238° 145.427° Forest Hukseflux NR01
8 Cumberland Plain −33.615° 150.724° Woodland Kipp & Zonen CNR4
9 Daly Uncleared −14.159° 131.388° Savanna Kipp & Zonen CNR4
10 Longreach −23.523° 144.310° Grassland Kipp & Zonen CNR4
11 Sturt Plains −17.151° 133.350° Grassland Kipp & Zonen CNR4
12 Yanco −34.988° 146.291° Bare soil Kipp & Zonen CRG4
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surface temperature; Bi(TS) denotes the Planck function at surface temperature TS; ti(u) is the
transmittance of the total atmosphere; L�i is the hemispherical integrated atmospheric downward
radiance (abbreviated as atmospheric downward radiance later); and L�i (u) is the atmospheric
upward radiance (also named the atmospheric path radiance). According to (1), the ground-leaving
radiance is expressed as

Lg,i(u) = Li(u)− L�i (u)
ti(u)

= 1iBi(TS)+ (1− 1i)L
�
i . (2)

Surface temperature and emissivity retrieval from (2) is a tough issue. Assuming that the
atmospheric parameters (ti, L

�
i and L�i ) are known or simulated by a radiative transfer model

(RTM) with synchronized atmospheric profiles, there are still two unknown variables in (2),
namely, the surface temperature and emissivity. Decoupling the surface temperature and emissiv-
ity from (2) is an ill-posed problem, i.e. solving one surface temperature and N surface channel
emissivities with N channel observations (Li, Strahler, and Friedl 1999). Additional information
must be imposed to constrain (2) and make the ill-posed problem well determined. Many strat-
egies have been proposed to separate the surface temperature and emissivity from multichannel
TIR observations (Mannstein 1987). Thus, atmospheric correction and temperature and emissiv-
ity separation are two essential steps in estimating the surface temperature and emissivity from
multichannel TIR observations.

Figure 4 presents the flowchart used to develop the AGRI TES algorithm. There are two key
components: atmospheric correction and temperature and emissivity separation. A modified
WVS method was conducted for atmospheric correction, which is applicable for both high emissiv-
ity (graybody) and low emissivity (nongraybody) pixels. Note the definition of terminology gray-
body here is different from the standard definition of the gray body in the textbook, so does the
definition of nongraybody. For LST and LSE retrieval, a new empirical function is established
for vegetated surfaces that explicitly considers the multiple scattering between leaves and the under-
lying soil background.

3.1. Atmospheric correction

Three atmospheric parameters need to be accurately estimated to perform the atmospheric correc-
tion. This is realized by feeding the atmospheric profiles into the RTM to simulate the atmospheric
parameters. Operationally, a fast RTM such as Radiative Transfer for TOVS (RTTOV) is employed

Figure 3. STD of 45 × 45 ASTER LST subsets around each validation site in (a) daytime and (b) nighttime. In the boxplots, the lines
in the middle of the boxes mark the median, and the upper and lower whiskers indicate the maximum and minimum,
respectively.
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for its higher computational efficiency and relatively acceptable accuracy (Saunders et al. 2018).
According to (Matricardi 2009), RTTOV’s simulation agrees with hyperspectral measurements
within ±1 K in the atmospheric window. In addition, RTTOV has an obviously faster operation
speed than moderate-resolution atmospheric transmission (MODTRAN) (Berk et al. 2005).
Thus, RTTOV is employed in the AGRI TES algorithm.

Figure 4. Flow diagram summarizing the AGRI TES algorithm.
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Due to the difficulty of obtaining accurate atmospheric profiles or real-time atmospheric sound-
ing profiles (especially the temperature and water vapor profiles) during the satellite overpass time,
reanalysis profiles are typically used as vicarious profiles for TIR atmospheric correction. Compared
with accurate radiosonde profiles obtained during the overpass time of the AGRI, MERRA2 atmos-
pheric profiles may have larger errors, which propagate into the simulated atmospheric parameters
and ultimately affect the accuracy of the derived LST and LSE. According to previous studies (Gil-
lespie et al. 2011; Li, Becker, et al. 1999; Hulley, Hughes, and Hook 2012; Guillevic et al. 2014),
atmospheric profile errors constitute the primary source of errors for the TES algorithm, especially
in the case of humid and warm atmospheric conditions. Thus, the WVS method has been proposed
(Tonooka 2005, 2001) and used to alleviate the effects of inaccurate atmospheric correction by scal-
ing the reanalysis water vapor profiles on a pixel-by-pixel basis. The WVS method has been incor-
porated in the operational TES algorithms of MODIS and VIIRS (Islam et al. 2017; Hulley and
Hook 2011), and the efficacy of the WVS method in improving the performance of the TES algor-
ithm has been recognized (Li et al. 2019; Tonooka 2000). Therefore, the WVS method is applied in
the atmospheric correction for AGRI.

The WVS method was developed from the extended multichannel/water-vapor-dependent
(EMC/WVD) algorithm (Francois and Ottle 1996), which originated from an improved SW algor-
ithm for sea surface retrieval (Baldridge et al. 2009). The surface brightness temperatures (BTs) are
formulated as quadratic polynomials of TPW and TOA BTs.

