
1. Introduction

Land surface temperature (LST), the skin temperature
of the Earth surface, is one of the major variables of
climate systems, and has been used as a key parameter
in modeling surface energy balance (Bateni et al., 2013;

Alkhaier et al., 2012; Hain and Anderson, 2017). LST

interacts with other factors such as soil moisture, air

temperature, and evapotranspiration (Srivastava et al.,
2013; Yoo et al., 2018; Meng et al., 2009). In particular,

LST has been widely used in investigating various

socio-environmental problems such as heatwave,
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drought, air quality, and urban heat island effect
(Albright et al., 2011; Park et al., 2020; Yoo et al., 2019;
Ziaul and Pal, 2018). 

LST has relatively large variation in both spatial and
temporal domains due to the complicated characteristics
of environmental factors such as vegetation coverage,
topography, soil texture, and land cover patterns, which
are closely related to LST. Although in-situ ground
measurements provide accurate surface temperature at
a location, they do not provide spatially continuous 
LST information over vast areas. Satellite remote
sensing has been a good alternative to spatiotemporal
LST delineation from regional to global scale. Thermal
infrared (TIR) sensors are a major source for producing
satellite-based LSTs under clear sky conditions. Widely
used polar orbiting TIR sensors include Moderate
Resolution Imaging Spectroradiometer (MODIS; Wan,
1999), The visible infrared imaging radiometer suite
(VIIRS; Hulley et al., 2016a), advanced spaceborne
thermal emission and reflection radiometer (ASTER;
Abrams et al., 2002), Landsat-8 Thermal Infrared
Sensor (TIRS; USGS, 2016). LSTs can be also obtained
from geostationary satellite sensors with high temporal
resolution such as spinning enhanced visible and infrared
imager (SEVIRI; Atitar et al., 2008), GeoKompsat-2A
(GK-2A, NMSC: GK-2A AMI Algorithm Theoretical
Basis Document) Advanced Meteorological Imager
(AMI), Himawari-8 Advanced Himawari Imager (AHI;
Yamamoto et al., 2018), and Geostationary Operational
Environmental Satellites (GOES)-16 Advanced Baseline
Imager (ABI; Yu et al., 2010), which can be used to 
look into the diurnal cycle of LST. To minimize the
cloud contamination when using TIR sensors, previous
studies have produced LSTs from brightness temperature
collected by passive microwave satellite sensors such
as the advanced microwave Scanning radiometer-earth
observing system (AMSR-E) and advanced microwave
scanning radiometer 2 (AMSR2) (Yoo et al., 2020;
Duan et al., 2020).

Among various satellite-based LSTs, MODIS LST

is the most widely used LST product in modeling
atmosphere, ocean and land processes on the Earth
thanks to its spatiotemporal coverage and longevity 
(> 20 years). MODIS sensors onboard Terra and Aqua
satellites collect data providing LST four times a day
(local solar times of 10:30 am and 10:30 pm for Terra,
and 1:30 am and 1:30 pm for Aqua) at 1 km spatial
resolution. MODIS LST is generated based on the
generalized split-window algorithm and is provided as
global grid data at multiple time scales (i.e., daily, eight-
day, and monthly LSTs). One of the drawbacks of
MODIS LST is its relatively coarse spatial resolution
(i.e., 1 km). With the increasing demand of satellite-
derived products in various areas under changing
climate conditions, information of detailed thermal
environment on the Earth surface at high resolution
(e.g., 10-100 m) is required (Hulley et al., 2019). In
particular, the use of 1 km MODIS LST over urban
areas showing very heterogeneous thermal surface
characteristics is limited (Yoo et al., 2020).

There are several satellite sensors that globally
provide fine resolution (~100 m) LSTs, such as Landsat
series and ASTER. However, their temporal resolutions
relatively low around 16 days, limiting investigation of
temporal variation of LSTs. To solve the trade-off
between the spatial and temporal resolution of remote
sensing-derived products such as LST, many studies
have provided spatiotemporal downscaling methods
using multi-sensor data. In particular, due to the
complexity of thermal landscapes, many factors should
be considered when performing thermal downscaling,
which is also known as thermal sharpening or
disaggregating (Weng et al., 2014). The thermal
downscaling of 1 km MODIS LST through a multitude
of techniques can generate high spatial resolution daily
LST products typically ranging from 100 m to 250 m.
In addition, the downscaled LSTs (hereafter DLSTs)
have been actively used in various areas such as
monitoring thermal processes (i.e., urban heat island)
or estimating other environmental products (i.e.,
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evapotranspiration) (Yoo et al., 2017; Liu et al., 2019). 
Many approaches for thermal downscaling of

