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ARTICLE INFO ABSTRACT

Keywords: Land surface temperature (LST) is an indispensable factor for comprehending of surface equilibrium state on the

Land surface temperature Earth. In particular, satellites can continuously provide LST data and support the large-scale monitoring of LST

1(-‘352112 with a high temporal resolution; however, satellite data may be easily contaminated by clouds. Previous satellite-
-sky

based all-sky LST reconstruction approaches have inherent limitations, such as low temporal resolution and
insufficient consideration of cloud effects. Therefore, this study aims to propose a novel methodology for all-sky
2-km hourly LST reconstruction from GEO-KOMPSAT-2A (GK2A) using machine learning and timely weighted
accumulated radiation to reflect the temporal variation of cloud effects. The light gradient boosting machine
approach used the European Center for Medium-Range Weather Forecasts Reanalysis-Land variables (i.e., LST, 2
m air temperature, evaporation, and wind), GK2A products (i.e., short and longwave radiation, and binary cloud
cover), and auxiliary variables including geographic variables as independent variables. The GK2A LST and in
situ measurements were used as dependent variables. The proposed model showed robust spatial agreement with
GK2A LST under clear-sky conditions when conducting five-fold spatial cross-validation, with coefficient of
determination (RZ) values of 0.97-0.99. In the leave one station-out cross-validation using 36 in situ data under
all-sky conditions, the proposed model showed high performance with R? values of 0.86-0.97, root mean square
error values of 1.42-2.60 °C, and bias values of —0.49-0.23 °C. In a comparison of the proposed model with two
scenarios and previous research investigating the effect of accumulated radiation, we demonstrated that the use
of accumulated radiation was effective in reconstructing cloudy-sky LST, particularly during the daytime, as
evident from the variable analysis conducted through Shapley additive explanations. Using the proposed model,
we successfully reconstructed a spatiotemporally seamless LST, which can serve as a fundamental dataset for
hourly heat-related research, such as hourly heat flow estimation and urban heat island analysis.

Temporal variation of cloud-radiation effects
Machine learning

1. Introduction

Land surface temperature (LST) plays a vital role in controlling the
exchange of heat between the Earth’s surface and atmosphere by gov-
erning the vertical flux of terrestrial radiation (Chen et al., 2023; Peng
et al., 2020). LST is a fundamental variable used in various climate and
environmental studies in fields such as agriculture, meteorology,
climatology, and ecology (Shen et al., 2016; Zeng et al., 2018). More-
over, spatial analysis with fine temporal resolution utilizing the diurnal
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temperature cycle is highly sought after within the domains of ther-
modynamics and environmental research (Kumar et al., 2006; Zhou
et al., 2022). The findings of these analyses have direct implications for
human environmental assessments, including energy policies, studies on
human mortality, and disease analyses (Cao et al., 2022; Guo et al.,
2022; Wang et al., 2022). Therefore, it is crucial to monitor LST across
high spatiotemporal domains.

LST can be measured at ground stations as point data with high
temporal intervals; however, it is difficult to monitor large areas due to
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Fig. 1. (a) Geographic overview of the Korean Peninsula in East Asia by elevation derived from the Shuttle Radar Topography Mission global 30 m digital elevation
model (DEM). The black box highlights the area that is shown in detail in panel (b). (b) Locations of automated synoptic observing system (ASOS) station (indicated
in gray dot). The background map represents various land cover types such as forest, grass, cropland, urban, barren, and water, derived from Moderate Resolution

Imaging Spectroradiometer (MODIS) land cover data (MCD12Q1).

an insufficient number of stations (Cho et al., 2022). With advances in
satellite technology, thermal infrared (TIR) sensors have made it
possible to monitor areas where ground stations are scarce or sparsely
distributed. TIR-based LST observations are conducted using both polar-
orbiting and geostationary satellites; notably, the use of geostationary
satellites with higher temporal resolution (e.g., hourly) has recently
increased, enabling more consistent, continuous monitoring over
extensive regions (Jia et al., 2024). TIR-based LST, on the other hand,
cannot be used when there are clouds because clouds block thermal
information from the land surface to passive optical sensors (Li et al.,
2023; Zeng et al., 2018).