Lg,i(u) = Bi(Tg,i) = Li(u)− L�i (u, g)
ti(u, g)

(3)

With Tg,i = ai,0 +
∑n
k=1

ai,kTk

ai,k = pi,k + qi,kW + ri,kW
2

where Tg,i is the surface BT; ti(u, g) and L�i (u, g) are the transmittance and the path radiance cor-
rected by the water vapor profile scaling factor g, respectively; n is the number of channels; Tk is the
TOA BT measured by channel k; a, p, q and r are the coefficients for each channel; and W is the
TPW. Assuming the transmittance of an absorbing molecule is approximated by the Pierluissi
double exponential band model (Kneizys et al. 1996): t = exp{−(CU)a}, the total band model trans-
mittance calculated by water vapor profile scaled with g is expressed as

t(g) = t0 · exp{−(CgU)a} = t0 · (tv)ga (4)

where C is the band model absorption coefficient, U is the scaled absorber amount that can be
expressed as a function of the air pressure and temperature, a is the band model parameter
expressed as a function of the molecule and specific spectral band for that molecule, tv is the
water vapor-dependent component of the transmittance for the unscaled profile, and t0 is the trans-
mittance of other components. Note that the channel index is omitted in (4) for simplicity. Given
two different values of g1 and g2, t(u, g) and L�(u, g) for a chosen g value can be expressed as

t(u, g) = t(u, g1)
ga−ga

2
ga
1
−ga

2 · t(u, g2)
ga
1
−ga

ga
1
−ga

2 (5)

L�(u, g) = L�(u, g1) ·
1− t(u, g)
1− t(u, g1)

. (6)
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Inserting (5) and (6) into (3) yields the formulation for the scaling factor g

g =

ln
t(u, g2)

ga1

t(u, g1)
ga2
·
B(Tg) –

L�(u, g1)
1− t(u, g1)

L(u) –
L�(u, g1)

1− t(u, g1)

⎛
⎜⎜⎝

⎞
⎟⎟⎠

(ga1−ga2)

ln
t(u, g2)
t(u, g1)

( )

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1
a

. (7)

The implementation of the WVS method for atmospheric correction for AGRI requires two
types of variables resolved. One is the EMC/WVD coefficient, and the other is the band model par-
ameter. Additionally, we need to obtain the value of the atmospheric downward radiance in (2),
which is the required input of the TES algorithm.

3.1.1. Fitting EMC/WVD coefficients
Since the accuracy of the EMC/WVD algorithm degrades for nongraybody pixels, which are defined
as pixels with emissivity is less than a predetermined threshold such as 0.96 at all channels
(Tonooka 2000, 2005), the original WVS method is only applied to the graybody pixels, i.e. the
LSE at all channels is greater than 0.96, as defined in (Tonooka 2005; Zhou and Cheng 2020).
The g values for nongraybody pixels are calculated by horizontal interpolation. Islam et al.
(2017) refined the original WVS method and applied it to VIIRS data. Recently. Zhou and
Cheng (2020) extended the original WVS method to nongraybody pixels via fitting the EMC/
WVD coefficients for a series of subranges of minimum channel emissivity and named it as the
modified WVS method. They found that the modified WVS method is better than the original
WVS method for arid and semiarid areas without nearby graybody pixels, especially in scenarios
with a high water vapor content. Therefore, the modified WVS method was employed in this study.

To obtain the EMC/WVD coefficients of the modified WVS method, representative emissivity
spectra consisting of 157 samples were selected from the ASTER spectral library (Baldridge et al.
2009) and MODIS UCSB spectral library (http://g.icess.ucsb.edu/modis/EMIS/html/em.html),
which contains typical emissivity spectra such as the emissivity spectra of water, snow/ice, veg-
etation, soils, sands, and rock. The dynamic range of emissivity is between 0.65 and 1. The selected
emissivity spectra were convolved with AGRI’s spectral response function for each channel and
then divided into six groups based on the minimum channel emissivity: [0.96,1], [0.91,0.96],
[0.86,0.91], [0.81,0.86], [0.76,0.81], and [0.71,0.76]. The simulated LSTs are calculated by adding
the differences dT set as −10, −5, 0, 5, 10, and 15 K to the surface air temperature. We set 6 viewing
angles between 0-75° at an interval of 15°. In total, 5,254,476 simulations (5578 profiles×157 spec-
tra× 6 dT) were generated with MODTRAN 5.2 for each viewing angle. With the simulated surface
and TOA BT and the TPW of each SeeBor profile, the EMC/WVD coefficients in (3) were derived
by using a linear least squares method for each viewing zenith angle and each group of minimum
channel emissivities. The fitting results of the EMC/WVD coefficients for graybody pixels are sum-
marized in Table 3.

During the atmospheric correction, the minimum channel emissivity is derived from the
MOD11C2 LSE product. MODIS channel emissivities were converted to AGRI channel emissivities
using the linear functions (8) fitted with the 157 emissivity spectra. The regression coefficients are
shown in Table 4. When the group of minimum channel emissivities of each pixel is determined,
the EMC/WVD coefficients are obtained with the viewing angle, and then the surface BT Tg,i is cal-
culated using (3). Tg,i is linearly interpolated when the viewing angle is not equal to the specified
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Table 3. Example of fitted EMC/WVD coefficients for graybody pixels with minimum channel emissivity in [0.96,1]. VA denotes the viewing zenith angle.