MODIS LSTs have been developed during the past
decade showing varied performance and efficiency.
Each approach has its own merits and limitations, and
there are still key challenges that should be carefully
addressed in future research. The aim of this paper is
to provide a comprehensive review on recent thermal
downscaling methods focusing on MODIS LSTs. This
review first groups the thermal downscaling methods
for the past decade into three categories. Detailed
discussion for each group in terms of its advantages and
limitations follows. Then, challenges and future
research direction are highlighted. The present review
paper can assist to improve the applicability of DLSTs
in a variety of research fields such as meteorology,
urban climatology and hydrology. 

2. Downscaling Methods

We categorized MODIS LST downscaling methods
in three types: Kernel-driven, image fusion-based, and
the combination of both (Fig. 1).

1) Kernel-driven methods
The kernel-driven method is the most frequently

used thermal downscaling approach in recent years.

The kernel-driven method spatially aggregates high
resolution input variables matching the MODIS LST
scale, then models the relationship between LSTs rtand
the upscaled input variables. Finally, the method applies
the developed model to the original high resolution
input variables, called kernels, to produce high
resolution LSTs (Fig. 2). In addition, most kernel-
driven method applied a residual correction process
originally suggested by Kustas et al. (2003). This process
generally uses the following steps: 1) aggregating the
simulated high resolution LST (LSThigh) to the original
MODIS LST scale, 2) subtracting the aggregated
LSThigh (LSTag) from original MODIS LST (called
residuals; Δ), 3) resampling the residuals to LSThigh

scale and adding these residuals to the LSThigh for
generating MODIS DLST (equations (1) and (2)).

                Δ = MODIS LST – LSTag                            (1)

                MODIS DLST = LSThigh + Δ                      (2)

The spatial resolution of DLST is determined by the
resolution of the kernels. There are many factors that
affect the performance of the kernel-driven approach,
including types of kernels and modeling techniques.
MODIS spectral reflectance data at 250 m (i.e., red and
near-infrared (NIR) bands) can be used as kernels for
thermal downscaling of MODIS LSTs produced at 
the same time. In particular, normalized difference
vegetation index (NDVI) is calculated using the red and
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Fig. 1.  Three types of MODIS LST downscaling approaches.
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NIR bands. Since there is a linear relationship between
NDVI and LST, NDVI has been used as a useful kernel
for thermal downscaling. This downscaling approach
using NDVI is the basic kernel-driven method, which
is called the thermal sharpening algorithm (TsHARP).

Mukherjee et al. (2014) compared various kernel-
driven models using NDVI: TsHARP, polynomial
regression model (DisTrad), Last median square
regression (LMSDS), and Pace regression (PRDS).
They reported that LMSDS resulted in the lowest 
root-mean-square-error (RMSE) of 1.43K when using
Landsat LST as reference data. Qiu et al. (2018)
reported that enhanced vegetation index (EVI) was
more effective than NDVI as a kernel in DisTrad over
areas with a high vegetation cover rate such as forest.
Another widely used kernel along with vegetation
indices is digital elevation models (DEM) such as
Shuttle Radar Topography Mission (SRTM) or ASTER-
derived DEM. Maeda (2014) adopted multivariate
regression using NDVI and DEM as kernels to generate
250 m monthly MODIS DLST. The studies mentioned
above assumed that there are linear relationships

between LST and kernels such as NDVI and DEM, and
thus the proposed methods would not work well over
areas where the relationships were not linear.

In order to downscale MODIS LST to less than 250
m resolution (e.g., 100 m), higher spatial resolution data
than MODIS reflectance (250 m) should be used as
kernels in a model. While Landsat and ASTER satellite
data have been used as high resolution kernels in
thermal downscaling of MODIS LST, they have
relatively low temporal resolution (i.e., 16 days). Many
studies assumed that there is little difference in
reflectance collected in close dates and used Landsat or
ASTER data collected in near-anniversary dates with
MODIS LST as kernels. Bonafoni (2016) calculated
NDVI and normalized difference building index
(NDBI) from Landsat data and used them as kernels to
generate 120 m MODIS DLST using ridge regression.
Similarly, Duan and Li (2016) adopted geographically
weighted regression using ASTER NDVI and SRTM
DEM as kernels to downscale MODIS LST to 90 m.

