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Abstract: Land Surface Temperature (LST) is a substantial element indicating the relationship
between the atmosphere and the land. This study aims to examine the efficiency of different
LST algorithms, namely, Single Channel Algorithm (SCA), Mono Window Algorithm (MWA),
and Radiative Transfer Equation (RTE), using both daytime and nighttime Landsat 8 data and in-situ
measurements. Although many researchers conducted validation studies of daytime LST retrieved
from Landsat 8 data, none of them considered nighttime LST retrieval and validation because of
the lack of Land Surface Emissivity (LSE) data in the nighttime. Thus, in this paper, we propose
using a daytime LSE image, whose acquisition is close to nighttime Thermal Infrared (TIR) data
(the difference ranges from one day to four days), as an input in the algorithm for the nighttime
LST retrieval. In addition to evaluating the three LST methods, we also investigated the effect of
six Normalized Difference Vegetation Index (NDVI)-based LSE models in this study. Furthermore,
sensitivity analyses were carried out for both in-situ measurements and LST methods for satellite
data. Simultaneous ground-based LST measurements were collected from Atmospheric Radiation
Measurement (ARM) and Surface Radiation Budget Network (SURFRAD) stations, located at different
rural environments of the United States. Concerning the in-situ sensitivity results, the effect on LST
of the uncertainty of the downwelling and upwelling radiance was almost identical in daytime and
nighttime. Instead, the uncertainty effect of the broadband emissivity in the nighttime was half of the
daytime. Concerning the satellite observations, the sensitivity of the LST methods to LSE proved that
the variation of the LST error was smaller than daytime. The accuracy of the LST retrieval methods
for daytime Landsat 8 data varied between 2.17 K Root Mean Square Error (RMSE) and 5.47 K RMSE
considering all LST methods and LSE models. MWA with two different LSE models presented the
best results for the daytime. Concerning the nighttime accuracy of the LST retrieval, the RMSE value
ranged from 0.94 K to 3.34 K. SCA showed the best results, but MWA and RTE also provided very high
accuracy. Compared to daytime, all LST retrieval methods applied to nighttime data provided highly
accurate results with the different LSE models and a lower bias with respect to in-situ measurements.

Keywords: land surface temperature (LST); daytime LST; nighttime LST; validation; land surface
emissivity (LSE); single channel algorithm; radiative transfer equation; mono window algorithm;
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1. Introduction

Land Surface Temperature (LST), also named skin temperature, refers to the surface temperature
of the Earth. The International Geosphere and Biosphere Program (IGBP) [1] accepted the LST as one
of the high-priority parameters, and the Global Climate Observing System (GCOS) [2] identified it as
an Essential Climate Variable (ECV). Considering space-borne, airborne, and ground-based remote
sensors, LST represents the accumulative radiometric surface temperature of all materials of the surface
cover covering the sensor’s field of view in the observation direction [3]. Thus, LST estimation from
Thermal Infrared (TIR) images is a complicated procedure since the Earth’s surface is composed of
dissimilar materials of varying geometry [4-6]. For example, the LST pixel of a densely vegetated area
represents the surface temperature of vegetation; however, for a sparsely vegetated area, the surface
temperature of vegetation and soil together comprises the LST of the area [5].

LST is a crucial parameter for many fields of interest such as surface energy and water balance,
ecology, agriculture, environment, climatology, meteorology, and hydrology [7-9]. Thus, it provides an
improved understanding of a wide range of applications involving drought monitoring [10-12], Surface
Heat Island (SHI) and urban climate studies [13-17], surface soil moisture and evapotranspiration
estimation [18,19], numerical weather prediction and data assimilation [20,21], surface turbulent flux
estimation [22], monitoring of heat waves [23], earthquake prediction [24,25], forest fire monitoring [26],
and monitoring of geothermal activities [27,28].

The history of satellite-derived LST goes back to TIROS-II satellite, which was launched at the
beginning of the 1960s [29,30]. Through meteorological stations, surface temperature estimation from
radiance measurements is a classical point-based technique; nevertheless, this technique does not stand
for the LST on a large scale. To overcome this drawback, spaceborne TIR remote sensing has been
extensively examined for LST retrieval, and regional and global scale monitoring is the main advantage
of this technology. However, surface parameters (emissivity and geometry), sensor parameters
(spectral range and viewing angle), and atmospheric effects are the major factors that influence the
accuracy of the LST retrieval from TIR data of satellites [5,29,31-33]. Thus, accurate estimation of Land
Surface Emissivity (LSE) and atmospheric parameters is a crucial procedure to obtain LST from TIR
data [34]. Concerning these parameters, various TIR-based multi-channel and single-channel LST
retrieval methods have been proposed by the researchers for different sensor types. Namely, these are
Temperature-Independent Spectral Indices (TISI) method [35], Split Window Algorithm (SWA) [36-38],
Mono Window Algorithm (MWA) [39], Single Channel Algorithm (SCA) [40,41], Radiative Transfer
Equation (RTE) [42,43], and Temperature and Emissivity Separation (TES) method [44]. Among the
LST retrieval methods above, only SWAs do not need atmospheric parameters such as water vapor
profile and/or temperature. The LSE and LST errors arising from the other algorithms largely rely on
the input atmospheric profile’s uncertainties [45].

There are numerous Earth observation sensors, namely, Geostationary Operational Environmental
Satellite (GOES), Moderate Resolution Imaging Spectroradiometer (MODIS), Advanced Along-Track
Scanning Radiometer (AATSR), The Spinning Enhanced Visible and Infrared Imager (SEVIRI),
The Advanced Very High Resolution Radiometer (AVHRR), The Visible Infrared Imaging Radiometer
Suite (VIIRS), and Sentinel-3, providing operational daytime and nighttime LST products with low
spatial resolution (from 750 m to 4 km). However, TIR data of Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) and Landsat satellite series have higher spatial resolution but
lower temporal resolution than the sensors reported above. Regarding these limitations, LST retrieval
having both high temporal and spatial resolution is a challenge for thermal remote sensing studies.
However, LST images obtained from Landsat and ASTER TIR data are unique sources to investigate the
thermal environment of cities and their surroundings due to the higher spatial resolution in TIR bands.
Moreover, Landsat-derived LST is one of the most commonly preferred data for various applications
stated above.

The demand for satellite-based LST products has been increasing rapidly. Thus, the quality of the
LST data used in the studies should be examined by a validation procedure for accurate and reliable
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analyses. Validation provides information about the quantitative uncertainty, enabling the proper use
and application of the product. Thus, any algorithm or product would not be broadly welcomed without
performing thorough calibration and validation [46]. Overall, cross-validation, the Temperature-based
method (T-based) and the Radiance-based method (R-based) are three main techniques considered to
evaluate space-based LST [31,34]. Many researchers have considered one or two of these methods for
satellite-based LST validation derived from Landsat missions [34,47-55], Sentinel-3A [56], GOES [57],
SEVIRI [58,59], MODIS [60-62], AATSR [58,62,63], VIIRS [64], ASTER [65,66] and AVHRR [38]. In this
work, we utilized the T-based technique for LST validation, and further details about this method are
presented in the Methodology Section.

In this study, Landsat 8 data, both daytime and nighttime, were considered for LST retrieval from
RTE, SCA, and MWA methods. In the study, SWA was not examined since the USGS do not recommend
using Band 11 of Landsat 8 for LST retrieval due to the large calibration uncertainty. Furthermore,
we already obtained better results with MWA than with the SWA developed by Mao et al. [36] with
coefficients by Yu et al. [51] in our previous research [34]. Considering the literature, in general,
researchers have used daytime Landsat data to retrieve LST due to the lack of LSE images in the night.
To the best of our knowledge, there is no study published so far that considered nighttime TIR data
of Landsat 8 for both retrieval and validation of nighttime LST. Even though the availability of the
nighttime Landsat TIR data is limited in time and many researchers are not even aware that Landsat
missions acquire nighttime TIR data, it is probable that future Landsat missions may provide much
more nighttime TIR data for the sustainability and strength of the scientific studies. As discussed in the
previous paper of the authors [34], Normalized Difference Vegetation Index (NDVI)-based LSE retrieval
methods are operative and easy to apply for the Landsat data. In this paper, we propose using daytime
NDVlI-based LSE, whose acquisition is close to nighttime data (the difference ranges from 1 day to
4 days), as an input in the corresponding methods for the nighttime LST retrieval. Besides, the effect of
six different NDVI-based LSE models on LST retrieval methods was evaluated for both daytime and
nighttime LST analyses. As stated in the day—night algorithm [67], the LSE does not vary dramatically
in several days if snow and/or rain does not exist during a short period. Thus, we assumed that the
daytime LSE will not change in the night for a few days considering the weather condition of the
corresponding time interval. The objectives of this study are to (1) evaluate the efficiency of RTE, MWA,
and SCA methods for both daytime and nighttime Landsat 8 data and in-situ measurements, (2) reveal
the impact of NDVI-based LSE models on LST retrieval methods for both daytime and nighttime data,
(3) encourage the researchers by showing the convenience of the proposed nighttime LST retrieval from
Landsat 8 data for the common usage, and (4) provide sensitivity analyses of in-situ measurements
and LST retrieval methods for both daytime and nighttime data. Concerning the ground-based LST
measurements, upwelling and downwelling thermal radiation measurements were obtained from
Atmospheric Radiation Measurement (ARM) and Surface Radiation Budget Network (SURFRAD)
stations, established over rural areas, simultaneously with TIR data acquisitions. To carry out the
image-processing tasks, we used an automated LST retrieval toolbox, which was provided by the
authors for the use of researchers in the previous study [34].

2. Datasets

2.1. In-Situ LST Measurements and Validation Sites

Surface longwave radiation measurements are important sources for the estimation of in-situ LST
and emissivity [65,68]. There are some programs, namely, SURFRAD [69], FLUXNET [70], ARM [71],
and Baseline Surface Radiation Network (BSRN) [72] that provide long-term and high-quality surface
longwave radiation measurements open to the public. In this study, four stations from SURFRAD and
five stations from ARM, nine stations in total (Figure 1) over rural areas, were utilized to calculate
daytime and nighttime in-situ LST simultaneous with TIR data acquisitions.
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Figure 1. Illustration of the locations and surface covers of the Surface Radiation Budget Network
(SURFRAD) and Atmospheric Radiation Measurement (ARM) stations used in this study.

The SURFRAD network was established by National Oceanic and Atmospheric Administration
(NOAA) in 1993 to support climate-related research over the United States (US) by providing long-term,
continuous, and accurate in-situ surface radiation budget [69]. In 1995, the system started operating
with four stations, and now, seven SURFRAD stations have been serving in different climatological
regions of the US. The SURFRAD data have been utilized in different studies involving assessment of
satellite-based retrievals of surface radiation parameters, climate models, hydrology, and validation
of radiation transfer codes and surface physics packages of weather [69]. To calculate in-situ LST,
quality-controlled measurements of broadband hemispherical upwelling and downwelling longwave
radiation are provided by the SURFRAD stations every 3 min (before 2009) or every minute (after 2009).
Many studies have been carried out using SURFRAD measurements to validate LST retrievals from
satellites [34,47,54,73-75].