VA Tg,i

ai,0 ai,11 ai,12 ai,13

RMSE(K)pi,0 qi,0 ri,0 pi,11 qi,11 ri,11 pi,12 qi,12 ri,12 pi,13 qi,13 ri,13
0 Tg,11 −5.386 −7.023 0.816 0.094 0.199 0.046 0.941 0.662 −0.123 −0.011 −0.836 0.075 0.409

Tg,12 −1.410 −3.056 −0.151 −0.333 0.196 0.057 1.242 0.748 −0.145 0.098 −0.933 0.089 0.297
Tg,13 −1.411 −8.735 1.178 −0.499 0.199 0.069 0.518 1.078 −0.188 0.988 −1.247 0.115 0.471

15 Tg,11 −5.421 −6.883 0.732 0.082 0.203 0.047 0.969 0.667 −0.127 −0.127 −0.846 0.077 0.414
Tg,12 −1.441 −2.983 −0.224 −0.336 0.201 0.059 1.262 0.754 −0.149 0.082 −0.944 0.092 0.304
Tg,13 −1.447 −8.653 1.115 −0.500 0.203 0.071 0.550 1.082 −0.192 0.957 −1.255 0.117 0.478

30 Tg,11 −5.524 −6.389 0.416 0.043 0.218 0.055 1.060 0.686 −0.140 −0.078 −0.881 0.084 0.435
Tg,12 −1.541 −2.712 −0.502 −0.346 0.217 0.066 1.227 0.771 −0.163 0.028 −0.979 0.099 0.327
Tg,13 −1.570 −8.325 0.863 −0.499 0.216 0.079 0.652 1.091 −0.205 0.854 −1.279 0.125 0.502

45 Tg,11 −5.651 −5.294 −0.398 −0.030 0.253 0.071 1.236 0.720 −0.169 −0.179 −0.953 0.101 0.481
Tg,12 −1.716 −2.048 −1.240 −0.366 0.255 0.081 1.459 0.801 −0.191 −0.084 −1.048 0.116 0.382
Tg,13 −1.811 −7.437 0.138 −0.496 0.248 0.092 0.858 1.102 −0.232 0.647 −1.324 0.140 0.552

60 Tg,11 −5.558 −2.943 −2.772 −0.167 0.341 0.110 1.557 0.786 −0.239 −0.364 −1.116 0.141 0.608
Tg,12 −1.841 −0.476 −3.470 −0.415 0.348 0.117 1.721 0.851 −0.258 −0.296 −1.196 0.154 0.533
Tg,13 −2.116 −5.155 −2.178 −0.502 0.329 0.129 1.244 1.112 −0.295 0.269 −1.423 0.176 0.681

75 Tg,11 −2.375 2.342 −15.963 −0.534 0.678 0.298 2.328 0.991 −0.525 −0.780 −1.672 0.290 1.527
Tg,12 0.541 3.249 −16.329 −0.643 0.691 0.301 2.413 1.012 −0.535 −0.768 −1.708 0.298 1.506
Tg,13 −0.140 0.961 −15.574 −0.499 0.199 0.069 0.518 1.078 −0.188 0.988 −1.247 0.115 1.566
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values (0°, 15°, 30°, 45°, 60°, or 75°).

EAGRIi = ai · EMODIS
i + bi. (8)

3.1.2. Fitting band model parameter
With the atmospheric transmittance simulated by MODTRAN 5.2 using 5578 selected profiles
under different water vapor scaling factors (0.9, 0.7 and 1.0), the band model parameter a in (5)
was fitted by the derivative-free optimization method with bound constraints (Larson, Menickelly,
and Wild 2019). The regression results are shown in Table 5.

3.1.3. Estimating the atmospheric downward radiance
The atmospheric downward radiance is estimated by the following quadratic function of the path
radiance at the nadir view (Tonooka, Rokugawa, and Hoshi 1997):

L�(g) = a+ bL�(0, g)+ cL�(0, g)2 (9)

where L�(0, g) is the path radiance at the nadir view and a, b and c are regression coefficients
derived using the least squares method with the simulated L�(0, g). In the atmospheric correction,
L�(0, g) is computed from L�(u, g) and t(u, g) at viewing angle u (Tonooka, Rokugawa, and
Hoshi 1997)

L�(0, g) = L�(u, g) · 1− t(u, g)cos u

1− t(u, g)
(10)

The values of the regression coefficients of (9) are shown in Table 6.

3.2. Temperature and emissivity separation

The TES algorithm was originally designed to simultaneously retrieve the LST and LSE from the
ASTER instrument, the only operational multispectral TIR sensor at that time (Gillespie et al.
1998). TES hybridizes the normalized emissivity method (NEM) module, emissivity ratio module,
and maximum-minimum difference (MMD) module. The NEM assumes that the emissivity of a

Table 4. Regression coefficients of (8).

Channel/AGRI Channel/MODIS ai bi RMSE

11 29 0.9239 0.0706 0.0086
12 31 1.0196 −0.0214 0.0056
13 32 0.9944 0.0045 0.0023

Table 5. Value of band model parameter for AGRI TIR channels in (5).