In particular, when study sites are urban areas,
kernels highlighting built-up area can be effective in
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Fig. 2.  Flowchart of a typical kernel-driven method for LST downscaling.
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MODIS LST downscaling. For example, Sattari et al.
(2018) improved the performance of TsHARP by
replacing MODIS NDVI with the ASTER-derived
impervious surface index over the city of Kuala Lumpur,
Malaysia. NDBI has been also useful as a kernel in
urban areas. Wang et al. (2020b) used Landsat 8-derived
NDBI and SRTM DEM as kernels in geographically
weighted autoregressive regression (GWAR) over Beijing
and Lanzhou, China, resulting in better performance
(RMSEs of 1.37K for Beijing and 1.76K for Lanzhou)
than TsHARP (RMSEs of 2.53K for Beijing and 3.46K
for Lanzhou). Peng et al. (2019) downscaled MODIS
LST to 100 m based on geographically and temporally
weighted regression model (GTWR) using Landsat
NDBI and SRTM DEM as kernels.

Recently, machine learning approaches have been
used to model the non-linearity between the kernels 
and LST (Bartkowiak et al., 2019; Liu et al., 2020a;
Yang et al., 2017; Ebrahimy and Azadbakht, 2019).
Bartkowiak et al. (2019) adopted random forest (RF)
to generate 250 m MODIS DLST using NDVI and
DEM. Liu et al. (2020a) tested three kernels—NDVI,
temperature vegetation dryness index (TVDI), and
fractional vegetation coverage (FVC)—using RF and
concluded that TVDI was effective in MODIS LST
downscaling over agricultural regions where soil
moisture plays an important role. Other satellite-derived
indices representing the characteristics of vegetation,
water, soil moisture, impervious surface, and desert
(i.e., soil-adjusted vegetation index (SAVI), NDBI,
normalized difference dust index (NDDI), and modified
normalized difference water index (MNDWI)) have
been also used as kernels in RF to generate 250 m
MODIS DLST (Yang et al., 2017). In addition to
reflectance-based indices, various topographic parameters
(i.e., elevation, slope, and aspect), solar incidence, solar
radiation, and sky view factor have been used as kernels
in RF models (Hutengs and Vohland, 2016; Yoo et al.,
2017). Ebrahimy and Azadbakht (2019) determined 11
kernels such as NDVI, SAVI, DEM, and sky view

factor over Teheran, Iran through feature selection, and
used them in three machine learning approaches—RF,
support vector regression (SVR), and extreme learning
method (ELM)—to produce 250 m MODIS DLST.
They reported that all three models resulted in higher
accuracy (averaged RMSE of 2.5K) than TsHARP
(RMSE of 3.02K) and ELM was more time efficient
than the other two machine learning models.

Machine learning approaches also have been
actively used to downscale MODIS LST to the 100 m
resolution level. For example, Agathangelidis and
Cartalis (2019) used a total of 18 kernels including
NDVI, EVI, SAVI, and DEM in RF machine learning
to produce 100 m MODIS DLST. Pan et al. (2018)
generated 90 m MODIS DLST using Landsat-derived
NDSI, SAVI, NDWI, and NDBI as kernels in RF.
Among machine learning approaches, RF has proved
to be more effective than TsHARP to produce 100 m
MODIS DLST (Wang et al., 2020b; Wu and Li, 2019).
Li et al. (2019) compared three machine learning
approaches—RF, Support Vector Machine (SVM),
Artificial Neural Network (ANN)—to produce 90 m
MODIS DLST and reported that RF resulted in the best
performance while SVM tended to show smoothing
effect in the LST distribution. More recently, studies
have been conducted to downscale MODIS LST to
higher spatial resolution than 90 m. For instance,
Sánchez et al. (2020) used 10 m Sentinel-2 NDVI to
produce 10 m MODIS DLST based on TsHARP over
Barrax in Spain with cropland as a dominant land
cover.

2) Fusion-based methods
Fusion-based methods determine the relationship

between the image pairs (known) of fine resolution
LST and coarse resolution LST, and downscale coarse
resolution LST (e.g., MODIS LST) when fine resolution
LST is not available. Compared to the kernel-driven
methods that depend on kernel acquisition time, the
fusion-based methods are less restrictive in selecting
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the target date of DLST in that they directly model two
LST images instead of the relationship between LST
and kernels (Gao et al., 2006; Xia et al., 2019). Among
various fusion models (Acronyms are summarized 
in Table 1), the most widely used technique for LST
downscaling is the spatial and temporal adaptive
reflectance fusion model (STARFM).