A wide range of LST reconstruction approaches have been proposed
to produce spatially seamless LST, broadly categorized into spatiotem-
poral interpolation, surface energy balance (SEB), and data
fusion—combining TIR with passive microwave (PMW) or integrating
TIR with numerical models (Mo et al., 2021). The first approach,
spatiotemporal interpolation, estimates cloudy-sky LST using neigh-
boring clear-sky pixels. However, this method reconstructs a hypothet-
ical clear-sky LST without considering cloud effects, which can result in
significant deviations during cloudy conditions due to the cooling or
warming influence of clouds on LST (Zeng et al., 2018). The second
approach, based on the SEB equation, estimates cloudy-sky LST by
calculating differences in SEB between clear-sky and cloudy-sky pixels
to account for cloud impacts. However, it requires difficult-to-obtain
physical parameters, such as air temperature and wind speed, and
struggles with nighttime data due to low shortwave radiation inputs,
making its application challenging under certain conditions (Li et al.,
2023). The third approach combines TIR and PMW products to estimate
LST in cloudy-sky conditions, as PMW sensors can partially penetrate
clouds. This integration can make LST more accurate under cloudy
conditions, but PMW satellites’ lower temporal resolution (e.g., more
than daily) makes them less compatible with high-frequency geosta-
tionary satellite data. In addition, PMW sensors typically measure sub-
surface rather than skin temperatures, resulting in additional
uncertainty (Huang et al., 2019; Song et al., 2024). Finally, the fourth
approach incorporates TIR-LST with numerical or reanalysis models.
Reanalysis datasets, such as the European Centre for Medium-Range

Weather Forecasts Reanalysis v5 Land (ERA5), provide high temporal
resolution but have a coarser spatial resolution and use smoothing
techniques to minimize grid noise (Ding et al., 2022). Nevertheless,
these datasets hold significant potential for reconstructing the all-sky
LST of geostationary satellites due to their frequent data availability,
and recent studies have increasingly focused on this integration to
achieve spatially seamless LST with high temporal resolution, address-
ing the limitations of standalone satellite data (Ding et al., 2022; Ding
et al., 2023; Xu et al., 2023).

Machine learning techniques, particularly tree-based models (e.g.,
random forest (RF) and light gradient boosting machine (LGBM))
actively employed to perform LST reconstruction (Cho et al., 2022; Yoo
et al, 2020). Machine learning outperforms traditional regression
models in terms of capturing complex and nonlinear relationships
(Wang et al., 2024). Moreover, recent machine learning-based LST
reconstruction studies have emphasized the importance of considering
cloud effects (Ermida et al., 2019). Yoo et al. (2020) and Cho et al.
(2022) addressed instantaneous cloud effects using cloudy-sky in situ
observations or binary cloud flags. However, when using these methods,
it is difficult to adequately account for the temporal variability of cloud
effects on LST. He et al. (2019) revealed that LST is not solely a result of
instantaneous solar radiation but rather a cumulative outcome of solar
radiation over time. Zhao and Duan (2020) studied the effects of clouds
from sunrise to the target time by using accumulative radiation to
reconstruct the all-sky Moderate Resolution Imaging Spectroradiometer
(MODIS) LST. However, they only conducted research during the day-
time. To our knowledge, no studies have explored the temporal varia-
tions in cloud radiation effects on daytime and nighttime hourly LST
using machine learning approaches.

Therefore, this study aimed to reconstruct a reliable all-sky hourly
Geo-Kompsat-2A (GK2A) LST based on machine learning by considering
the temporal variation of cloud effects. We adopted accumulated
downward shortwave and longwave radiation, along with the GK2A and
ERAS meteorological variables and auxiliary variables as inputs for the
LGBM model. The proposed model used clear-sky GK2A LST and all-sky
in situ measurements as targets. The main objectives of this study were
to (1) develop a machine learning-based all-sky 2-km hourly GK2A LST
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Geoinformation of automated synoptic observing system stations used in this study, including station number, ID, longitude, latitude, Moderate Resolution Imaging
Spectroradiometer (MODIS) 500 m land cover (MCD12Q1), resampled 2 km land cover, the calculated homogeneity (%), and elevation from Shuttle Radar Topography
Mission global 30 m digital elevation model. Homogeneity is defined as the proportion of the most frequent land cover type among the 16 MODIS 500 m pixels within

each 2 km grid.