Channel a RMSE of t(u, g)

11 1.417 4.49E-04
12 1.850 1.17E-04
13 1.775 4.11E-04

Table 6. Regression coefficients of (9).

Channel a b c RMSE of L�(g) (W/cm2/sr/cm−1)

11 1.315E-9 1.804 −83855.677 7.33E-08
12 5.318E-8 1.718 −60274.528 5.77E-08
13 8.444E-8 1.648 −42554.880 1.07E-07
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certain channel reaches the initial maximum value and calculates an initial LST for each channel,
then iteratively refines the maximum emissivity and updates the initial LST and emissivity values.
The NEM emissivities are ratioed to their average value to preserve the spectral shape of the actual
emissivities. Finally, the empirical function between the minimum emissivity 1min and the MMD of
the ratioed values is applied to obtain the absolute value of 1min and recover the amplitude of the
LSE spectrum (Matsunaga 1994). Please refer to Gillespie et al. (1998) for the details of the TES
algorithm. The accuracy of the ASTER TES algorithm is 0.015 for LSE and 1.5 K for LST (Gillespie
et al. 1998). In addition, an independent field validation campaign demonstrated the good perform-
ance of the ASTER TES algorithm over sandy areas (Hulley, Hook, and Baldridge 2009).

We fitted the general empirical function for the AGRI in this study. Eighty-nine emissivity spec-
tra, including rocks, soils, water, vegetation (leaf), and ice/snow samples, were selected from the
ASTER spectral library and convolved with the AGRI channel response functions to generate the
corresponding emissivities for AGRI channels 11-13, which were employed to determine the
empirical function

1min = −0.731 ·MMD0.763 + 0.994. (11)

The fitted curve is shown in Figure 5 (a). For vegetated surfaces, leaf emissivity spectra from the
ASTER and MODIS UCSB spectral libraries are conventionally used to represent canopy emissivity
spectra (Gillespie et al. 1998; Berk et al. 2005), leading to an underestimation of the LSE. This can be
explained by the cavity effect that results from radiation trapping within the vegetation canopy,
especially for intermediate vegetation cover (Jacob et al. 2017). The inappropriate determination of
emissivities is one of the primary sources of error in the retrieved LST over vegetated surfaces. Zhou
and Cheng (2020) solved this problem by recalibrating a newMMD relationship for vegetated surfaces
using the 4SAIL modeled canopy emissivity spectra (Verhoef et al. 2007), in which the cavity effect is
explicitly incorporated. We adopted the same method to obtain the canopy emissivity spectra. We
selected 15 leaf spectra and 69 soil spectra from the ASTER and MODIS UCSB emissivity libraries
and set the spectral interval as 714-1380 cm−1 with a spectral resolution of 1 cm−1. The leaf area
index (LAI) was set to 0–7, with intervals ranging from 0.2–0.5. The viewing zenith angle varied
from 0° to 75° with an interval of 15°. There are 4 optional leaf inclination distribution functions
(LIDFs) in the 4SAIL model. According to Cheng et al. (2016), the accuracy of the emissivity values
calculated by 4SAIL using the spherical distribution function was within 0.005 over a fully vegetated
surface. The spherical distribution function was selected in this study accordingly. Finally, the spectral
anglemapper (SAM) algorithm (Yuhas, Goetz, and Boardman 1992) was adopted to reduce the redun-
dancies of the 4SAIL-modeled emissivity spectra. We obtained 272 emissivity spectra for vegetated

Figure 5. The fitted empirical functions for the AGRI. (a) general curve fitted with 89 ASTER emissivity spectra, (b) new curve fitted
using 272 4SAIL-simulated emissivity spectra over vegetated surfaces.
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surfaces. These spectra were convolved with the AGRI band response functions to generate the corre-
sponding channel emissivity for AGRI channels 11–13 to fit the new function between the 1min and
MMD over vegetated surfaces; the fitted empirical function is shown in Figure 5 (b).

1min,veg = −0.880 ·MMD0.971 + 0.979. (12)

As shown in Figure 5 (b), the general empirical function underestimates 1min in most cases,
whereas the accuracy of the recalibrated new empirical function is fairly good, with an RMSE
less than 0.006. The vegetated pixels are identified by the NDVI threshold value of 0.156, as
defined in Momeni and Saradjian (2007). When the NDVI is great than 0.156, the pixel is labeled
as vegetated and the calibrated function (12) is adopted. The general empirical function (11) is used
for bare surfaces, i.e. when the NDVI is less than 0.156.

4. The results

4.1. In situ validation of the LST

Validation is crucial in the development and use of satellite-derived LST and LSE products, which
provide the quantitative uncertainty information required for proper applications (Wan 2014; Yu
et al. 2012; Ma et al. 2021). In this study, field measurements from the HiWATER network and the
OzFlux network were used to evaluate the retrieved LST.

For the selected sites in the HiWATER and OzFlux networks, in situ LST was calculated by the
measured surface longwave upwelling and downward radiation using Stefan-Boltzmann’s law:

TS = L� − (1− 1b)L�

1bs

( )1
4

(13)

where TS is the ground LST; s is Stefan-Boltzmann’s constant (5.67 × 10−8W/m2/K4) and 1b is the
broadband emissivity obtained from MOD11B1 using the following expression (Cheng et al. 2013).