STARFM was originally developed by Gao et al.
(2006) to downscale daily MODIS surface reflectance
to Landsat 30 m resolution. Since then, this method has
been widely used for the fusion of other types of images

such as LST (Liu and Weng, 2018; Wu et al., 2015).

The STARFM algorithm (Fig. 3) is summarized as the

following equation (3):

L(x , y , t0) = ∑w
i=1∑w

j=1∑w
k=1∑ijk × (M(xi, yj, t0)

+ L(xi, yj, tk) – M(xi, yj, tk))           (3)

where L and M are Landsat and MODIS surface

reflectance, respectively, w is the window size searching

similar pixels, (x , y ) is the location of the center focus

pixel, (xi, yj) is the pixel location of Landsat and MODIS

image pair, t0 is the target date for downscaling, tk is 

w
2

w
2

w
2

w
2

Korean Journal of Remote Sensing, Vol.36, No.4, 2020

– 614 –

Fig. 3.  The flow diagram of spatial and temporal adaptive reflectance fusion model (STARFM) used
for MODIS land surface temperature (LST) downscaling: (1) searching pixels (circles) that are
spectrally similar to center focus pixel (cross) within a moving window; (2) filtering the searched
pixels for ensuring good quality; (3) determining the weights; and (4) downscaled LST (DLST)
is generated using the weighted values. The figure is redrawn from Gao et al. (2006).

Table 1.  Description of acronym of fusion-based methods mentioned in this paper
Acronym Description Representative Reference
STARFM Spatial and temporal adaptive reflectance fusion model Gao et al. (2006), Liu and Weng (2018), Wu et al. (2015)

SADFAT Spatio-temporal Adaptive Data Fusion Algorithm for
Temperature mapping Weng et al. (2014)

ESTARFM Enhanced STARFM Zhu et al. (2010), Wu et al. (2015), Yang et al. (2016), 
Li et al. (2016), Liu et al. (2020)

STTFN Spatiotemporal temperature fusion network Yin et al. (2020)

Resampling

T1 fine LST

T0 MODIS

T1 MODIS
MODIS DLST

T0 fine LST

Resampling
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the acquisition date of MODIS and Landsat pairs, and
Wijk is the weight that determines the influence of
neighboring pixels to the simulated reflectance of the
central focus pixel.

Since STARFM assumes that surface cover types
and system errors are constant over time, it may result
in high uncertainty for LST over heterogenous and
time-variant landscapes (Weng et al., 2014). Alternatively,
Weng et al. (2014) proposed Spatio-temporal Adaptive
Data Fusion Algorithm for Temperature mapping
(SADFAT) by adding the annual temperature cycle
(ATC) of LST and thermal landscape heterogeneity 
of urban area to equation (3), and produced 120 m
MODIS DLST over Los Angeles, USA. The enhanced
STARFM (ESTARFM) is an alternative method that
considers landscape heterogeneity (Zhu et al., 2010).
ESTARFM uses a conversion coefficient based on
spectral unmixing theory and improves the performance
of reflectance change prediction for the heterogenous
landscapes. Since Wu et al. (2015) showed that
ESTARFM performed better than STARFM when
producing 90 m MODIS DLST, many studies have
used ESTARFM for LST downscaling (Yang et al.,
2016; Li et al., 2016; Liu et al., 2020b). Recently, Wang
et al. (2020a) introduced a thermal unmixing based
LST downscaling approach using thermal components
extracted from Landsat 8 band 4 (0.64-0.67 μm), band
5 (0.85-0.88 μm) and band 10 (10.60-11.19 μm). Yin et
al. (2020) proposed a deep learning-based spatiotemporal
temperature fusion network (STTFN), which fuses

images based on convolutional neural networks (CNN)
handling the non-linearity of LST temporal changes
while the existing fusion-based methods use linear models.
In their study, STTFN produced better performance
(RMSEs of 1.40 and 1.28K for two study sites) than
ESTARFM (RMSEs of 1.90 and 1.49K).