Station number Station ID Longitude (°) Latitude (°) MODIS land cover (500 m) Resampled land cover (2 km) Homogeneity (%) Elevation (m)
1 93 127.30 38.15 Urban Urban 68.75 157.68
2 95 128.17 38.06 Cropland Cropland 56.25 331.35
3 108 127.75 37.95 Urban Urban 100 114.58
4 114 126.45 37.71 Urban Urban 93.75 93.72
5 119 127.88 37.68 Urban Urban 100 196.13
6 121 126.97 37.57 Grass Grass 43.75 86.32
7 127 127.49 37.49 Cropland Cropland 43.75 30.95
8 129 127.95 37.34 Cropland Cropland 100 149.55
9 131 127.48 37.26 Urban Urban 100 79.27
10 133 126.98 37.26 Urban Urban 81.25 36.50
11 136 128.46 37.18 Urban Urban 87.5 240.29
12 137 128.19 37.16 Urban Urban 81.25 325.00
13 143 127.95 36.97 Urban Urban 93.75 216.37
14 152 128.91 36.87 Urban Forest 37.5 368.73
15 201 128.52 36.78 Cropland Cropland 75 237.78
16 202 126.49 36.76 Urban Urban 68.75 29.27
17 203 127.29 36.64 Urban Cropland 81.25 73.69
18 211 127.44 36.57 Forest Forest 56.25 66.32
19 212 128.71 36.49 Urban Urban 81.25 147.13
20 221 127.73 36.41 Cropland Cropland 68.75 190.50
21 226 128.16 36.37 Cropland Forest 43.75 71.78
22 232 127.37 36.36 Cropland Cropland 68.75 51.80
23 236 128.69 36.27 Cropland Cropland 56.25 107.88
24 243 126.92 35.98 Cropland Cropland 100 28.45
25 244 128.95 35.88 Cropland Cropland 56.25 99.92
26 245 128.65 35.82 Forest Cropland 50 68.17
27 247 129.20 35.73 Urban Urban 68.75 40.69
28 251 126.72 35.73 Cropland Cropland 43.75 15.20
29 271 127.91 35.67 Grass Forest 62.5 205.55
30 272 127.29 35.61 Cropland Grass 37.5 266.90
31 278 129.33 35.58 Grass Urban 50 40.61
32 281 128.17 35.57 Urban Urban 81.25 73.30
33 283 126.84 35.56 Cropland Cropland 100 63.80
34 284 128.74 35.49 Cropland Cropland 93.75 8.13
35 285 126.70 35.43 Forest Urban 50 47.48
36 288 127.40 35.42 Urban Urban 100 119.86

reconstruction model using temporally accumulated radiation infor-
mation, (2) systematically evaluate the model performance under clear
and cloudy skies, and (3) investigate the effects of accumulated radia-
tion information in reconstructing all-sky LST.

2. Study area and data
2.1. Study area

The study area was the Korean Peninsula (33°-38°N, 125°-131°E),
which has four distinct seasons and dynamic atmospheric conditions
(Fig. 1). In summer, the region is heavily influenced by the East Asian
monsoon, resulting in high humidity, frequent rainfall, and high cloud
cover. In contrast, during the winter, it is strongly affected by the Si-
berian high-pressure system, which causes northwesterly winds and
heavy snowfall. The western part of the Korean Peninsula primarily
consists of gentle flatlands, whereas the eastern part is mountainous. In
addition, the land cover classes vary, including forest (62.09 %), crop-
lands (20.44 %), grass (7.94 %), wetlands (4.93 %), urban (2.99 %),
water (0.28 %), barren (0.15 %), and other regions (1.18 %) (Fig. 1b).

The research period was from March 1 to November 30 in both 2020
and 2021, except for winter. We excluded the winter season from the
study because the LST measurement sensors at ground stations are
frequently hindered by heavy snow.