The ARM Program was initially founded in 1989 by the US Department of Energy to examine
cloud formation processes. Then, the ARM Climate Research Facility was established in 2003, and this
program added further sites and instruments to the available ones as a scientific user facility. All data,
providing long-term continuous atmospheric measurements, have been freely available since 2003
(https://www.arm.gov/) [76]. Eastern North Atlantic (ENA), North Slope of Alaska (NSA), and Southern
Great Plains (SGP) are three basic ARM sites. In this study, five SGP sites were used for in-situ LST
retrieval. As in SURFRAD stations, ARM SGP stations provide quality-controlled measurements
of upwelling and downwelling longwave radiation for in-situ LST calculation, and many types of
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research were carried out using these stations [61,77-79]. Table 1 presents detailed information about
both ARM SGP sites and SURFRAD sites considered in this study.

Table 1. Characteristics of the SURFRAD and ARM Southern Great Plains (SGP) validation sites used
in the study.

Site Location Site ID Latitude Longitude Elevation Land Cover Type
Fort Peck, Montana FPK 48.308°N 105.102°W 634 m Grassland
Table Mgu?taig' Boulder, TBL 40.125°N  105237°W  1689m  Sparse Grassland
olorado
Sioux Falls, South Dakota SXF 43.734°N 96.623°W 473 m Grassland
Goodwin Creek, Mississippi ~ GWN  34255°N  89.873°W  98m S;;Sf;‘gfﬁé‘;ﬁ
Omega, Oklahoma SGP E38 35.880°N 98.173°W 371 m Pasture
Waukomis, Oklahoma SGP E37 36.311°N 97.928°W 379 m Grassland
Medford, Oklahoma SGP E32 36.819°N 97.820°W 328 m Pasture
Ringwood, Oklahoma SGP E15 36.431°N 98.284°W 418 m Pasture
Byron, Oklahoma SGP E11 36.881°N 98.285°W 360 m Pasture

In the validation sites, two pyrgeometers (Eppley Precision Infrared Radiometer) mounted at 10-m
height measure the downwelling and upwelling longwave radiation in the spectral range from 4.0 to
50.0 pm. The instruments are exchanged annually with newly calibrated instruments at each station [69]
and world-recognized organizations perform these calibrations [65]. The Eppley pyrgeometer has
about 4.2 W-m~2 measurement accuracy, and the instrument’s precision is around 2 W-m~2 for
daytime measurements and less than 1 W-m~2 for nighttime measurements [80]. Furthermore,
Guillevic et al. [75] reported that considering the instrumental error, less than 1 K uncertainty is observed
from the retrieved LST. In this study, we also conducted sensitivity/uncertainty analyses for both daytime
and nighttime in-situ measurements in Section 4.1. The spatial representativeness of the pyrgeometer
is about 70 m x 70 m at the surface [34,65], which is appropriate for the Landsat TIR pixel size (100 m
native resampled at 30 m by the US Geological Survey) over homogeneous surfaces. Thus, we selected
the validation sites whose footprint on Landsat 8 TIR pixel has homogeneous surface cover. On the
other hand, many studies have already considered these ARM SGP and SURFRAD stations to validate
low-resolution LST products of MODIS, SEVIRI, GOES, VIIRS, and AATSR [46,58,65,81,82]. Therefore,
the use of these stations in the validation of Landsat-derived LST products is highly acceptable.

2.2. Satellite Data

The Landsat mission has been providing moderate-resolution earth observation data from space
regularly for almost 50 years. Landsat 8 was launched on 11 February 2013, and it is the recent
operational satellite of the Landsat series. Landsat 4 was the first mission providing one thermal band,
and the first TIR data of Landsat 4 dates back to 1982, which makes it possible to study long-term LST
variations together with all Landsat missions both at a regional and local scale. The Landsat 8 satellite
carries two sensors, namely, the Operational Land Imager (OLI) and the TIR sensor (TIRS). The TIRS
sensor has two thermal bands (Band 10 and Band 11), while the OLI sensor has nine reflective bands
with 30-m spatial resolution. The native spatial resolution of TIR bands is 100-m; however, USGS
publishes them at 30-m by resampling.

In this study, 21 pairs of nighttime and daytime Landsat-8 data (Collection 1) from 2013 to 2019
were utilized for the retrieval of daytime and nighttime LST images. Landsat 8 data were freely
obtained through the website of the USGS (https://earthexplorer.usgs.gov/). Band 10 of the TIRS
sensor, and Band 4 (Red (R)) and Band 5 (Near Infrared (NIR)) of the OLI sensor, for the estimation of
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NDVlI-based LSE, were used in LST retrieval methods. The quality of the used data was checked by
the Pixel Quality Assessment (QA) band that provides information for the exclusion of observations
affected by sensor factors, clouds, and cloud shadow [83]. The list of the daytime and nighttime
Landsat 8 images with corresponding validation site names are reported in Appendix A.

3. Methodologies

3.1. Satellite LST Retrieval Methods

In this study, the following three commonly used methods for LST retrieval are examined:
Radiative Transfer Equation (RTE) method, Single Channel Algorithm (SCA) [40], and Mono Window
Algorithm (MWA) [39]. The input atmospheric parameters in the methods, such as downwelling
radiance (Li), upwelling radiance (L;), and atmospheric transmittance (T) were calculated using the
Atmospheric Correction Parameter Calculator (ACPC) developed by National Aeronautics and Space
Administration (NASA) of the US. ACPC uses the atmospheric profiles analyzed by the National
Centers for Environmental Prediction (NCEP) as inputs to the radiative transfer codes for a given site
and date to calculate the aforementioned atmospheric parameters [84,85].

3.1.1. Brightness Temperature (Tb) Calculation

The brightness temperature of a target refers to the temperature of a blackbody emitting a similar
quantity of radiation at a specific wavelength [86], and inverse solution of the Planck function is the
way of calculating it. To obtain the brightness temperature image from TIR data, the first step is
converting the Digital Number (DN) values to spectral radiance. This radiance conversion for Landsat
8 TIRs can be applied using Equation (1) [87]:

LY"= Mr-Qcar+AL 1)

where L{™ refers to the TOA spectral radiance in Watts/(m?-srad-um), Qc,y, is the calibrated and
quantized standard product pixel values (DNs), Ay, is the additive rescaling factor of the corresponding
band, and My, is the multiplicative rescaling factor of the corresponding band. A metadata file of
the relevant Landsat 8 data contains the values of these parameters. The brightness temperature for
Landsat 8 data can be calculated after radiance conversion using Equation (2):

K>

Tb = —=—
o)
nL)\—f—

@

where Tb is the effective at-satellite brightness temperature in Kelvin, K; in Watts/(m?-srad-um) and
K5 in Kelvin refer to the calibration constants. K; and K, values for the Landsat 8 Band 10 are
774.89 (Watts/(m?-srad-pum)) and 1321.08 K, respectively.

3.1.2. Radiative Transfer Equation Method

The inverse solution of the radiative transfer equation (RTE) is a direct method for LST retrieval
using a single TIR band. This inverse solution can be given by the following expressions:

LS = [eBx(Ts) + (1—¢)Li]t+ LT 3)

where L™ (W-m™2-sr1-um™!) represents the at-sensor spectral radiance of the corresponding TIR band,
¢ refers to the LSE, By in W-m™2-sr™1.um™! is the blackbody radiance, Ty is the LST, L%\ and Ll\ represent
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the downwelling and upwelling radiance, respectively, and 7 is the atmospheric transmittance. B, at a
temperature of T; is calculated by the inversion of the Equation (3):

Lsen—LT—r(1-¢)LY
BA(Ts) = ——2 A )

TE

and, eventually, Ts (LST) can be obtained from the inversion of Planck’s law as in Equation (5):

K;

K
ln[ Lg\enfLI\ 7T(175)L%\ +1]

TE

T, =

©)

where K; and K refer to the calibration constants described in the previous section.

3.1.3. Mono Window Algorithm

Qin et al. [39] developed the Mono Window Algorithm (MWA) for the Landsat TM data.
Three essential variables, namely, LSE, effective mean atmospheric temperature, and atmospheric
transmittance are required for LST retrieval using the MWA method. MWA-based LST can be retrieved
by Equation (6):

Te={a-(1-C-D)+[b-(1-C-D)+C+D]-Tb-D-T,}+C 6)

where T, is the effective mean atmospheric temperature in Kelvin, a (—67.355351) and b (0.458606)
are constants of the algorithm, C and D are the parameters of the algorithm calculated as C = e X T
and D = (1 - 1)[1 + (1 — ¢) X 7]. Table 2 provides empirical equations to estimate the T, through air
temperature (T,), since it is an essential parameter of MWA [39]. In this study, T, values were computed
for the mid-latitude summer region and T, was obtained from the corresponding validation site.

Table 2. The linear equations for the calculation of the effective mean atmospheric temperature (T)
from the near-surface air temperature (T,) [39].

Region Linear Equations
USA 1976 Region Ta =25.940 + 0.8805 x T,
Tropical Region Ta=17.977 + 09172 x T,
Mid-latitude Summer Region Ta =16.011 + 0.9262 x T,
Mid-latitude Winter Region T, =19.270 + 09112 X T,

3.1.4. Single-Channel Algorithm

Jiménez-Mufioz et al. [40] proposed a revised version of SCA for LST retrieval using Landsat TIR
data. Concerning the SCA, T; is obtained from Equation (7):

1
Ts = V[E(¢1L39n+1b2)+1b3]+5 @)
where 11, 5, and 13 refer to atmospheric functions defined as:

1 L]
b1 =25 b= -1 - =Ly ®)
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Concerning the SCA method in this study, L;, Li\, and T obtained from NASA’s ACPC were
used for the computation of the {1, P, and 3. On the other hand, the two parameters, y and 9,
are computed by:

Tb?
~ 9
Y b‘yLsen ( )
Tb?
5 ~ Thb—— (10)
by

where by = ¢z /A; and ¢ = 14,387.7 pm-K, and b., is equal to 1320 K for Landsat 8 Band 10. A; is the ith
band’s effective wavelength given by:
A2,
o M (A)dA
M= (11
I () dA
where f;(A) is ith band’s spectral response function. A; ; and A, ; refer to the lower and upper boundary
of f;(A), respectively.