1b = 0.095+ 0.329 · 129 + 0.572 · 131 (14)

The scatterplots of the retrieved LSTs (AGRITESLST) versus the in situ LSTs are shown in Figures 6
and 7. The statistical results for each site are shown in Table 2. For the six sites in the HiWATER net-
work, the biases vary from−0.69 K to 0.57 K at nighttime, with an average value of−0.18 K, and from
−0.65K to 1.27K in the daytime, with an average value of 0.40K.TheRMSEof the LST varies from1.70
K to 2.92K at nighttime, with an average value of 2.35K, and from 2.37 K to 3.60K in the daytime, with
an average value of 3.08K. For theOzFlux network, the biases vary from−1.09K to 0.53K at nighttime,
with an average value of−0.42 K, and from −1.09 K to 1.99 K in the daytime, with an average value of
0.76 K. The RMSE of the LST varies from 1.25K to 2.74 K at nighttime, with an average value of 2.02 K,
and from1.60K to 3.34K in the daytime, with an average value of 2.78K. For the sites of both networks,
the LST is in better agreementwith the in situ LST during nighttime than in daytimedue to its relatively
lower heterogeneity. The overall bias and RMSE against the groundmeasurements are 0.58 and 2.93 K
in daytime and −0.30 K and 2.18 K at nighttime, respectively.

The AGRI official LST product was also evaluated by the same in situ measurements at the above
stations. The NSMC has provided official LST products since August 2019, and we downloaded one
year (August 2019 to July 2020) of AGRI official LST data fromNSMC.Note that the HiWATER net-
work covers only the last fivemonths of 2019 for now and two site observations (DSL andHZZ) were
not completely updated during this period, the remaining ten sites were adopted to validate the AGRI
official LST product accordingly. A systematic underestimation of theAGRI official LST is revealed in
Table 7. The scatterplots of the AGRI official LSTs versus the in situ LSTs are provided as supplemen-
tary materials for simplicity. Regarding the four sites in the HiWATER network, the biases and
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RMSEs of the AGRI official LST are −1.04 K and 2.69 K at nighttime and −1.07 K and 3.14 K in the
daytime, respectively. However, a large bias (−2.25 K at nighttime and −2.69 K in the daytime) was
observed in the OzFlux network, and the corresponding RMSEs are 3.72 K and 4.78 K, respectively.
Compared with the official LST, the AGRI TES LST is in better agreement with the in situ LST.

4.2. LST diurnal variation

To test the consistency between the derived clear-sky hourly LSTs within a day, a two-part semi-
empirical diurnal temperature cycle (DTC) model, developed by Gottsche and Olesen (2001) and

Figure 6. Validation results of the AGRI TES LST for HiWATER observations. (a) AR, (b) DM, (c) DSL, (d) HM, (e) HZZ, and (f) SDQ.

Figure 7. Validation results of the AGRI TES LST for OzFlux observations. (a) Cow Bay, (b) Cumberland Plain, (c) Daly Uncleared, (d)
Longreach, (e) Sturt Plains, and (f) Yanco.
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thenmodified by Jiang, Li, and Nerry (2006) (abbreviated as JNG06model), was used to fit the DTCs
for different land cover types. According to Duan et al. (2012), the JNG06 model has one of the best
performances among the six models that fit the DTCs using in situ and MSG/SEVIRI derived LSTs
covering the entire day, with a RMSE of approximately 0.5 K. The JNG06 model is expressed by:

T1(t) = T0 + Ta cos (b(t − tm)), t , ts (15)

T2(t) = b1 + b2exp(a(t − ts)+ dT), t ≥ ts (16)

With b1 = T0 + Ta sin (b(ts − tm))− b2

b2 = [−bTa sin (b(ts − tm))]/a

where T0 is the residual temperature around sunrise, Ta is the temperature amplitude, tm is the time
when the temperature reaches its maximum, ts is the starting time of the free attenuation, a is the
decay coefficient, and b is the angular frequency.

The six free parameters in the JNG06 model were fitted by the derived AGRI LSTs. The initial
values of the free parameters were the same as those set in Duan et al. (2012). We randomly selected
pixels from typical land cove types within relatively large and homogeneous areas and fitted the
diurnal cycles of the derived LSTs (Hong et al. 2018). Table 8 shows the details of the selected pixels.
The fitting results as well as the collocated LSTs from the MYD21 are shown in Figure 8. There are
no large fluctuations between the derived LSTs and their neighbors. The JNG06 fitted LSTs agree
well with the derived LSTs with RMSEs ranging from 0.35 K to 0.55 K for different land cover types.
The fitting accuracy is consistent with that of Duan et al. (2012). The result shows that the MYD21
LSTs are consistent with the derived AGRI LSTs as well as the fitted DTC curves. As a result, good
consistency exists between the derived LSTs over an entire day for different land cover types.

Table 8. Detailed descriptions of the selected pixels used for fitting the DTCs.