3) Combination of kernel-driven and
fusion-based methods
Each of the kernel-driven and fusion-based methods

has its own advantages and limitations mentioned in
the previous sections. Researchers have put an effort to
combine both methods focusing on their advantages
(i.e., detailed spatial information from kernels and the
capturing ability of the temporal relationship between
LST images from fusion). The third type combines 
the kernel-driven and fusion-based approaches in 
three ways: 1) kernel-then-fusion (K-F), 2) fusion-then-
kernel (F-K), and 3) a weighted combination of kernel
and fusion (termed CKFM) (Fig. 4). As an example 
of K-F, Bai et al. (2015) first downscaled Landsat 
LST to 30 m resolution using Landsat visible, near and
shortwave infrared bands as kernels in ELM. Then,
they adopted SADFAT to downscale MODIS LST to
30 m DLST. Xia et al. (2019) downscaled Landsat LST
to 30 m resolution using NDVI and NDBI as kernels
in a multivariate function over Beijing, China. They
also produced 30 m MODIS LST using STARFM at
the same time, and then combined two downscaled
LSTs with an inverse error weighted approach (i.e., the
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Fig. 4.  The three types of combining kernel-driven and fusion-based methods for MODIS LST downscaling.
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larger the error is the smaller the weight). Xia et al.
(2019) showed that their CKFM model performed
better than kernel-driven and fusion-based approaches.
They also compared the CKFM model to K-F and F-
K, resulting in the higher accuracy of CKFM (Table 2).
The proposed CKFM model could compensate for the
shortcoming of each of the kernel-driven and fusion-
based methods. 

3. Open issues and Challenges

Various approaches have been proposed to spatially
downscale MODIS LST for the past decade. While
their performances have gradually improved, there are
still challenges and limitations. Major issues and
challenges to discuss here are 1) uncertainty in LST
retrievals, 2) low thermal contrast, 3) the nonlinearity
of LST temporal change, 4) cloud contamination, and
5) model generalization.

1) Uncertainty in LST Retrievals
There are varied LST retrieval algorithms depending

on satellite data used (i.e., MODIS, Landsat, and
ASTER). MODIS 1 km LST is retrieved using a
generalized split-window (GSW) algorithm based on
brightness temperature measured at MODIS band 31
(10.78-11.28 μm) and 32 (11.77-12.27 μm) (equation
(4); Wan and Dozier, 1996).

LST = b0 + (b1 + b2 + b3 ) +     
(4)

(b4 + b5 + b6 )

Where ε and ∆ε refer the mean and difference of 
the emissivity of band 31 and 32. bk (K=0 to 6) is the
regression coefficient(s) determined in Radiative
Transfer Model (RTM) based on the viewing zenith
angle, surface air temperature and atmospheric column
water vapor. T31 and T32 are the TIR band brightness
temperatures.

Fine resolution ASTER LST is generated based on
the temperature emissivity separation (TES) algorithm,
which uses a semiempirical relationship between
minimum emissivity and the difference between
highest and lowest values in the emissivity spectrum
(i.e., spectral contrast). The ASTER TES-based
algorithm uses an RTM with atmospherically corrected
radiance and laboratory measurement-based emissivity
to retrieve LST (Gillespie et al., 1998). Another fine
resolution Landsat sensors, however, do not officially
produce LST products until now. One of the widely
used LST retrieval algorithms for Landsat data is a
single channel (SC) algorithm based on the thermal
infrared band (Jiménez-Muñoz et al., 2008; Yoo et al.,
2019). Wu and Li (2019) and Yin et al. (2020) discuss
that the discrepancy between LST retrieval algorithms
by satellite sensor leads to concerns on the accuracy
evaluation of LST downscaling.

Furthermore, each LST product has its own retrieval
error, which is another challenge for the accurate
evaluation of LST downscaling. Major LST retrieval
error sources include the lack of understanding for 
the effects of atmospheric attenuation, insufficient
information of the emissivity, and the uncertainties of
input factors used for LST retrievals (Ghent et al.,
2019). The factors required in the MODIS GSW-based

T31 + T32

2
Δε
ε2

1 – ε
ε

T31 – T32

2
Δε
ε2

1 – ε
ε
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Table 2.  Validation results using Landsat reference LST on October 6, 2014 for the Beijing, China. Adapted from Xia
et al. (2019)

Methods Kernel-driven Fusion-based
Combined kernel-driven and fusion-based

K-F F-K CKFM
RMSE (K) 1.97 1.53 1.46 1.75 1.39

R 0.66 0.70 0.73 0.69 0.73
MAE (K) 1.50 1.16 1.08 1.31 1.04
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algorithm in equation 4 have their own errors, which
increase the uncertainty of MODIS LST.