3.2. NDVI-Based Land Surface Emissivity (LSE) Models

Emissivity of a surface represents the ability of the surface to transform heat energy, relative
to a black body, into radiant energy [88]. As presented in the above sections, LSE (¢) is a critical
element for accurate TIR-based LST retrieval. Multi-channel Temperature/Emissivity Separation (TES),
Physically Based Methods (PBMs), and Semi-Empirical Methods (SEMs) methods are three main
types of space-based LSE estimation [31]. The NDVI-Based Emissivity Method (NBEM) [89,90] and
Classification Based Emissivity Method (CBEM) [91,92] constitute the SEMs that are convenient for the
Landsat-derived LSE. CBEM is not feasible because of the need of a priori information about the test
site and in-situ emissivity of each class [93]. NDVI-based LSE models are practical and frequently used
methods due to their easy application providing satisfactory results [88,94,95]. Li et al. [31] introduced
a comprehensive research revealing limitations, advantages, and disadvantages of LSE models for
satellite-derived LST. Moreover, Sekertekin and Bonafoni [34] provided an updated state-of-the-art
table from Li et al. [31], presenting the used satellite missions with the corresponding LSE models.
In this study, we examined the influence of six NDVI-based LSE models on the performance of three
LST algorithms for both daytime and nighttime. To calculate NDVI from Landsat 8 data, firstly, DN
values are converted to the TOA reflectance using the Equation (12) [87]. After applying reflectance
(pa) conversion to the R and NIR bands, NDVI is obtained from Equation (13). Specifically:

Mp-Qcar+Ap

12
sin eSE ( )

PA =
where Qcay, is the calibrated and quantized standard product pixel values (DNs), A is the additive
rescaling factor of the corresponding band, M, is the multiplicative rescaling factor of the corresponding
band, and 6gg, represents the local sun elevation angle. The values of these parameters are obtained
from the Metadata file of the relevant Landsat 8 data.

NDVI — PNIR PR (13)
PNIR + PR
where pyg refers to the reflectance image of the NIR band and py, is the reflectance image of the R band.
In addition to NDVI, the Fractional Vegetation Cover (FVC or Py), i.e., the proportion of vegetation,
is another important factor for LSE estimation, and it is calculated from Equation (14) [96] as:

NDVI — NDVIL;, |°

P =
V7 INDVImax — NDVIpi,

(14)
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where NDVI,,i, = 0.2 and NDVIpax = 0.5 in a global context [93]. Table 3 presents the expressions
of the six NDVI-based LSE models used in this work (hereafter referred to as LSE1, LSE2, ... , LSE6).
More details about these models can be found in the previous paper of the authors [34].

Table 3. The expressions of Normalized Difference Vegetation Index (NDVI)-based Land Surface
Emissivity (LSE) models considered in this study.

Sensor LSE Equations Model ID Reference
e = 1.0094 + 0.047 In(NDVI) LSE1 Van de Griend and Owe [94]
e = 0.985Py + 0.960(1 — Py) + 0.06Py (1 — Py,) LSE2 Valor and Caselles [90]
0.979 — 0.035pr NDVI < 0.2
e ={ 0.004Py +0.986 0.2 <NDVI < 0.5 LSE3 Sobrino et al. [95]
0.99 NDVI > 0.5
Landsat 8 0.979 - 0.046pR NDVI < 0.2
(Band 10) e ={ 0987P, +0.971(1-Py)+de 02 <NDVI < 0.5 LSE4 Skokovi¢ et al. [97]
0.987 4+ de NDVI > 0.5
0.973 — 0.047pr NDVI < 0.2
e ={ 0.9863P; +0.9668(1—Py) +de 0.2 <NDVI < 0.5 LSE5 Yu et al. [51]
0.9863 + de NDVI > 0.5
7
aii + X ajipj NDVI < 0.2
= j=2 LSE6 Li and Jiang [98]

0.982P, +0.971(1-Py) +de 0.2 <NDVI < 0.5
0.982 + de NDVI > 0.5

de = (1-¢5)eyF(1—Py): a term taking the cavity effect into account, which is based on the geometry of the surface.
&, £y and F refer to soil emissivity, vegetation emissivity and geometrical shape factor (0.55), respectively. pg: the
reflectance image of R band; pj: the apparent reflectance in the OLI band j; a;; — az: the coefficients obtained
from [98].

3.3. In-Situ LST Estimation

Station-based (in-situ or ground-based) LST measurements were obtained from four SURFRAD
stations and five ARM SGP stations. As stated in Section 2.1, these stations do not measure LST directly;
the upwelling and downwelling components of longwave radiation are considered for LST calculation
regarding Stefan-Boltzmann law:

1/4
Fl— (1- ) F}

A

LST = (15)

€p'O

where Fi\ and F; in W/m? are the downwelling and upwelling thermal infrared irradiances, respectively,
obtained simultaneously with satellite passages. o is 5.670367 x 1078 W-m~2.K~* that refers to the
Stefan—-Boltzmann constant. ¢y, is the broadband longwave surface emissivity that is not measured
by the station instruments, thus [65,68] proposed the computation of the broadband emissivity by
regression from narrowband emissivities of MODIS data, and many studies used these regression
equations for acquiring the ¢, [52,73,99]. The experimental results in [65,68] revealed that the longwave
broadband emissivity can be used as a fixed value of 0.97, which was also considered in the studies
of [74,100]. In this study, we assumed the broadband emissivity as 0.97, as well. This phenomenon only
affects the accuracy of in-situ LST, not the satellite-based LST accuracy. Heidinger et al. [74] reported
that a 0.01 error in broadband emissivity led to 0.25 K LST error in SURFRAD sites. Furthermore,
Wang and Liang [65] showed that the LST accuracy of SURFRAD sites ranged from 0.1 K to 0.4 K
due to the +0.01 error in the broadband emissivity. This error is not negligible; however, it is not
an overwhelming uncertainty source compared to the magnitude of the other uncertainties in LST
retrieval [74]. Concerning this study, we also carried out the uncertainty analysis of broadband
longwave surface emissivity and longwave radiation (the downwelling and upwelling components)
on ground-based LST measurements in the next section.
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3.4. Sensitivity Analysis of In-Situ LST Measurements and LST Retrieval Methods

Sensitivity analysis is an application of how the error of a model output (numerical, statistical,
or otherwise) can be divided and allocated to different uncertainty sources in the model inputs [101].
It is difficult to determine the inputs of an algorithm, since these inputs unavoidably have initial errors
affecting the accuracy of the LST retrieval methods [34,49]. To investigate the effect of input parameters’
errors on LST retrievals from both satellites and stations, the following equation is utilized:

8T = Ts(x) — Ts(x + 8x) (16)

where 0T is the error on the LST; x represents one of the input parameters and dx is the potential
error of this parameter; Ts(x + 8x) and Ts(x) refer to the LST calculated for “x + 6x” and “x”,
respectively. Some researchers reported the uncertainty of the input parameters on LST retrieval
algorithms [49,102,103]. On the other hand, concerning the sensitivity analysis of in-situ LST
measurements, [65,74] investigated the sensitivity of SURFRAD LST to broadband emissivity. In the
previous paper of the authors [34], we already presented detailed sensitivity analysis for daytime LST
retrieval considering MWA, SCA, and RTE. In this study, we mainly focused on the effect of LSE on
LST retrieval methods for both daytime and nighttime LST retrievals, since we proposed using the
daytime LSE images for nighttime LST retrieval. Furthermore, we also conducted a comprehensive
sensitivity analysis for the in-situ LST measurements that is presented in Section 4.1.

3.5. Temperature-Based (T-Based) Validation Method and Performance Metrics

As stated in the introduction, the Radiance-based method (R-based), Temperature-based method
(T-based), and cross-validation are the main techniques used to evaluate space-based LST [31,34].
The T-based technique, examined in this research, is a direct way of comparing the satellite-derived
LST with in-situ LST simultaneous with satellite pass, and many researchers used this way to validate
satellite-derived LSTs [48,52,62,104,105]. The major benefit of the T-based method is that it makes it
possible to evaluate satellite sensor’s radiometric quality and the efficiency of the LST algorithms based
on emissivity and atmospheric parameters. On the other hand, the capability of the T-based technique
depends mostly on the accuracy of the in-situ LST measurements and how well they represent the LST
at the satellite pixel scale (land cover homogeneity of the study area) [31]. In this study, we considered
both issues as we carried out the sensitivity analysis of the SURFRAD LST measurements and selected
the validation sites whose footprint on Landsat 8 TIR pixel has homogeneous surface cover.

Satellite-derived LST and Station-based LST were analyzed considering the performance metrics
such as Root Mean Square Error (RMSE), Standard Deviation (STD) of Error, and average Bias.
The formulas of these metrics are given by:

Trs — Tstation]
RMSE — \/ Z[ L8 - Statlon] (17)

Z[TError - m]z
n

STD of Error = \/ (18)

Z [TStation - TLS]
n

Bias = (19)

where T g and Tsation are the Landsat 8-derived LST and Station-based LST, respectively, and n refers
to the number of data. Tg,, refers to the difference between Landsat 8-derived LST and Station-based
LST, and Tgyor is the mean value of these differences.
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4. Results

To present the results of the LST retrieval methods for daytime and nighttime, 21 pairs of
nighttime and daytime Landsat-8 data were utilized to obtain the daytime and nighttime LST images
(see Appendix A). Specifically, concerning the daytime LST, 21 Landsat-8 images were used. On the
other hand, 21 nighttime images, whose acquisition times are close to daytime data (the difference ranges
from one day to four days), were utilized for the nighttime LST retrieval by using the corresponding
21 daytime reflective data for the NDVI-based LSE computation. We verified that rain and/or snow did
not occur during these 1-4 days of difference. MWA, RTE, and SCA were performed for both daytime
and nighttime LST estimation considering all datasets. The required input atmospheric parameters in
the methods (7, L! , Li\) were obtained from ACPC that considers the MODTRAN radiative transfer
code, which uses NCEP-based atmospheric profiles as inputs. This section includes two sensitivity
analyses: (i) Sensitivity of in-situ LST measurements and (ii) sensitivity of LST retrieval methods to
LSE. Lastly, the accuracy assessment of the LST retrieval algorithms and LSE models for both daytime
and nighttime at the nine SURFRAD and ARM stations is proposed.

4.1. Sensitivity Results of In-Situ LST Measurements

Concerning the in-situ LST measurements utilized in this work, the average upwelling and
downwelling radiances, respectively, were calculated as 482.18 W/m? and 331.15 W/m? for daytime,
and 388.16 W/m? and 326.68 W/m? for nighttime. In addition, as stated in the previous section, we used
a fixed broadband emissivity value as 0.97. Thus, these values were considered in the sensitivity
analysis of in-situ LST measurements. To carry out a sensitivity analysis of a method’s output to an
input parameter, the other input parameters are assumed to be fixed. For instance, to manage the
sensitivity analysis of the downwelling radiance in the daytime (Figure 2a), the upwelling radiance and
the broadband emissivity was fixed to 482.18 W/m? and 0.97, respectively. Then, the sensitivity of the
downwelling radiance to in-situ LST accuracy was revealed by changing the downwelling radiance at
5 W/m? intervals (Figure 2a). The same procedure was applied to present the sensitivity results of the
other parameters. As reported in Section 2.1, the two pyrgeometers have an accuracy of about 4.2 W/m?
and a precision of around 1-2 W/m?. Considering the daytime sensitivity results, the following results
were obtained: (i) £5 W/m? error in downwelling and upwelling radiance led to +0.024 K and +0.8 K
error in LST, respectively (Figure 2a,b) and (ii) 0.01 error in the broadband emissivity caused +0.25 K
error in LST (Figure 2c). On the other hand, nighttime sensitivity results showed that (i) +5 W/m?
error in downwelling and upwelling radiance led to £0.029 K and +0.95 K error in LST, respectively
(Figure 2d,e) and (ii) 0.01 error in the broadband emissivity caused +0.12 K error in LST. It is evident
from Figure 2 that the uncertainty of the downwelling and upwelling radiance is almost identical in
daytime and nighttime. However, the uncertainty of the broadband emissivity in the nighttime is half
of the daytime.
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Figure 2. Sensitivity results of in-situ Land Surface Temperature (LST) measurements to downwelling
radiance, upwelling radiance, and broadband emissivity, respectively, for both daytime (a—c) and
nighttime (d—f). LST error is computed as in Equation (16).