Pixel ID Date Latitude (N) Longitude (E) Land Cover

a 02 Jan 2019 24.264° 95.981° Forest
b 27 Jan 2019 23.632° 105.556° Savanna
c 31 Jan 2019 40.037° 99.684° Barren
d 20 Jul 2018 34.987° 97.455° Grassland
e 21 Jul 2018 33.454° 116.180° Cropland
f 29 Jul 2018 24.539° 117.985° Urban

Table 7. Validation results of AGRI official LST during night-time (daytime).

Site ID N Bias (K) RMSE (K)

AR 1551 (1159) −0.92 (−0.82) 3.15 (3.53)
DM 1338 (1671) −0.24 (−0.50) 2.26 (3.47)
HM 1699 (1599) −2.06 (−1.73) 3.09 (2.95)
SDQ 1761 (1826) −0.53 (−0.79) 2.31 (2.68)
Total 6396 (6357) −1.04 (−1.07) 2.69 (3.14)
Cow Bay 770 (1148) −3.95 (−3.68) 5.28 (4.87)
Cumberland Plain 1884 (1956) −3.38 (−2.61) 4.87 (4.63)
Daly Uncleared 1921 (2199) −2.79 (−2.32) 3.33 (4.68)
Longreach 1381 (1886) −1.61 (−2.42) 2.67 (4.38)
Sturt Plains 1147 (1459) −0.02 (−3.00) 2.38 (5.67)
Yanco 1503 (1488) −1.55 (−2.62) 3.22 (4.61)
Total 8606 (10136) −2.25 (−2.69) 3.72 (4.78)
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4.3. LST cross-validation

To further assess the performance of the AGRI TES algorithm as well as the improvement of the
AGRI TES algorithm in comparison with the SW algorithm for the AGRI, MYD21 LST, and the
AGRI official LST were adopted for intercomparison.

Figure 9 shows the comparison results for the three LSTs in mid-eastern China. The AGRI TES
LST and MODIS LSTs are spatially consistent. However, the AGRI official LST is generally lower
than the MODIS LST and AGRI TES LST, especially in eastern China. Compared with the
MODIS LST, the bias and RMSE of this case are −0.19 K and 1.29 K for the AGRI TES LST, respect-
ively, and −1.07 K and 1.73 K, respectively, for the AGRI official LST.

The comparison results for the three LSTs over northwestern China are shown in Figure 10. The
spatial distributions of the three LSTs are relatively consistent in this case, except for some under-
estimated areas around the western part of Inner Mongolia in the AGRI official LST. Compared
with MODIS LST, the bias and RMSE are 0.12 K and 1.44 K for the AGRI TES LST, respectively,
and −0.93 K and 2.19 K, respectively, for the AGRI official LST.

Figure 11 shows the comparison results in east-central Australia. The overpass time of theMODIS
LSTwas 0400UTConAugust 13, 2019. The spatial distributions of the correspondingAGRITESLST
are similar to those of theMODIS LST. However, there are some obvious underestimated areas in the
AGRI official LSTwhen comparedwith theMODIS LST andAGRITES LST. Taking theMODIS LST
as a reference, the bias and RMSE of the AGRI TES LST are−0.70 K and 2.21 K, respectively, whereas
the bias and RMSE are −2.70 K and 3.48 K, respectively, for the AGRI official LST.

The three case studies show that the spatial distributions of the AGRI TES LST and MODIS LST
are highly consistent, and the LST differences are within 5 K under most conditions. However, the
AGRI official product obviously underestimates the LST in several areas. The average bias and
RMSE of the AGRI TES LST are −0.26 K and 1.65 K, respectively, whereas the average bias and
RMSE are −1.57 K and 2.47 K, respectively, for the AGRI official LST.

4.4. LSE cross-validation

Since the configurations of MODIS channels 29, 31 and 32 are similar to the three AGRI TIR channels
used for TES (Figure 1), theMYD21 product was also used to evaluate the derived LSE (AGRI TES LSE)

Figure 8. The diurnal temperature variations of different land cover types fitted by the JNG06 model from the derived AGRI LSTs.
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Figure 9. Comparison between two types of AGRI LSTs (October 30, 2019, 1815 UTC) and the MODIS LST (October 30, 2019, 1815
UTC) in mid-eastern China. (a) MODIS LST. (b) AGRI TES LST. (c) AGRI official LST. (d) histogram of the differences between the
AGRI TES LST and MODIS LST. (e) histogram of the differences between the AGRI official LST and MODIS LST.

Figure 10. Comparison between two types of AGRI LSTs (December 8, 2019, 2000 UTC) and the MODIS LST (December 8, 2019,
2000 UTC) over northwest China. (a) MODIS LST. (b) AGRI TES LST. (c) AGRI official LST. (d) histogram of the differences between
the AGRI TES LST and MODIS LST. (e) histogram of the differences between the AGRI official LST and MODIS LST.
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and the AGRI official LSE. A comparison of the MODIS LSE (September 28, 2019, 1815 UTC) and the
AGRI TES LSE (September 28, 2019, 1815 UTC) aroundmid-eastern China is shown in Figure 12. The
AGRITESLSE for channel 11 is similar in spatial distribution to theMODISLSE for channel 29.Thebias
and RMSE of the AGRI TES LSE are 0.007 and 0.016,−0.006 and 0.015, 9.08E-06 and 0.008 for channels
11-13, respectively. Compared with the MODIS LSE, underestimates are ubiquitous in the map of the
AGRI official LSE. In addition, the coarser resolution causes the AGRI official LSE to lose spatial details,
and thus it is not as complete as the AGRI TES LSE. The bias and RMSE of the AGRI official LSE are
−0.017 and 0.016, −0.012 and 0.015, −0.004 and 0.010 for channels 11-13, respectively. These results
are consistent with Cao et al. (2018). Taking theMODIS LSE as a reference, the AGRI TES LSE outper-
forms the AGRI official LSE in terms of accuracy (bias) and spatial completeness.