Although the average error of daytime MODIS LST
over homogeneous validation sites was less than
RMSE of 1.3K, some stations often resulted in large
RMSE > 2K in the literature (Duan et al., 2019; Lu et
al., 2018). Hulley et al. (2012) reported that TES-based
ASTER LST resulted in an RMSE of 1.2K after water
vapor scaling correction. The SC-based algorithm used
for Landsat LST extraction is based on radiative
transfer equations, requiring thermal path radiance,
downwelling irradiance, surface emissivity and the
atmospheric transmissivity as input to solve the
equations. These factors have generally large variation
by spatiotemporal domain, leading to high uncertainty
in LST retrieval (Parastatidis et al., 2017).

Especially, emissivity is a critical factor in satellite-
based LST retrievals. It is well known that small
uncertainty in the emissivity (~1%) can result in an LST
retrieval error > 1K (Chen et al., 2016). While ASTER
and MODIS have their own emissivity databases,
Landsat lets users directly estimate emissivity to
calculate LST. Due to its simplicity, the most widely
used method to estimate emissivity is NDVI-based
thresholding, which generates several classes by NDVI
and applies different emissivity values by class.
However, since the NDVI-based emissivity calculation
often results in high uncertainty over heterogeneous
regions, it is one of the major reasons for the errors that
Landsat LST has. In summary, the inherent errors of
satellite-based LSTs that are used for training and
validation of downscaling make the objective evaluation
of LST downscaling difficult.

2) Low Thermal Contrast 
The literature shows that downscaled LST has

relatively low thermal contrast when compared to high
resolution reference LST, which is called blurring effect
(Ebrahimy and Azadbakht, 2019; Li et al., 2019; Yoo
et al., 2018; Hutengs and Vohland, 2016). In particular,

this problem often occurs when the kernel-driven
method with machine learning is used for LST
downscaling. Most machine learning approaches tend
to estimate output to minimize errors, which are related
to the distribution range of training data (Yoo et al.,
2020). Hutengs and Vohland (2016) showed that RF-
based downscaled MODIS LST remarkably blurred
with low thermal contrast when compared to reference
Landsat LST. Ebrahimy and Azadbakht (2019) reported
that machine learning approaches (e.g., RF, SVR) 
often resulted in better performance than TsHARP, a
kernel-driven method, but had relatively larger blurring
effect. Li et al. (2019) also documented that SVR
showed the largest blurring effect among multiple
machine learning approaches (i.e., ANN, SVR and RF)
for MODIS DLST.

Since machine learning and even deep learning
approaches become more popular in LST downscaling
due to their powerful performance, minimizing the
blurring effect should be one of the core research topics
for LST downscaling with machine learning in the
future. To reduce the blurring effect, many kernel-
driven LST downscaling studies have conducted
residual correction that linearly corrects the residuals
between 1 km MODIS LST and the aggregation of
downscaled LST to 1 km. While the existing studies
have typically used global linear regression for residual
correction, local or regional correction (e.g., considering
land cover characteristics) can be applied to further
mitigate the blurring effect. In addition, machine
learning can be used to correct the bias that results from
a machine learning model for LST downscaling (Song,
2015; Zhang and Lu, 2012).

3) Nonlinearity of LST temporal change
The fusion-based methods have been gradually

developed, but there remain issues where typical fusion-
based techniques (i.e., STARFM) assume that the 
output DLST is linearly related to input LSTs. In fact,
conventional fusion-based methods assume that the
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surface cover type and systemic errors do not change
much over time because they were originally suggested
for downscaling the reflectance. Unfortunately, while
reflectance changes slowly with time, LST has rapid
temporal change with nonlinearity (Mohamadi et al.,
2019). To solve this challenge, some fusion-based
studies tried to consider the LST temporal change using
the MODIS annual cycle parameters (Weng et al., 2014;
SADFAT) or thermal components based on the non-
negative matrix factorization extracted from the Landsat
8 red, near infrared (NIR) and thermal infrared bands
(Wang et al., 2020a). Nevertheless, SADFAT could also
show the poor downscaling performance over the area
with a sudden change in LST (Quan et al., 2016).