4.2. Sensitivity Results of LST Retrieval Methods to LSE

In this sensitivity analysis, we mainly focused on the effect of LSE on LST retrieval methods for
both daytime and nighttime LST retrievals, since we proposed using the daytime LSE images for
nighttime LST calculation. A detailed uncertainty analysis of all parameters on LST retrieval methods
(RTE, SCA, and MWA) for daytime can be found in the previous paper of the authors [34]. In the
sensitivity analysis of daytime LST images, the following input parameters were utilized based on the
current datasets: Air temperature, upwelling and downwelling radiances, atmospheric transmittance,
and effective mean atmospheric temperature. Minimum, maximum, and mean near-surface air
temperature values from ground stations and simultaneous with the satellite passages were 282.51 K,
302.41 K, and 295.95 K, respectively. Thus, the near-surface air temperature was assumed to be 295.95 K
in the sensitivity analysis and, as a consequence, the effective mean atmospheric temperature was
computed as 290.12 K. The atmospheric transmittance ranged from 0.63 to 0.94 with a mean value of
0.84, which was used in this analysis. Mean downwelling and upwelling radiances were observed
as 2.06 W-m=2.sr 1.um~! and 1.24 W-m~2-sr~1-um™!, respectively, and these values were utilized in
the sensitivity analyses. The brightness temperature range was assumed between 280 K and 310 K,
because the brightness temperature computed from the daytime Landsat scenes ranged from 282.66 K
to 314.84 K. The LSE value was fixed as 0.97.
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Figure 3 illustrates the sensitivity results of the LST retrieval methods to LSE under a specific
brightness temperature range of daytime. Figure 3a,c,e shows the variations in the error of the LST
under different brightness temperatures for MWA, RTE, and SCA, respectively, when the LSE error
is constant. These figures show that when the LSE error is constant for MWA and SCA, LST error
increases with increasing brightness temperature. Instead, when the LSE error is constant for RTE, the
LST error is stable with increasing brightness temperature. It is important to note that, since the LST
error is computed as in Equation (16), an overestimation (underestimation) of the emissivity produces
a positive (negative) value in the LST error. Figure 3b,d,f represents how LSE error impacts the LST
error for the MWA, RTE, and SCA, respectively, under different brightness temperature conditions.
The findings in these figures support the previous ones (Figure 3a,c,e) by showing that a constant LSE
error produces LST error variations under different brightness temperature conditions for MWA and
SCA, except for RTE. The intercomparison of the results proves that MWA is more sensitive to LSE
error than RTE and SCA under increasing brightness temperatures, while RTE is the least sensitive one.
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Figure 3. Sensitivity results of Mono Window Algorithm (MWA) (a,b), Radiative Transfer Equation
(RTE) (¢,d), and Single Channel Algorithm (SCA) (e,f) to LSE for daytime Landsat 8 images. LST error
is computed as in Equation (16).

In the sensitivity analysis of the nighttime LST images, minimum, maximum, and mean
near-surface air temperature values from the ground stations were 271.65 K, 300.75 K, and 291.07 K,
respectively. Considering the mean value (291.07 K), the effective mean atmospheric temperature
was 285.60 K. The atmospheric transmittance varied between 0.51 to 0.96 with a mean value
of 0.83, while mean upwelling and downwelling radiances were 1.37 W-m™2-sr l-um~! and
2.20 W-m~2-sr!-um~!. These mean values were utilized in the sensitivity analyses. A brightness
temperature range from 270 K to 295 K was investigated since the brightness temperature computed from
the nighttime Landsat scenes varied from 267.77 K to 297.22 K. LSE value equal to 0.97 was assumed.
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Figure 4 depicts the sensitivity results of the LST retrieval methods to LSE under a specific
brightness temperature range of nighttime. Figure 4a,c,e demonstrates the variations in the LST error
under different brightness temperatures for MWA, RTE, and SCA, respectively, when the LSE error is
constant. Moreover, Figure 4b,d,f represents how LSE error impacts the LST error for the MWA, RTE,
and SCA, respectively, varying the brightness temperature values. The sensitivity analysis of nighttime
data shows results with a trend similar to the daytime one; however, the variation in the LST error is
smaller than daytime, also considering the lower brightness temperature values in the nighttime.
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Figure 4. Sensitivity results of MWA (a,b), RTE (c,d), and SCA (ef) to LSE for nighttime Landsat
8 images. LST error computed as in Equation (16).

4.3. Accuracy of LST Retrieval Algorithms and LSE Models for Daytime

In Figure 5, the accuracy results of the LST retrieval methods for daytime Landsat 8 data are
illustrated based on the six NDVI-based LSE models of Table 3. In this validation test at the nine
SURFRAD and ARM stations, the Landsat 8 image pixel covering the pyrgeometers was selected,
and the estimated LST compared with the corresponding ground LST measurement.

The accuracy varied between 2.17 K RMSE and 5.47 K RMSE considering all LST methods and
LSE models. MWA method with LSE4 and LSE6 presented similar and best results for the daytime.
Using MWA and LSE4, the RMSE, STD of Error, and Bias were 2.17 K, 1.86 K, and —1.13 K, respectively.
Furthermore, the same statistical metrics, in the same order, were 2.17 K, 1.79 K, and —1.24 for MWA
with LSE6. In general, the daytime results revealed that for all LSE models, except for LSE2, MWA
showed slightly better results than RTE, and RTE demonstrated slightly better results than SCA. LSE1
and LSE2 did not offer satisfying results with any of the LST retrieval algorithms. Apart from that,
the other LSE models presented acceptable daytime LST results with MWA, RTE, and SCA. The Bias is
always negative regardless of the approach, highlighting a general overestimation of the Landsat 8
retrieval with respect to the in-situ measurements, especially for higher LST values.
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Figure 5. Daytime LST from Landsat 8, period 20132019 (see Appendix A): Accuracy assessment
of MWA, RTE, and SCA retrieval methods with different LSE models at the nine SURFRAD and

ARM stations.
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4.4. Accuracy of LST Retrieval Algorithms and LSE Models for Nighttime

In Figure 6, the accuracy assessment of the LST retrieval methods for nighttime Landsat 8 data
is reported for the six NDVI-based LSE models. Considering all LST methods and LSE models for
the nighttime, the RMSE values ranged from 0.94 K to 3.34 K. In the nighttime LST analysis, the SCA
method with LSE5 presented the best results, with RMSE, STD of Error, and Bias equal to 0.94 K, 0.72 K,
and 0.60 K, respectively. On the other hand, MWA and RTE also provided very high accuracy with the
RMSE equal to 1.01 K and 0.95 K, respectively, when using with LSES. In general, the nighttime results
revealed that for all LSE models, except for LSE2, all LST retrieval methods provided good accuracies
with the highest RMSE as 1.51 K. As a summary, Table 4 shows the best LST retrieval methods and
LSE models for the proposed daytime and nighttime LST validation test at the nine SURFRAD and
ARM stations.

Table 4. Validation test of Landsat 8 LST retrieval at the nine ground stations: The best LST methods
and LSE models and accuracy results for daytime and nighttime LST.

LST Retrieval STD Error .
Data Type LSEID Method RMSE (K) ) Bias (K)
. LSE4 MWA 217 1.86 ~1.13
Daytime LST LSE6 MWA 217 1.79 ~1.24
Nighttime LST ~ LSE5 SCA 0.94 0.72 0.60

Compared to the daytime, during nighttime all LST retrieval methods provided highly accurate
results with the different LSE models. Moreover, the overestimation of daytime LST retrieval is no
longer evident at night, and the bias is clearly reduced. The proposed test with ground measurements as
reference suggests that the use of daytime NDVI-based LSE, whose acquisition is close to nighttime data
(the difference ranges from one day to four days in this work), is an accurate solution for the nighttime
LST retrieval from thermal band observations. We assumed that the LSE does not significantly change
in a short time period if rain and/or snow does not occur: This weather condition was verified for the
selected images.
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Figure 6. Nighttime LST from Landsat 8, period 2013-2019 (see Appendix A): Accuracy assessment
of MWA, RTE, and SCA retrieval methods with different LSE models at the nine SURFRAD and
ARM stations.
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5. Discussion

Numerous factors affect the accuracy of the LST retrieval from satellite TIR data. Atmospheric
profiles, sensor parameters (spectral range and viewing angle), and surface parameters (emissivity
and geometry) are amongst the major factors. On the other hand, development of an LST retrieval
method has its own error sources due to including some parameterization steps for the retrieval of
coefficients and estimation of some initial parameters. Therefore, it is of great importance to conduct
sensitivity/uncertainty analyses for a new method by considering all input parameters. Concerning the
LST validation procedure in space sciences, two main error sources emerge from both ground-based
LST and satellite-based LST. Examining the sensitivity analysis for ground-based LST measurements,
it emerges that the reliability of the upwelling radiance measurements is a key factor for the overall
accuracy of the LST computation. Then, the effect of LSE on satellite-based LST retrieval methods
for both daytime and nighttime were investigated, since we proposed using the daytime LSE images
for nighttime LST retrieval. The results showed that the LST sensitivity to LSE error is typically
dependent on the brightness temperature values suggesting that areas and study periods with lower
Tb could guarantee lower LST errors. Atmospheric parameters needed in the LST retrieval methods
were obtained from the NASA’s ACPC that is based on MODTRAN radiative transfer code. It is
not possible to find in-situ (radiosonde data etc.) atmospheric profiles for any place and any time.
Thus, even though this usage (a simulation of profile information on atmosphere with ACPC) affects
the accuracy of the methods, it is clear from our results and literature that NASA’s ACPC provides
satisfactory and effective simulations.

Comparing the results obtained in this research with the ones of other similar studies would
be helpful for the readers. The daytime LST results of this study were compatible with the results
presented in our previous paper [34]. Yu et al. [51] investigated the daytime LST results from RTE and
SCA methods using Landsat 8 data with LSE5. They determined the RMSE values for RTE and SCA
as 0.9 Kand 1.39 K, respectively. However, we obtained 2.71 K RMSE and 2.85 K RMSE for RTE and
SCA, respectively, with the same LSE model. Wang et al. [105] revealed that the generalized SCA and
Practical Single-Channel Algorithm (PSCA) presented 2.24 K and 1.77 K, respectively. We obtained
2.73 K RMSE with the SCA and same LSE model (LSE3). Sekertekin [47] obtained 3.12 K RMSE using
RTE and LSE4, while it was 2.62 K RMSE in this test. Guo et al. [54] used SCA with daytime Landsat
8 data and obtained 2.74 K and 2.47 K RMSE before and after the stray light correction, respectively.
In our study, SCA results ranged from 2.73 K to 2.85 K RMSE under different NDVI threshold-based
LSE models. We also observed negative biases for the selected dataset, whereas Guo et al. [54] did
not observe biases in their case study. These validation studies of Landsat 8-derived LST refer to the
daytime data, and they suggest how the accuracies can differ in similar test sites if the number of
scenes and their acquisition time change.