5. Discussion

5.1. Performance of the AGRI TES algorithm for simulation data

MODTRAN 5.2 was used for investigating the effects of the employed modified WVS method as
well as the recalibrated MMD function over vegetated surfaces. A total of 240 atmospheric profiles
with the TPWs roughly evenly distributed in the range of 0–7 cm were randomly selected from the
5578 SeeBor profiles in Section 2. For each profile, LST was obtained from the ground air tempera-
ture with a mean air temperature of +3 K and an STD of 9 K; a total of 272 4SAIL-modeled emis-
sivity spectra were used to fit Equation (12) and five viewing angles (0°, 11.6°, 26.1°, 40.3° and 53.7°)
were considered in the simulation. In total, we created 326,400 samples (240 profiles × 1 LST × 272
spectra × 5 angles). The simulated TOA BTs were added random noise with zero mean and 0.2 K
standard deviation, which is equal to the NEDT of three AGRI TIR channels. Besides, we perturbed
the initial atmospheric profiles followed the strategy of Hulley, Hughes, and Hook (2012): the

Figure 11. Comparison between two types of AGRI LSTs (August 13, 2019, 0400 UTC) and the MODIS LST (August 13, 2019, 0405
UTC) in east-central Australia. (a) MODIS LST. (b) AGRI TES LST. (c) AGRI official LST. (d) histogram of the differences between the
AGRI TES LST and MODIS LST. (e) histogram of the differences between the AGRI official LST and MODIS LST.
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temperature profile was added a constant 2 K error above the 700 hPa level and a linearly increasing
error from 2 K at the 700 hPa pressure level to 4 K at the surface, and the water vapor profile was
scaled by the factor generated from random numbers uniformly distributed in the interval [0.8, 1.2].

The simulated data were used to perform the temperature and emissivity separation experiment.
The LST and LSE were derived with the original TES algorithm (denoted as TES), its modifiedWVS
version (denoted as TES-WVS), and the TES version with the modifiedWVS and the new empirical
function (denoted as TES-new): the results from these three TES variants were validated against in-
situ LST and compared against MODIS MOD21 LST and LSE. After removing the derived LSE
without physical meaning, i.e. channel emissivity is less than 0 or greater than 1 (usually caused
by the TES algorithm not being able to converge), 306,265 samples were retained. The results
are presented in Figures 13 and 14.

In Figure 13, the TES LST has a bias of 1.31 K and an RMSE of 3.18 K. Clearly, the WVS method
improves the LST retrieval accuracy, with a bias of 0.40 K and an RMSE of 1.17 K for the TES-WVS
LST, whereas those of the TES-new LST are 0.02 and 0.95 K, respectively. The WVS method
remarkably improves the accuracy of LST retrieval for the TES algorithm.

Figure 14 reveals that the TES underestimates LSE in most cases, and the error of channel 11 is
the largest, with a bias and an RMSE of −0.033 and 0.066, respectively. When the WVS method is
incorporated into the TES algorithm, the error of the derived LSE is dramatically reduced but the
LSE is still partly underestimated, with biases of −0.011 for channel 11, −0.008 for channel 12, and
−0.011 for channel 13. The AGRI TES-new LSE shows the highest accuracy for all three channels,

Figure 12. Comparison of two types of AGRI LSEs and MODIS LSE around mid-eastern China. (a) MODIS channel 29 LSE. (b) AGRI
TES LSE for channel 11. (c) AGRI official LSE for channel 11. (d-f) histograms of the differences between the AGRI TES LSE and
MODIS LSE for channels 11-13. (g-i) histograms of the differences between the AGRI official LSE and MODIS LSE for channels
11-13.
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with absolute biases ≤ 0.002 and RMSEs < 0.02. Comparison of the accuracy of the TES-WVS LSE
and TES-new LSE shows that the recalibrated new empirical function eliminates the underestima-
tion of the original empirical function over vegetated surfaces.

In summary, the experimental study demonstrates that the WVS method is a key process of
atmospheric correction in the retrieval of LST and LSE using the TES algorithm. The modified
WVS method significantly reduces the underestimation of LSE as well as the overestimation of
the LST. When the recalibrated empirical function is applied to the TES algorithm, the accuracy
of the LST and LSE is further improved. By incorporating the modified WVS method and the reca-
librated empirical function, the AGRI TES algorithm effectively removes the deviation of the TES-
derived LST and LSE over vegetated surfaces.

Figure 13. The performance of the TES algorithm when tested with simulated data: histogram of the LST differences between the
(a) TES LST and true LST; (b) TES-WVS LST and true LST; (c) TES-new LST and true LST.