Recently, a fusion approach of LST images was
proposed using the non-linear fitting model, such as a
deep learning-based CNN (i.e., STTFN; Yin et al.,
2020). It should be noted that STTFN is able to build
up the complicated relationship without manually
designed mathematical rules as the conventional fusion
models because it can directly model the nonlinear
relationship between the input and output LSTs.
However, as the deep learning model relies on the
training samples, the developed model has limitations
that might not work well over different areas without
training. In addition, deep learning approaches often
have overfitting problems by optimizing a large number
of parameters (Li et al., 2018), which should be further
examined. Thus, there is still a room for further
investigating various up-to-date deep learning-based
algorithms to be grafted into LST image fusion for
downscaling.

4) Cloud Contamination
Thermal infrared (TIR) sensors such as MODIS,

Landsat, and ASTER are the most widely used one 
to retrieve LSTs. One of the most critical problems
when using TIR-derived LSTs is the sensitivity to
atmospheric and weather conditions. In particular,
global mean cloud cover from 2003 to 2012 is about

66%, where 59.7% over North America and 56.0%
over Asia (Mao et al., 2019). Unfortunately, LST
retrievals from TIR sensors are not available under
clouds due to their inability to penetrate clouds (i.e.,
cloud contamination) (Yoo et al., 2020). In addition,
the time interval of high resolution LST images such
as Landsat and ASTER ones is large (i.e., 16 days),
which makes it much difficult to match MODIS LST
under the clear-sky condition. 

An alternative to reducing the time interval is to
estimate satellite-based LST under the cloudy condition
before conducting LST downscaling. Brightness
temperature of passive microwave (PMW) data, known
to have high correlation with LST, can be used to
estimate LST for cloudy MODIS pixels (Fu et al.,
2019; Yoo et al., 2020). However, it is still challenging
to accurately estimate LST for cloudy MODIS pixels
mainly due to the low spatial resolution of PMW (e.g.,
10 km). Future PMW sensors with higher spatial
resolution may improve LST estimation under cloudy
pixels. The high temporal resolution of geostationary
satellite instruments, such as GK-2A AMI LSTs could
assist for identifying the diurnal cycle of LST and the
temporal variation of cloud covers. For example, Zhao
and Duan (2020) proposed a method to reconstruct
MODIS daytime LST under cloud areas based on the
solar radiation factor (i.e., cumulative downward
shortwave radiation flux) calculated from geostationary
SEVIRI LST.

5) Model Generalization 
Most LST downscaling methods developed for 

the past decade have been evaluated over local areas,
which limits the generalization of the proposed
methods. The performance of the methods often varied
by the characteristics of climate and land cover types
(Yang et al., 2017; Wang et al., 2020a). For example,
the methods using NDVI or EVI as kernels (i.e.,
DisTrad, TsHARP) might not work well for areas with
low correlation between vegetation indices and LST
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(Mukherjee et al., 2014; Qiu et al., 2018). One possible
solution to ensure LST downscaling approaches to 
have a generalized capability is to evaluate them over
multiple areas with different conditions and optimize
the related parameters. It should be noted that only 
a small number of studies among those reviewed in 
this paper have more than one study area for MODIS
LST downscaling (Peng et al., 2019; Wu et al., 2019;
Liu et al., 2019; Wang et al., 2020a; Yin et al., 2020).
Moreover, most LST downscaling studies used high
resolution LST data as reference and did not use in situ
LST measurements. Of course, there exists the scale
discrepancy between satellite observations and in situ
measurements. Nonetheless, given that in situ data are
the most accurate LST measurements and satellite-
derived LST has uncertainty, it is crucial to incorporate
in situ measurements to evaluate LST downscaling
models.

4. Future research directions

Based on the comprehensive review of the MODIS
LST downscaling studies published during the past 
10 years, the future research directions of thermal
downscaling can be drawn as follows.

Using various data types to produce DLST with
very high spatial resolution: In the field of urban
planning and management, very high resolution (< 10
m) LST or DLST becomes more important in order to
examine the dynamics of thermal phenomena such as
urban heat island effect over heterogeneous urban
areas. The detailed LST or DLST can identify fine scale
urban features such as buildings and green spaces
(Hulley et al., 2019). For example, since Sentinel 2
reflectance (10 m resolution red, green, blue and NIR
bands) has higher spatiotemporal resolution than
Landsat (30 m resolution red, green, blue and NIR
bands), it can be used as kernels to generate high
resolution DLST (e.g., at 10 m). Recently, in order to