Validation studies were not previously published for nighttime LST from Landsat 8. This test
shows that, compared to the daytime, the nighttime accuracy is better, the daytime LST overestimation
is no longer present, and the bias is distinctly reduced. It is an interesting and beneficial result for the
researchers thinking of using the nighttime LST data from Landsat-8. Further studies can be conducted
in different land cover types including also urban areas to confirm the effectiveness of the nighttime
LST results. However, it may be difficult to find reliable ground-based LST measurements for accuracy
assessments in these different areas.

Satellite-based LST retrieval methods are generally developed considering different conditions
and assumptions. Thus, no universal method is yet available to provide accurate LSTs from all satellite
TIR data, and it cannot be said that one method is systematically superior to the others. Concerning
the stationarity of the methods used in this study, since RTE and SCA are obtained by the radiative
transfer equation solution, they are valid for each sensor and atmospheric condition. On the other
hand, the MWA is linked to atmospheric parameters and fixed coefficients regardless of the sensor
type. However, these coefficients could be refined for different sensors (with different bandwidths),
and the results validated.
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6. Conclusions

In this study, three LST retrieval algorithms, namely, RTE, SCA, and MWA, were evaluated
using daytime and nighttime Landsat 8 OLI/TIRS data. To the best of our knowledge, this is the first
study proposing the retrieval and validation of nighttime LST from TIR data of Landsat 8, also with a
performance comparison with respect to daytime LST retrieval. Since LSE is one of the most important
factors affecting the accuracy of LST retrieval methods, the effects of six NDVI-based LSE models on
satellite-based LST accuracy were also investigated.

Concerning nighttime LST retrievals, we proposed the combined use of daytime LSE and nighttime
TIR data when the difference in acquisitions of both datasets are close (a few days) and unchanged
weather condition is observed. Concerning the evaluation of the LST retrieval methods and LSE
models under daytime and nighttime conditions, SURFRAD and ARM SGP sites were used to calculate
in-situ LST simultaneous with TIR data acquisitions.

In addition to the accuracy evaluation of the LST methods, we conducted detailed
sensitivity/uncertainty analyses for in-situ measurements and sensitivity of LST methods on LSE for
both daytime and nighttime. Considering the daytime sensitivity results of in-situ measurements,
we proved that +5 W/m? error in downwelling and upwelling radiance led to +0.024 K and +0.8 K error
in LST, respectively, and 0.01 error in the broadband emissivity caused +0.25 K error in LST. On the
other hand, concerning the nighttime sensitivity results of in-situ measurements, we observed +5 W/m?
error in downwelling and upwelling radiance caused +0.029 K and +0.95 K error in LST, respectively,
and 0.01 error in the broadband emissivity provided +0.12 K error in LST. The sensitivity results of
in-situ LST measurements revealed that the uncertainty of the downwelling and upwelling radiance
was almost identical in daytime and nighttime. Nevertheless, the uncertainty of the broadband
emissivity in the nighttime was half of that in the daytime.

Then, we investigated the sensitivity of the LST methods to LSE for both daytime and nighttime
LST retrievals. The sensitivity results indicated that when the LSE error was constant for MWA and
SCA, the LST error increased with increasing brightness temperature. However, when the LSE error
was constant for RTE, LST error was stable with increasing brightness temperature. On the other hand,
the nighttime sensitivity analysis showed identical trends to daytime ones; however, the variation in
the LST error was smaller than daytime mainly due to the lower brightness temperatures.

The accuracy results of the daytime Landsat 8 data at the nine ground stations showed that the
MWA method with LSE4 and LSE6 presented the best results for the daytime. In general, for all the
LSE models, except for the LSE2, the MWA indicated slightly better results than the RTE, and the
RTE demonstrated slightly better results than the SCA for daytime LST retrievals. Considering the
nighttime, the SCA method with LSES5 presented the best results. However, MWA and RTE provided
very similar results with SCA. Compared to the daytime, all LST retrieval methods provided highly
accurate results with the different LSE models in the nighttime. The systematic overestimation of
daytime LST retrieval is no longer present at night, with an evident reduced bias. The validation test
shows that the use of daytime NDVI-based LSE with reflective data close to nighttime thermal data is
a reliable solution for the nighttime LST retrieval.
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Table Al. The list of the daytime and nighttime Landsat 8 images with corresponding validation

site IDs.

Acquisition Time

Scene ID

Scene Acquisition Date

and Hour (UTCQ)

Site ID

Daytime

LC80330322013269LGNO1

26.09.2013—17:40

LC80340322015170LGNO1

19.06.2015—17:43

LC80340322017239LGN00

27.08.2017—17:44

L.C80340322017255LGNO00

12.09.2017—17:44

LC80330322017264LGN00

21.09.2017—17:38

LC80340322018258LGN00

15.09.2018—17:44

TBL

LC80350262017198LGN00

17.07.2017—17:48

LC80360262017205LGN00

24.07.2017—17:54

LC80350262017230LGNO00

18.08.2017—17:48

LC80350262017246LGN00

03.09.2017—17:48

LC80350262017246LGIN00

03.09.2017—17:48

FPK

LC80230362019296LGN00

23.10.2019—16:38

GWN

L.C80290292019290LGN00

17.10.2019—17:12

SXF

LC80280352017229LGN00

17.08.2017—17:08

LC80280342019203LGNO00

22.07.2019—17:08

SGP E32 Medford

LC80280352017229LGN00

17.08.2017—17:08

LC80280342017245LGIN00

02.09.2017—17:08

LC80280342019203LGNO00

22.07.2019—17:08

SGP E11 Byron

LC80280352019027LGN00

27.01.2019—17:08

SGP E37 Waukomi

S

LC80280352019027LGNO0

27.01.2019—17:08

SGP E15 Ringwood

LC80280352019027LGNO00

27.01.2019—17:08

SGP E38 Omega

Nighttime

LC81292122013270LGNO1

27.09.2013—04:45

LC81302122015171LGNO1

20.06.2015—04:48

LC81302122017240LGNO00

28.08.2017—04:49

LC81302122017256LGIN00

13.09.2017—04:49

LC81292122017265LGIN00

22.09.2017—04:43

LC81302122018259LGN00

16.09.2018—04:49

TBL

LC81282182017194LGN00

13.07.2017—04:39

LC81272182017203LGNO0

22.07.2017—04:33

LC81282182017226LGN00

14.08.2017—04:39

LC81282182017242LGN00

30.08.2017—04:39

LC81272182017251LGNO0

08.09.2017—04:33

FPK

LT81212082019295LGNO0

22.10.2019—03:52

GWN

LT81232142019293LGN0O0

20.10.2019—04:07

SXF

LC81262102017228LGN0O0

16.08.2017—04:24

LC81262092019202LGN00

21.07.2019—04:23

SGP E32 Medford
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Table Al. Cont.

Scene Acquisition Date

and Hour (UTC) Site ID

Acquisition Time Scene ID

LC81262102017228LGN00 16.08.2017—04:24

LC81262102017244LGN00 01.09.2017—04:24 SGP E11 Byron
LC81262092019202LGN00 21.07.2019—04:23

LC81262092019026LGN00 26.01.2019—04:23 SGP E37 Waukomis
LC81262092019026LGN00 26.01.2019—04:23 SGP E15 Ringwood
LC81262092019026LGN0O0 26.01.2019—04:23 SGP E38 Omega

References

1.

10.

11.

12.

13.

14.

15.

16.

Townshend, J.R.G.R.; Justice, C.0.0.; Skole, D.; Malingreau, ]J.-PP; Cihlar, J.; Teillet, P.; Sadowski, F;
Ruttenberg, S. The 1 km resolution global data set: Needs of the international geosphere biosphere
programme! Int. |. Remote Sens. 1994, 15, 3417-3441. [CrossRef]

GCOS. The Global Observing System for Climate: Implementation Needs. Available online: https;/library.-wmo.int/doc_
num.php?explnum_id=3417 (accessed on 26 May 2020).

Yu, Y,; Liu, Y,; Yu, P. Land Surface Temperature Product Development for JPSS and GOES-R Missions.
In Comprehensive Remote Sensing; Elsevier: Berlin/Heidelberg, Germany, 2018; pp. 284-303.

Becker, F,; Li, Z.-L. Surface temperature and emissivity at various scales: Definition, measurement and
related problems. Remote. Sens. Rev. 1995, 12, 225-253. [CrossRef]

Dash, P; Gottsche, F.-M.; Olesen, E; Fischer, H. Retrieval of land surface temperature and emissivity from
satellite data: Physics, theoretical limitations and current methods. J. Indian Soc. Remote Sens. 2001, 29, 23-30.
[CrossRef]

Qin, Z.; Karnieli, A. Progress in the remote sensing of land surface temperature and ground emissivity using
NOAA-AVHRR data. Int. ]. Remote Sens. 1999, 20, 2367-2393. [CrossRef]

Anderson, M.C.; Norman, ].M.; Kustas, W.P.; Houborg, R.; Starks, PJ.; Agam, N. A thermal-based remote
sensing technique for routine mapping of land-surface carbon, water and energy fluxes from field to regional
scales. Remote Sens. Environ. 2008, 112, 4227-4241. [CrossRef]

Dash, P.; Gottsche, F.-M.; Olesen, E-S.; Fischer, H. Land surface temperature and emissivity estimation from
passive sensor data: Theory and practice-current trends. Int. J. Remote Sens. 2002, 23, 2563-2594. [CrossRef]
Dickinson, R.E. Land Surface Processes and Climate—Surface Albedos and Energy Balance. In Theory of
Climate; Saltzman, B., Ed.; Elsevier: Berlin/Heidelberg, Germany, 1983; pp. 305-353.