Figure 14. The performance of the TES algorithm when tested with simulated data: histogram of the LSE differences between
the: (a, d, g) TES LSE and true LSE; (b, e, h) TES-WVS LSE and true LSE; (c, f, i) TES-new LSE and true LSE.
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5.2. Added value of the derived LSE

The AGRI TES algorithm generates the hourly LSE data for the full disk. Thus, we can obtain up to 24
emissivity values for each pixel per day. Assuming surface emissivity does not change, we can improve
the spatial coverage of emissivity by maximum value or mean value compositions from the retrieved
emissivities. Taking one of the channels used by the SW algorithm as an example, we showed the
full disk LSE of channel 12 at 0:00 UTC, April 1, 2018, as well as the daily maximum emissivity com-
position and eight-day mean value composited emissivity in Figure 15. The instantaneous LSE at 0:00
UTC is heavily contaminated by cloud and the spatial coverage is only 45.4%,whereas the spatial cover-
age of daily maximum composite LSE is increased to 87.4%. The spatial coverage of eight-day mean
value composited emissivity was as high as 99.5%. It is a reasonable assumption that surface LSE
does not change significantly over several days in most situations (Cheng and Liang 2014; Li et al.
2013). Therefore, the daily or eight-day mean value composited LSE can be used as a priori value in
the SWalgorithm. Compared to the LSE determined by the classification-basedmethod and vegetation
covermethod, thederivedLSE in this study should behelpful in improving the LST retrieval accuracyof
Fengyun series satellites.We believe this is the added value of this study. Certainly, it has great potential
to obtain the high spatial average of daily or eight-day composited global LSE through the combination
of geostationary satellites and facilitate the usage of SW algorithms.

6. Conclusion

We extended a new TES algorithm for AGRI/FY-4A to accurately obtain spatially matched LST and
LSE. The extended TES algorithm was named the AGRI TES algorithm and employs a modified WVS
method to achieve accurate atmospheric correction based on MERRA-2 reanalysis profiles and the
RTTOV RTM.When compared to the original WVS method, the modifiedWVS method can directly
calculate the water vapor scaling factor for all surfaces using the initial minimum emissivity value of
the AGRI TIR channels. The AGRI TES algorithm recalibrates theMMD empirical function over vege-
tated surfaces using the 4SAIL simulated canopy emissivity spectra. The recalibrated empirical func-
tion avoids the underestimation of the empirical function fitted using emissivity spectra of leaves only.

One-year (April 2018 to March 2019) LST and LSE data were generated by the AGRI TES algor-
ithm for the purposes of validation and cross-validation. According to the evaluation against
ground measurements collected from the HiWATER and OzFlux networks, the bias and RMSE
of the AGRI TES LST are 0.58 and 2.93 K in the daytime, respectively, and −0.30 and 2.18 K in
the nighttime, respectively. The AGRI official LST product was also validated by the HiWATER
and OzFlux networks. The validation results indicate that the AGRI official LST is systematically

Figure 15. Maps of AGRI TES LSE for channel 12. (a) The retrieved LSE (0:00 UTC April 1, 2018). (b) The daily maximum compo-
sition LSE (April 1, 2018). (c) The eight-day mean composition LSE (April 1-8, 2018).
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underestimated, with biases of −1.88 K and −1.64 K in the daytime and nighttime, respectively; the
RMSEs are 3.96 K and 3.20 K, respectively.

The consistency of the derived LSTs was assessed by fitting the DTC of an entire day over differ-
ent land cover types with the JNG06 model. The RMSEs of the fitted DTCs ranged from 0.35 K to
0.55 K, which indicates good consistency between the derived LSTs for different land cover types
and also demonstrates the robustness of the AGRI TES algorithm.

The MYD21 LST and LSE products were used for further evaluation. The spatial distributions of
the AGRI TES LST and the MODIS LST are quite similar, with differences within 5 K under most
scenarios. However, for all cases, the AGRI official LST is lower than the corresponding MODIS
LST. The average bias and RMSE of the AGRI TES LST are −0.26 and 1.65 K, respectively, and
−1.57 and 2.47 K for the AGRI official LST, respectively. Compared with the MODIS LSE product,
the AGRI TES LSE is more consistent in spatial pattern than the AGRI official LSE and is better than
the AGRI official LSE in terms of accuracy and spatial integrity. The biases and RMSEs of the AGRI
TES LSE are smaller than 0.01 and 0.02, respectively.

Using the simulated data, the errors of the AGRI TES algorithm caused by the random instru-
mental noise and atmospheric profile error were quantified, and the effects of the employed
modified WVS method as well as the recalibrated MMD function over vegetated surfaces were
further investigated. When 0.2 K NEDT and atmospheric profile errors are considered, the
AGRI TES algorithm maintains relatively high accuracy.

This study demonstrates the good performance of the AGRI TES algorithm in retrieving high-
quality LST and LSE data. It has a high potential for generating operational LST and LSE products
for AGRI. Additionally, the daily or eight-day LSE composited from the retrieved LSE has high spatial
coverage, and can facilitate the development of single-channel and split-window LST retrieval algor-
ithms for the TIR sensors of the Fengyun Series. The developed TES algorithm has the potential to be
applied to other sensors onboard geostationary satellites such as MSG SEVIRI and GOES-R ABI.
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