reduce the cost and time for satellite development, the
constellation of small and micro satellites with very
high resolution and quick revisit (e.g., PlanetScope 
and SkySat) have been launched. In the future, data
from the satellite constellation can be used for LST
downscaling to improve the spatiotemporal resolution
of DLST. Another way to produce very high resolution
LST (or DLST) is to fuse satellite observations with
numerical models at fine resolution (e.g., 1-10 m). For
example, the computational fluid dynamics (CFD)
model, one of the numerical models for simulating local
atmospheric dynamics, can produce high resolution
atmospheric parameters such as wind, air temperature,
and net radiation using detailed topography and building
information (Kim et al., 2017). Such a model can be
combined with satellite data for LST downscaling,
which can be used to monitor complicated thermal
characteristics in urban areas at street level. 

Reducing the uncertainty of LST products: There
are many factors that influence the quality of DLST,
including the quality of LST and input variables, and
cloud contamination. Generally, when coarse resolution
LST has high quality on the spatiotemporal domains,
there is high chance for DLST to have high quality as
well. Thus, efforts to minimize LST retrieval errors and
to standardize the LST retrieval processes can improve
the quality of DLST in the future. For example, TES-
based MODIS LST (i.e., MYD21 products) has recently
been provided. As the TES-based LST is known to
have low LST retrieval error over hot and humid regions
due to its improved water vapor scaling atmospheric
correction (Hulley et al., 2016b), LST downscaling of
MYD21 with ASTER LST that uses the same retrieval
algorithm can improve the performance. The use of
high spatial resolution LST data with high temporal
resolution can mitigate the cloud contamination problem
for LST downscaling. For example, the recently
launched Ecostress has the spatial resolution of 70 m
and the temporal resolution of 3-5 days, which are
much better for LST downscaling when compared to
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Landsat and ASTER LST data as input (Hulley et al.,
2019).

Using state-of-the-art models such as deep learning:
While many studies have used various statistical
models for MODIS LST downscaling, a few have
utilized deep learning approaches. While CNN has
been used in the image fusion-based method for 
LST downscaling (Yin et al., 2020), performance could
be further improved if additional input data such 
as in-situ LST or other numerical model data were 
used together. Recently, several studies showed that
advanced deep-learning model—generative adversarial
network (GAN)—improved the image pan-sharpening
performance than CNN (Liu et al., 2018; Zhang et al.,
2020). Therefore, GAN using adversarial supervision
between generator and discriminator, or other types of
up-to-date deep learning approaches can be used for
LST downscaling to produce more reliable DLST in
the future.

Increasing model generalization: One of the major
problems of the existing LST downscaling studies 
is their locality. Considering that high resolution LST
is often necessary at regional or global scale, it is 
crucial to use the downscaling methods that can be
generalized. Thus, future LST downscaling research
should focus on the generalization of the methods under
investigation over various study sites with different land
cover characteristics. Comprehensive evaluation using
in situ measurements or cross-site validation should
follow to ensure the model generalization. 

Using geostationary satellite-derived LSTs: While
most MODIS LST downscaling studies have used
polar-orbiting satellite data such as Landsat and ASTER.
With the increasing interest in the diurnal cycle of LST
over urban areas (Yamamoto and Ishikawa, 2018),
geostationary satellite-derived LST with relatively
coarse resolution can be used for LST downscaling
along with high resolution satellite data. Geostationary
satellite LST can be used as LST image pairs along with
MODIS and Landsat incorporated in a fusion-based

method. In particular, a method of spatio-temporal
reconstruction of a geostationary satellite-based LST
has been proposed in various ways, from using a
diurnal cycle curve (Liu et al., 2017) to a method using
CNN (Wu et al., 2019). When geostationary satellite
data are used in LST downscaling, the temporal
resolution of the DLST can be significantly improved.
It is also expected that a relatively seamless output can
be produced through temporal interpolation (i.e., using
the diurnal cycle of LST) over cloud contaminated
areas.

5. Conclusion

The present paper reviewed the MODIS LST
downscaling studies published for the past 10 years.
The three types of approaches—kernel-driven, fusion-
based, and the combination of the first two—were 
used to downscale MODIS LST (1 km) to higher spatial
scales (e.g., 30 m, 90 m). However, although many
studies have been conducted on thermal downscaling,
several limitations mentioned in the previous section
still remain in terms of input data, methods, and
validation. Five future research directions of thermal
downscaling discussed in section 4 will guide scientists
to effectively mitigate the challenges to increase the
contribution of DLST to various research fields. 
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