Cammalleri, C.; Vogt, J. On the Role of land surface temperature as proxy of soil moisture status for drought
monitoring in Europe. Remote Sens. 2015, 7, 16849-16864. [CrossRef]

Wan, Z.; Wang, P; Li, X. Using MODIS Land Surface Temperature and Normalized Difference Vegetation
Index products for monitoring drought in the southern Great Plains, USA. Int. ]. Remote Sens. 2004, 25, 61-72.
[CrossRef]

Coates, A.; Dennison, P.; Roberts, D.; Roth, K. Monitoring the impacts of severe drought on southern california
chaparral species using hyperspectral and thermal infrared imagery. Remote Sens. 2015, 7, 14276-14291.
[CrossRef]

Wesley, E.J.; Brunsell, N.A. Greenspace pattern and the surface urban heat island: A biophysically-based
approach to investigating the effects of urban landscape configuration. Remote Sens. 2019, 11, 2322. [CrossRef]
Granero-Belinchon, C.; Michel, A.; Lagouarde, ]J.-P.; Sobrino, J.A.; Briottet, X. Night thermal unmixing for
the study of microscale surface urban heat islands with TRISHNA-Like data. Remote Sens. 2019, 11, 1449.
[CrossRef]

Zhou, D.; Xiao, J.; Bonafoni, S.; Berger, C.; Deilami, K.; Zhou, Y.; Frolking, S.; Yao, R.; Qiao, Z.; Sobrino, J.
Satellite remote sensing of surface urban heat islands: Progress, challenges, and perspectives. Remote Sens.
2019, 11, 48. [CrossRef]

Keeratikasikorn, C.; Bonafoni, S. Urban Heat Island Analysis over the Land Use Zoning Plan of Bangkok by
Means of Landsat 8 Imagery. Remote Sens. 2018, 10, 440. [CrossRef]


http://dx.doi.org/10.1080/01431169408954338
https://library.wmo.int/doc_num.php?explnum_id=3417
https://library.wmo.int/doc_num.php?explnum_id=3417
http://dx.doi.org/10.1080/02757259509532286
http://dx.doi.org/10.1007/BF02989910
http://dx.doi.org/10.1080/014311699212074
http://dx.doi.org/10.1016/j.rse.2008.07.009
http://dx.doi.org/10.1080/01431160110115041
http://dx.doi.org/10.3390/rs71215857
http://dx.doi.org/10.1080/0143116031000115328
http://dx.doi.org/10.3390/rs71114276
http://dx.doi.org/10.3390/rs11192322
http://dx.doi.org/10.3390/rs11121449
http://dx.doi.org/10.3390/rs11010048
http://dx.doi.org/10.3390/rs10030440

Remote Sens. 2020, 12, 2776 22 of 26

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Sobrino, J.A.; Oltra-Carrid, R.; Soria, G.; Jiménez-mufioz, J.C.; Franch, B.; Hidalgo, V.; Mattar, C.; Julien, Y.;
Cuenca, J.; Romaguera, M.; et al. Evaluation of the surface urban heat island effect in the city of Madrid by
thermal remote sensing. Int. |. Remote Sens. 2013, 34, 3177-3192. [CrossRef]

Sun, J.; Salvucci, G.D.; Entekhabi, D. Estimates of evapotranspiration from MODIS and AMSR-E land surface
temperature and moisture over the Southern Great Plains. Remote Sens. Environ. 2012, 127, 44-59. [CrossRef]
Galleguillos, M.; Jacob, E; Prévot, L.; French, A.; Lagacherie, P. Comparison of two temperature differencing
methods to estimate daily evapotranspiration over a Mediterranean vineyard watershed from ASTER data.
Remote Sens. Environ. 2011, 115, 1326-1340. [CrossRef]

Candy, B.; Saunders, R.W.; Ghent, D.; Bulgin, C.E. The impact of satellite-derived land surface temperatures
on numerical weather prediction analyses and forecasts. ]. Geophys. Res. Atmos. 2017, 122, 9783-9802.
[CrossRef]

Meng, C.L.; Li, Z.-L.; Zhan, X.; Shi, ].C.; Liu, C.Y. Land surface temperature data assimilation and its impact
on evapotranspiration estimates from the Common Land Model. Water Resour. Res. 2009, 45, 2. [CrossRef]
Qin, J.; Liang, S.; Liu, R.; Zhang, H.; Hu, B. A Weak-constraint-based data assimilation scheme for estimating
surface turbulent fluxes. IEEE Geosci. Remote Sens. Lett. 2007, 4, 649-653. [CrossRef]

Dousset, B.; Gourmelon, E; Laaidi, K.; Zeghnoun, A.; Giraudet, E.; Bretin, P.; Mauri, E.; Vandentorren, S.
Satellite monitoring of summer heat waves in the Paris metropolitan area. Int. ]. Climatol. 2011, 31, 313-323.
[CrossRef]

Sekertekin, A.; Inyurt, S.; Yaprak, S. Pre-seismic ionospheric anomalies and spatio-temporal analyses of
MODIS Land surface temperature and aerosols associated with Sep, 24 2013 Pakistan Earthquake. J. Atmos.
Sol. Terr. Phys. 2020, 200, 105218. [CrossRef]

Pavlidou, E.; van der Meijde, M.; van der Werff, H.; Hecker, C. Time series analysis of land surface
temperatures in 20 earthquake cases worldwide. Remote Sens. 2018, 11, 61. [CrossRef]

Maffei, C.; Alfieri, S.; Menenti, M. Relating spatiotemporal patterns of forest fires burned area and duration
to diurnal land surface temperature anomalies. Remote Sens. 2018, 10, 1777. [CrossRef]

Sekertekin, A.; Arslan, N. Monitoring thermal anomaly and radiative heat flux using thermal infrared
satellite imagery —A case study at Tuzla geothermal region. Geothermics 2019, 78, 243-254. [CrossRef]

Mia, M.; Fujimitsu, Y.; Nishijima, J. Monitoring of Thermal Activity at the Hatchobaru-Otake Geothermal
Area in Japan Using Multi-Source Satellite Images—With Comparisons of Methods, and Solar and Seasonal
Effects. Remote Sens. 2018, 10, 1430. [CrossRef]

Prata, A.].; Caselles, V.; Coll, C.; Sobrino, J.A.; Ottlé, C. Thermal remote sensing of land surface temperature
from satellites: Current status and future prospects. Remote Sens. Rev. 1995, 12, 175-224. [CrossRef]

Wark, D.Q.; Yamamoto, G.; Lienesch, ].H. Methods of Estimating Infrared Flux and Surface Temperature
from Meteorological Satellites. . Atmos. Sci. 1962, 19, 369-384. [CrossRef]

Li, Z,; Tang, B.-H.; Wu, H.; Ren, H.; Yan, G.; Wan, Z,; Trigo, L.E,; Sobrino, ].A. Satellite-derived land surface
temperature: Current status and perspectives. Remote Sens. Environ. 2013, 131, 14-37. [CrossRef]

Li, Z.-L.; Becker, E. Feasibility of land surface temerature and emissivity determination from AVHRR data.
Remote Sens. Environ. 1993, 43, 67-85. [CrossRef]

Sobrino, J.A.; Caselles, V.; Becker, F. Significance of the remotely sensed thermal infrared measurements
obtained over a citrus orchard. ISPRS |. Photogramm. Remote Sens. 1990, 44, 343-354. [CrossRef]
Sekertekin, A.; Bonafoni, S. Land Surface Temperature Retrieval from Landsat 5, 7, and 8 over Rural
Areas: Assessment of Different Retrieval Algorithms and Emissivity Models and Toolbox Implementation.
Remote Sens. 2020, 12, 294. [CrossRef]

Becker, F; Li, Z.L. Temperature-independent spectral indices in thermal infrared bands. Remote Sens. Environ.
1990, 32, 17-33. [CrossRef]

Mao, K.; Qin, Z; Shi, J.; Gong, P. A practical split-window algorithm for retrieving land-surface temperature
from MODIS data. Int. ]. Remote Sens. 2005, 26, 3181-3204. [CrossRef]

Wan, Z.; Dozier, ]. A generalized split-window algorithm for retrieving land-surface temperature from space.
IEEE Trans. Geosci. Remote Sens. 1996, 34, 892-905.

Coll, C.; Caselles, V. A split-window algorithm for land surface temperature from advanced very high
resolution radiometer data: Validation and algorithm comparison. J. Geophys. Res. Atmos. 1997, 102,
16697-16713. [CrossRef]


http://dx.doi.org/10.1080/01431161.2012.716548
http://dx.doi.org/10.1016/j.rse.2012.08.020
http://dx.doi.org/10.1016/j.rse.2011.01.013
http://dx.doi.org/10.1002/2016JD026417
http://dx.doi.org/10.1029/2008WR006971
http://dx.doi.org/10.1109/LGRS.2007.904004
http://dx.doi.org/10.1002/joc.2222
http://dx.doi.org/10.1016/j.jastp.2020.105218
http://dx.doi.org/10.3390/rs11010061
http://dx.doi.org/10.3390/rs10111777
http://dx.doi.org/10.1016/j.geothermics.2018.12.014
http://dx.doi.org/10.3390/rs10091430
http://dx.doi.org/10.1080/02757259509532285
http://dx.doi.org/10.1175/1520-0469(1962)019&lt;0369:MOEIFA&gt;2.0.CO;2
http://dx.doi.org/10.1016/j.rse.2012.12.008
http://dx.doi.org/10.1016/0034-4257(93)90065-6
http://dx.doi.org/10.1016/0924-2716(90)90077-O
http://dx.doi.org/10.3390/rs12020294
http://dx.doi.org/10.1016/0034-4257(90)90095-4
http://dx.doi.org/10.1080/01431160500044713
http://dx.doi.org/10.1029/97JD00929

Remote Sens. 2020, 12, 2776 23 of 26

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Qin, Z.; Karnieli, A.; Berliner, P. A mono-window algorithm for retrieving land surface temperature from
Landsat TM data and its application to the Israel-Egypt border region. Int. ]. Remote Sens. 2001, 22, 3719-3746.
[CrossRef]

Jiménez-mufoz, J.C.; Cristébal, J.; Sobrino, J.A.; Soria, G.; Ninyerola, M.; Pons, X. Revision of the
single-channel algorithm for land surface temperature retrieval from landsat thermal-infrared data. IEEE Trans.
Geosci. Remote Sens. 2009, 47, 339-349. [CrossRef]

Jimenez-Munoz, J.C.; Sobrino, J.A. A Single-Channel Algorithm for Land-Surface Temperature Retrieval
From ASTER Data. IEEE Geosci. Remote Sens. Lett. 2010, 7, 176-179. [CrossRef]

Price, ].C. Estimating surface temperatures from satellite thermal infrared data-A simple formulation for the
atmospheric effect. Remote Sens. Environ. 1983, 13, 353-361. [CrossRef]

Susskind, J.; Rosenfield, J.; Reuter, D.; Chahine, M.T. Remote sensing of weather and climate parameters
from HIRS2/MSU on TIROS-N. J. Geophys. Res. 1984, 89, 4677. [CrossRef]

Gillespie, A.; Rokugawa, S.; Matsunaga, T.; Steven Cothern, J.; Hook, S.; Kahle, A.B. A temperature and
emissivity separation algorithm for advanced spaceborne thermal emission and reflection radiometer
(ASTER) images. IEEE Trans. Geosci. Remote Sens. 1998, 36, 1113-1126. [CrossRef]

Wan, Z.; Zhang, Y.; Zhang, Q.; Li, Z. liang Validation of the land-surface temperature products retrieved
from Terra Moderate Resolution Imaging Spectroradiometer data. Remote Sens. Environ. 2002, 83, 163-180.
[CrossRef]

Yu, Y,; Tarpley, D.; Privette, ].L.; Flynn, L.E.; Xu, H.; Chen, M.; Vinnikov, K.Y.; Sun, D.; Tian, Y. Validation
of GOES-R Satellite Land Surface Temperature Algorithm Using SURFRAD Ground Measurements and
Statistical Estimates of Error Properties. IEEE Trans. Geosci. Remote Sens. 2012, 50, 704-713. [CrossRef]
Sekertekin, A. Validation of Physical Radiative Transfer Equation-Based Land Surface Temperature Using
Landsat 8 Satellite Imagery and SURFRAD in-situ Measurements. J. Atmos. Sol. Terr. Phys. 2019, 196, 105161.
[CrossRef]