2.2. GK2A satellite data

The GK2A, launched on December 4, 2018, is a geostationary

meteorological satellite operated by the National Meteorological Satel-
lite Center to observe atmospheric and surface conditions for weather
monitoring and forecasting. The GK2A is equipped with an Advanced
Meteorological Imager and features 16 channels for measuring various
atmospheric properties. The satellite provides products with spatial
resolutions ranging from 0.5 to 2 km at 2 min intervals over the Korean
peninsula and full-disk coverage at 10 min intervals. GK2A retrieves 10-
min interval LST with a 2 km resolution above the study area through
the split-window algorithm using channels 13 (10.3539 pm) and 15
(12.3651 pm) (Choi and Suh, 2020). For the seamless temporal incor-
poration of all datasets, we utilized only hourly data within the 10-min
GK2A LST dataset. Compared to the in situ measurements from the
Baseline Surface Radiation Network (BSRN), the root mean square error
(RMSE) of the GK2A LST was less than 2 K (Choi and Suh, 2020). We
utilized LST, binary cloud cover, downward shortwave (SRD), and
longwave radiation (LRD) products from the hourly GK2A dataset in this
study.

2.3. ERAS reanalysis data

The ERAS reanalysis data provided global meteorological variables,
featuring a 10 km spatial resolution with 1-hour interval, combining the
results of a data assimilation model using various satellite data, models,
and in situ data. The ERA5 skin temperature (LST) product was utilized
as a key independent variable for reconstruction because it delivers a
gap-free LST regardless of cloud cover. In addition, the 2 m atmospheric
temperature (T2m), evaporation (EVP), 10 m zonal (U10) and meridi-
onal (V10) wind were used because they are highly associated with LST
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Fig. 2. Flowchart of the proposed reconstruction model for all-sky hourly 2-km hourly Geo-Kompsat-2A (GK2A) land surface temperature (LST).

(Guo et al., 2020). To align with the intrinsic 2 km spatial grid of the
GK2A LST, we applied cubic interpolation to resample the ERAS5 data
accordingly.

2.4. Auxiliary variables

The normalized difference vegetation index (NDVI), elevation, slope,
aspect, annual mean wind speed (AWIND), latitude, solar zenith angle
(SZA), and day of year (DOY) were used to reflect a geographical in-
formation and temporal periodicity of LST (Bird et al., 2022; Liu et al.,
2021). Derived from 1 km MODIS Terra 16-day vegetation index
(MOD13A2; https://modis.gsfc.nasa.gov/), NDVI represents the green-
ness of the surface and effectively helps estimate the spatial difference of
LST (Shafizadeh-Moghadam et al., 2020). As missing NDVI values in the
16-d composite images could exist in the summer season due to the high
cloud cover rate, the NDVI data were converted to monthly NDVI values
and used in this study. The 500 m MODIS land cover (MCD12Q1)
dataset, derived from Terra and Aqua satellite observations, was utilized
as the reference for land cover classification. The original land cover
types were aggregated into four simplified categories: forest, grass,
cropland, and urban. Then, the majority land cover type withina 4 x 4
pixel window was assigned as the representative land cover for the 2 km
grid.

In addition, Elevation was obtained from the Shuttle Radar Topog-
raphy Mission global 30 m digital elevation model (DEM) (https://eart
hexplorer.usgs.gov/). Slope and aspect were computed from “slope”
and “aspect” tools of the Spatial Analyst Toolbox in ArcGIS, respectively.
The AWIND provided by the Global Wind Atlas was used to reflect the
fluctuating climate value of Earth’s surface heat (https://globalwin
datlas.en). The latitude, associated with solar radiation, was calcu-
lated according to the GK2A grid. However, longitude was not consid-
ered as an input to avoid being an all-sky LST reconstruction model that
relies heavily on coordinate information (Sadeghi et al., 2020). Finally,
ZA and DOY were used to reflect the temporal fluctuations. The DOY was
scaled within —1 to 1 by applying a cosine transformation.