Malakar, N.K.; Hulley, G.C.; Hook, S.J.; Laraby, K.; Cook, M.; Schott, ].R. An Operational Land Surface
Temperature Product for Landsat Thermal Data: Methodology and Validation. IEEE Trans. Geosci. Remote Sens.
2018, 56, 5717-5735. [CrossRef]

Wang, L.; Lu, Y.; Yao, Y. Comparison of Three Algorithms for the Retrieval of Land Surface Temperature
from Landsat 8 Images. Sensors 2019, 19, 5049. [CrossRef]

Parastatidis, D.; Mitraka, Z.; Chrysoulakis, N.; Abrams, M. Online Global Land Surface Temperature
Estimation from Landsat. Remote Sens. 2017, 9, 1208. [CrossRef]

Yu, X.; Guo, X.; Wu, Z. Land surface temperature retrieval from landsat 8 TIRS-comparison between radiative
transfer equation-based method, split window algorithm and single channel method. Remote Sens. 2014, 6,
9829-9852. [CrossRef]

Zhang, Z.; He, G.; Wang, M,; Long, T.; Wang, G.; Zhang, X. Validation of the generalized single-channel
algorithm using landsat 8 imagery and SURFRAD ground measurements. Remote Sens. Lett. 2016, 7, 810-816.
[CrossRef]

Vanhellemont, Q. Combined land surface emissivity and temperature estimation from Landsat 8 OLI and
TIRS. ISPRS ]. Photogramm. Remote Sens. 2020, 166, 390-402. [CrossRef]

Guo, J.; Ren, H.; Zheng, Y; Lu, S.; Dong, J. Evaluation of Land Surface Temperature Retrieval from Landsat
8/TIRS Images before and after Stray Light Correction Using the SURFRAD Dataset. Remote Sens. 2020,
12,1023. [CrossRef]

Garcia-Santos, V.; Cuxart, J.; Martinez-Villagrasa, D.; Jiménez, M.; Simé6, G. Comparison of Three Methods
for Estimating Land Surface Temperature from Landsat 8-TIRS Sensor Data. Remote Sens. 2018, 10, 1450.
[CrossRef]

Zheng, Y,; Ren, H.; Guo, J.; Ghent, D.; Tansey, K.; Hu, X.; Nie, J.; Chen, S. Land Surface Temperature
Retrieval from Sentinel-3A Sea and Land Surface Temperature Radiometer, Using a Split-Window Algorithm.
Remote Sens. 2019, 11, 650. [CrossRef]

Pinker, R.T.; Ma, Y.; Chen, W.; Hulley, G.; Borbas, E.; Islam, T.; Hain, C.; Cawse-Nicholson, K.; Hook, S.;
Basara, J. Towards a Unified and Coherent Land Surface Temperature Earth System Data Record from
Geostationary Satellites. Remote Sens. 2019, 11, 1399. [CrossRef]


http://dx.doi.org/10.1080/01431160010006971
http://dx.doi.org/10.1109/TGRS.2008.2007125
http://dx.doi.org/10.1109/LGRS.2009.2029534
http://dx.doi.org/10.1016/0034-4257(83)90036-6
http://dx.doi.org/10.1029/JD089iD03p04677
http://dx.doi.org/10.1109/36.700995
http://dx.doi.org/10.1016/S0034-4257(02)00093-7
http://dx.doi.org/10.1109/TGRS.2011.2162338
http://dx.doi.org/10.1016/j.jastp.2019.105161
http://dx.doi.org/10.1109/TGRS.2018.2824828
http://dx.doi.org/10.3390/s19225049
http://dx.doi.org/10.3390/rs9121208
http://dx.doi.org/10.3390/rs6109829
http://dx.doi.org/10.1080/2150704X.2016.1190475
http://dx.doi.org/10.1016/j.isprsjprs.2020.06.007
http://dx.doi.org/10.3390/rs12061023
http://dx.doi.org/10.3390/rs10091450
http://dx.doi.org/10.3390/rs11060650
http://dx.doi.org/10.3390/rs11121399

Remote Sens. 2020, 12, 2776 24 of 26

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Martin, M.; Ghent, D.; Pires, A.; Gottsche, E-M.; Cermak, J.; Remedios, J. Comprehensive In Situ Validation
of Five Satellite Land Surface Temperature Data Sets over Multiple Stations and Years. Remote Sens. 2019,
11, 479. [CrossRef]

Niclos, R.; Galve, ].M.; Valiente, ].A.; Estrela, M.].; Coll, C. Accuracy assessment of land surface temperature
retrievals from MSG2-SEVIRI data. Remote Sens. Environ. 2011, 115, 2126-2140. [CrossRef]

Wan, Z. New refinements and validation of the collection-6 MODIS land-surface temperature/emissivity
product. Remote Sens. Environ. 2014, 140, 36-45. [CrossRef]

Wang, W.; Liang, S.; Meyers, T. Validating MODIS land surface temperature products using long-term
nighttime ground measurements. Remote Sens. Environ. 2008, 112, 623-635. [CrossRef]

Coll, C.; Caselles, V.; Galve, ].; Valor, E.; Niclos, R.; Sanchez, J.; Rivas, R. Ground measurements for the
validation of land surface temperatures derived from AATSR and MODIS data. Remote Sens. Environ. 2005,
97, 288-300. [CrossRef]

Ouyang, X.; Chen, D.; Duan, S.-B.; Lei, Y,; Dou, Y.; Hu, G. Validation and Analysis of Long-Term AATSR
Land Surface Temperature Product in the Heihe River Basin, China. Remote Sens. 2017, 9, 152. [CrossRef]
Guillevic, P.C.; Biard, J.C.; Hulley, G.C,; Privette, J.L.; Hook, S.J.; Olioso, A.; Gottsche, EM.; Radocinski, R.;
Roman, M.O,; Yu, Y.; et al. Validation of Land Surface Temperature products derived from the Visible
Infrared Imaging Radiometer Suite (VIIRS) using ground-based and heritage satellite measurements.
Remote Sens. Environ. 2014, 154, 19-37. [CrossRef]

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

Sabol, D.E,, Jr.; Gillespie, A.R.; Abbott, E.; Yamada, G. Field validation of the ASTER Temperature-Emissivity
Separation algorithm. Remote Sens. Environ. 2009, 113, 2328-2344. [CrossRef]

Wan, Z; Li, Z.-L.; Wan, Z.; Li, Z. A physics-based algorithm for retrieving land-surface emissivity and
temperature from EOS/MODIS data. IEEE Trans. Geosci. Remote Sens. 1997, 35, 980-996.

Wang, K.; Wan, Z.; Wang, P.; Sparrow, M,; Liu, J.; Zhou, X.; Haginoya, S. Estimation of surface long wave
radiation and broadband emissivity using Moderate Resolution Imaging Spectroradiometer (MODIS) land
surface temperature/emissivity products. J. Geophys. Res. 2005, 110, D11109. [CrossRef]

Augustine, J.A.; DeLuisi, ].].; Long, C.N. SURFRAD—A National Surface Radiation Budget Network for
Atmospheric Research. Bull. Am. Meteorol. Soc. 2000, 81, 2341-2357. [CrossRef]

Baldocchi, D.; Falge, E.; Gu, L.; Olson, R.; Hollinger, D.; Running, S.; Anthoni, P.; Bernhofer, C.; Davis, K.;
Evans, R.; et al. FLUXNET: A New Tool to Study the Temporal and Spatial Variability of Ecosystem—Scale
Carbon Dioxide, Water Vapor, and Energy Flux Densities. Bull. Am. Meteorol. Soc. 2001, 82, 2415-2434.
[CrossRef]

Stokes, G.M.; Schwartz, S.E. The Atmospheric Radiation Measurement (ARM) Program: Programmatic
Background and Design of the Cloud and Radiation Test Bed. Bull. Am. Meteorol. Soc. 1994, 75, 1201-1221.
[CrossRef]

Ohmura, A.; Gilgen, H.; Hegner, H.; Miiller, G.; Wild, M.; Dutton, E.G.; Forgan, B.; Frohlich, C.; Philipona, R.;
Heimo, A.; et al. Baseline Surface Radiation Network (BSRN/WCRP): New Precision Radiometry for Climate
Research. Bull. Am. Meteorol. Soc. 1998, 79, 2115-2136. [CrossRef]

Li, S;; Yu, Y,; Sun, D.; Tarpley, D.; Zhan, X.; Chiu, L. Evaluation of 10 year AQUA/MODIS land surface
temperature with SURFRAD observations. Int. |. Remote Sens. 2014, 35, 830-856. [CrossRef]

Heidinger, A.K.; Laszlo, I.; Molling, C.C.; Tarpley, D. Using SURFRAD to verify the NOAA single-channel
land surface temperature algorithm. J. Atmos. Ocean. Technol. 2013, 30, 2868-2884. [CrossRef]

Guillevic, P.C.; Privette, J.L.; Coudert, B.; Palecki, M.A.; Demarty, J.; Ottlé, C.; Augustine, J.A. Land Surface
Temperature product validation using NOAA's surface climate observation networks—Scaling methodology
for the Visible Infrared Imager Radiometer Suite (VIIRS). Remote Sens. Environ. 2012, 124, 282-298. [CrossRef]
Martin, M.; Gottsche, EM. Satellite LST Validation Report; European Space Agency (ESA): Karlsruhe,
Germany, 2016.

Faysash, D.A.; Smith, E.A. Simultaneous Retrieval of Diurnal to Seasonal Surface Temperatures and
Emissivities over SGP ARM—-CART Site Using GOES Split Window. J. Appl. Meteorol. 2000, 39, 971-982.
[CrossRef]


http://dx.doi.org/10.3390/rs11050479
http://dx.doi.org/10.1016/j.rse.2011.04.017
http://dx.doi.org/10.1016/j.rse.2013.08.027
http://dx.doi.org/10.1016/j.rse.2007.05.024
http://dx.doi.org/10.1016/j.rse.2005.05.007
http://dx.doi.org/10.3390/rs9020152
http://dx.doi.org/10.1016/j.rse.2014.08.013
http://dx.doi.org/10.1016/j.rse.2009.03.009
http://dx.doi.org/10.1016/j.rse.2009.06.008
http://dx.doi.org/10.1029/2004JD005566
http://dx.doi.org/10.1175/1520-0477(2000)081&lt;2341:SANSRB&gt;2.3.CO;2
http://dx.doi.org/10.1175/1520-0477(2001)082&lt;2415:FANTTS&gt;2.3.CO;2
http://dx.doi.org/10.1175/1520-0477(1994)075&lt;1201:TARMPP&gt;2.0.CO;2
http://dx.doi.org/10.1175/1520-0477(1998)079&lt;2115:BSRNBW&gt;2.0.CO;2
http://dx.doi.org/10.1080/01431161.2013.873149
http://dx.doi.org/10.1175/JTECH-D-13-00051.1
http://dx.doi.org/10.1016/j.rse.2012.05.004
http://dx.doi.org/10.1175/1520-0450(2000)039&lt;0971:SRODTS&gt;2.0.CO;2

Remote Sens. 2020, 12, 2776 25 of 26

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

Pinker, R.T,; Sun, D.; Hung, M.P; Li, C.; Basara, J.B. Evaluation of satellite estimates of land surface
temperature from GOES over the United States. . Appl. Meteorol. Climatol. 2009, 48, 167-180. [CrossRef]
Ou, S.C.; Chen, Y,; Liou, K.N.; Cosh, M.; Brutsaert, W. Satellite remote sensing of land surface temperatures:
Application of the atmospheric correction method and split-window technique to data of ARM-SGP site.
Int. . Remote Sens. 2002, 23, 5177-5192. [CrossRef]

Philipona, R.; Dutton, E.G.; Stoffel, T.; Michalsky, J.; Reda, I; Stifter, A.; Wendung, P.; Wood, N.; Clough, S.A_;
Mlawer, E.J.; et al. Atmospheric longwave irradiance uncertainty: Pyrgeometers compared to an absolute
sky-scanning radiometer, atmospheric emitted radiance interferometer, and radiative transfer model
calculations. J. Geophys. Res. Atmos. 2001, 106, 28129-28141. [CrossRef]

Duan, S.-B.; Li, Z.-L.; Li, H.; Géttsche, E-M.; Wu, H.; Zhao, W.; Leng, P.; Zhang, X.; Coll, C. Validation of
Collection 6 MODIS land surface temperature product using in situ measurements. Remote Sens. Environ.
2019, 225, 16-29. [CrossRef]

Xu, H.; Yu, Y,; Tarpley, D.; Gottsche, E; Olesen, F.-S. Evaluation of GOES-R Land Surface Temperature
Algorithm Using SEVIRI Satellite Retrievals With In Situ Measurements. IEEE Trans. Geosci. Remote Sens.
2014, 52, 3812-3822. [CrossRef]

Wulder, M.A; Loveland, T.R,; Roy, D.P; Crawford, C.J.; Masek, J.G.; Woodcock, C.E.; Allen, R.G;
Anderson, M.C.; Belward, A.S.; Cohen, W.B.; et al. Current status of Landsat program, science,
and applications. Remote Sens. Environ. 2019, 225, 127-147. [CrossRef]

Barsi, J.A.; Barker, J.L.; Schott, ].R. An Atmospheric Correction Parameter Calculator for a single thermal
band earth-sensing instrument. In Proceedings of the IGARSS 2003. 2003 IEEE International Geoscience and
Remote Sensing Symposium. Proceedings (IEEE Cat. No.03CH37477), Toulouse, France, 21-25 July 2003;
IEEE: Piscataway, NJ, USA, 2003; Volume 5, pp. 3014-3016.

Barsi, J.A.; Schott, ].R.; Palluconi, ED.; Hook, S.J. Validation of a web-based atmospheric correction tool for
single thermal band instruments. In Proceedings of the Earth Observing Systems X, Bellingham, WA, USA,
25 August 2005; SPIE: Bellingham, WA, USA, 2005; Volume 5882, p. 58820.

Dozier, J.; Warren, S.G. Effect of viewing angle on the infrared brightness temperature of snow.
Water Resour. Res. 1982, 18, 1424-1434. [CrossRef]

Zanter, K. USGS Landsat 8 (L8) Data Users Handbook. Available online: https://prd-wret.s3-us-west-2.
amazonaws.com/assets/palladium/production/atoms/files/LSDS-1574_L8_Data_Users_Handbook-v5.0.
pdf (accessed on 5 December 2019).

Sobrino, J.A.; Raissouni, N.; Li, Z. A Comparative Study of Land Surface Emissivity Retrieval from NOAA
Data. Remote Sens. Environ. 2001, 75, 256-266. [CrossRef]

Sobrino, J.A.; Raissouni, N. Toward remote sensing methods for land cover dynamic monitoring: Application
to Morocco. Int. . Remote Sens. 2000, 21, 353-366. [CrossRef]

Valor, E.; Caselles, V. Mapping land surface emissivity from NDVI: Application to European, African,
and South American areas. Remote Sens. Environ. 1996, 57, 167-184. [CrossRef]

Peres, L.F; DaCamara, C.C. Emissivity maps to retrieve land-surface temperature from MSG/SEVIRI.
IEEE Trans. Geosci. Remote Sens. 2005, 43, 1834-1844. [CrossRef]

Sun, D.; Pinker, R.T. Estimation of land surface temperature from a Geostationary Operational Environmental
Satellite (GOES-8). J. Geophys. Res. 2003, 108, 4326. [CrossRef]

Sobrino, J.a.; Jiménez-Muiioz, J.C.; Paolini, L. Land surface temperature retrieval from LANDSAT TM 5.
Remote Sens. Environ. 2004, 90, 434-440. [CrossRef]

Van de Griend, A.A.; Owe, M. On the relationship between thermal emissivity and the normalized difference
vegetation index for natural surfaces. Int. |. Remote Sens. 1993, 14, 1119-1131. [CrossRef]

Sobrino, J.A.; Jimenez-Muoz, J.C.; Soria, G.; Romaguera, M.; Guanter, L.; Moreno, J.; Plaza, A.; Martinez, P.
Land Surface Emissivity Retrieval From Different VNIR and TIR Sensors. IEEE Trans. Geosci. Remote Sens.
2008, 46, 316-327. [CrossRef]

Carlson, T.N.; Ripley, D.A. On the relation between NDVI, fractional vegetation cover, and leaf area index.
Remote Sens. Environ. 1997, 62, 241-252. [CrossRef]

Skokovic, D.; Sobrino, J.a.; Jiménez Muiioz, ].C.; Soria, G.; Julien, Y.; Mattar, C.; Cristébal, J. Calibration and
Validation of land surface temperature for Landsat8- TIRS sensor TIRS LANDSAT-8 CHARACTERISTICS.
Land Prod. Valid. Evol. ESA/ESRIN 2014, 1-27.


http://dx.doi.org/10.1175/2008JAMC1781.1
http://dx.doi.org/10.1080/01431160110115050
http://dx.doi.org/10.1029/2000JD000196
http://dx.doi.org/10.1016/j.rse.2019.02.020
http://dx.doi.org/10.1109/TGRS.2013.2276426
http://dx.doi.org/10.1016/j.rse.2019.02.015
http://dx.doi.org/10.1029/WR018i005p01424
https://prd-wret.s3-us-west-2.amazonaws.com/assets/palladium/production/atoms/files/LSDS-1574_L8_Data_Users_Handbook-v5.0.pdf
https://prd-wret.s3-us-west-2.amazonaws.com/assets/palladium/production/atoms/files/LSDS-1574_L8_Data_Users_Handbook-v5.0.pdf
https://prd-wret.s3-us-west-2.amazonaws.com/assets/palladium/production/atoms/files/LSDS-1574_L8_Data_Users_Handbook-v5.0.pdf
http://dx.doi.org/10.1016/S0034-4257(00)00171-1
http://dx.doi.org/10.1080/014311600210876
http://dx.doi.org/10.1016/0034-4257(96)00039-9
http://dx.doi.org/10.1109/TGRS.2005.851172
http://dx.doi.org/10.1029/2002JD002422
http://dx.doi.org/10.1016/j.rse.2004.02.003
http://dx.doi.org/10.1080/01431169308904400
http://dx.doi.org/10.1109/TGRS.2007.904834
http://dx.doi.org/10.1016/S0034-4257(97)00104-1

Remote Sens. 2020, 12, 2776 26 of 26

98.

99.

100.

101.

102.

103.

104.

105.

Li, S,; Jiang, G.-M. Land Surface Temperature Retrieval From Landsat-8 Data With the Generalized
Split-Window Algorithm. IEEE Access 2018, 6, 18149-18162. [CrossRef]

Wang, S.; He, L.; Hu, W. A Temperature and Emissivity Separation Algorithm for Landsat-8 Thermal Infrared
Sensor Data. Remote Sens. 2015, 7, 9904-9927. [CrossRef]

Ndossi, M.; Avdan, U. Inversion of Land Surface Temperature (LST) Using Terra ASTER Data: A Comparison
of Three Algorithms. Remote Sens. 2016, 8, 993. [CrossRef]

Saltelli, A. Sensitivity Analysis for Importance Assessment. Risk Anal. 2002, 22, 579-590. [CrossRef]
[PubMed]

Wang, F.; Qin, Z.; Song, C.; Tu, L.; Karnieli, A.; Zhao, S. An Improved Mono-Window Algorithm for Land
Surface Temperature Retrieval from Landsat 8 Thermal Infrared Sensor Data. Remote Sens. 2015, 7, 4268-4289.
[CrossRef]

Wang, H.; Mao, K.; Mu, F; Shi, J.; Yang, J.; Li, Z.; Qin, Z. A Split Window Algorithm for Retrieving Land
Surface Temperature from FY-3D MERSI-2 Data. Remote Sens. 2019, 11, 2083. [CrossRef]

Meng, X.; Cheng, J.; Zhao, S.; Liu, S.; Yao, Y. Estimating Land Surface Temperature from Landsat-8 Data
using the NOAA JPSS Enterprise Algorithm. Remote Sens. 2019, 11, 155. [CrossRef]

Wang, M.; Zhang, Z.; Hu, T.; Liu, X. A Practical Single-Channel Algorithm for Land Surface Temperature
Retrieval: Application to Landsat series data. J. Geophys. Res. Atmos. 2019, 124, 2018]JD029330. [CrossRef]

@ © 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1109/ACCESS.2018.2818741
http://dx.doi.org/10.3390/rs70809904
http://dx.doi.org/10.3390/rs8120993
http://dx.doi.org/10.1111/0272-4332.00040
http://www.ncbi.nlm.nih.gov/pubmed/12088235
http://dx.doi.org/10.3390/rs70404268
http://dx.doi.org/10.3390/rs11182083
http://dx.doi.org/10.3390/rs11020155
http://dx.doi.org/10.1029/2018JD029330
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Datasets 
	In-Situ LST Measurements and Validation Sites 
	Satellite Data 

	Methodologies 
	Satellite LST Retrieval Methods 
	Brightness Temperature (Tb) Calculation 
	Radiative Transfer Equation Method 
	Mono Window Algorithm 
	Single-Channel Algorithm 

	NDVI-Based Land Surface Emissivity (LSE) Models 
	In-Situ LST Estimation 
	Sensitivity Analysis of In-Situ LST Measurements and LST Retrieval Methods 
	Temperature-Based (T-Based) Validation Method and Performance Metrics 

	Results 
	Sensitivity Results of In-Situ LST Measurements 
	Sensitivity Results of LST Retrieval Methods to LSE 
	Accuracy of LST Retrieval Algorithms and LSE Models for Daytime 
	Accuracy of LST Retrieval Algorithms and LSE Models for Nighttime 

	Discussion 
	Conclusions 
	
	References