2.5. In situ LST data

In situ LST observed by BSRN is suitable for matching with satellite-

based LST, but they were unavailable in the Korean Peninsula. Instead,
we used in situ data observed at automated synoptic observing system
(ASOS) stations, which directly measure the LST using a platinum-
resistant temperature sensor (PT-100) shielded by a thin layer of soil
to avoid the influence of direct sunlight, with a measurement range of
—40°Cto 100 °C, a resolution of 0.1 °C, and a measurement error within
+0.3 °C. Following the Standards for Surface Meteorological Observa-
tions set by the Korea Meteorological Administration (KMA), ASOS
stations are located on flat, open terrain to minimize interference from
surrounding structures and maintain stable airflow, providing reliable
temperature measurements unaffected by surrounding terrain and can-
opy (Fig. S1). The KMA operates 103 ASOS stations in South Korea. To
reduce the inconsistency between satellite-based LST and in situ mea-
surements, we filtered ASOS stations that had no location changes
during the research period and were highly consistent with GK2A after
implementing the bias correction mentioned in Section 3.1. Ultimately,
36 ASOS stations were selected for this study (Table 1).

3. Methodology

Fig. 2 summarizes the proposed all-sky GK2A LST reconstruction
process. GK2A data (LST, clouds, SRD, and LRD), ERA5 data (LST, T2m,
EVP, U10, and V10), and eight auxiliary variables (NDVI, elevation,
slope, aspect, AWIND, latitude, ZA, and DOY) were used as independent
data. We also used annual cycle parameters (ACPs), such as mean annual
surface temperature (MAST), the yearly amplitude surface temperature
(YAST), and the phase shift of LST in relation to the spring equinox
(theta)) and temporally accumulated SRD and LRD (CUMSRD and
CUMLRD) to account for the cyclic nature of LST and temporal vari-
ability of cloud effects, respectively. To consider the different relation-
ships between input variables and LST under clear and cloudy-sky
conditions, we used not only clear-sky GK2A LST but also all-sky in situ
LST as dependent variables (Cho et al., 2022). The proposed all-sky
GK2A LST reconstruction was performed on an hourly basis.

Notably, throughout the night, the CUMSRD takes information about
the total amount of SRD over the preceding day, whereas the SRD be-
comes zero. This study reconstructed hourly all-sky LST data for three
seasons (spring, summer, and autumn). Because SRD can be effective in
reflecting changes in sunrise and sunset times depending on the season,
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this study used SRD as an input variable, even during the nighttime.

3.1. Data processing

High-quality GK2A LST data were filtered using a quality flag
(normal flag). GK2A data were unobserved from August 22 to December
20 at 06 UTC due to satellite wheel offloading. To ensure data conti-
nuity, LST at 06 UTC was interpolated by averaging the data from 05:50
and 06:10 UTC. To mitigate the discrepancy in spatial scale between
GK2A and in situ LSTs, a second-order polynomial equation was applied
(Christensen et al., 2008). After bias correction, we selected 36 ASOS
stations satisfying the thresholds R% > 0.9 and RMSE < 2.5 °C with GK2A
LST for every hour.

3.2. Calculation of annual cycle parameters

To consider the annual periodicity of LST, we adopted annual cycle
parameters (ACP) as model inputs: MAST, YAST, and THETA. MAST is
derived as the mean of all LST values along the fitted curve, representing
the annual average temperature for the region. YAST is defined as the
difference between the maximum value of the curve and the MAST,
indicating the amplitude of annual temperature variability. THETA
represents the phase shift of the curve relative to the spring equinox,
indicating the timing of peak temperature within the annual cycle. ACP
can be derived through curve fitting, enabling its calculation even in
missing data. However, due to its sensitivity to interannual variability,
ACP should be recalculated annually to represent temporal dynamics
accurately. Previous studies have established ACP as an influential in-
dependent variable capable of accurately estimating LST and repre-
senting the climatological characteristics and revealed that it provides
insights into the local-scale annual variability of LST (Bechtel, 2012; Liu
et al., 2019). ACP variables were retrieved using Eq. (1), based on the
hourly GK2A clear-sky LST from January to December each year on each
grid.

T(d) = MAST + YAST x sin (% —+ theta) (€8]
where d indicates the daily period relative to the spring equinox.

3.3. Accumulation of downward short- and longwave radiation

To reflect the temporal variability of cloud effects, we used instan-
taneous SRD and LRD as well as CUMSRD and CUMLRD in Eq. (2).

targettime targettime
(Distance) (Distance) 1
Radom =Y 5y [Rad; @ Wi, W; =y 7" = ®))

where i represents the data obtained from i discrete time intervals prior
to the current time and Rad; indicates the instantaneous radiation value.
W; is composed of the inverse multiplier of e, which indicates the weight
of heat attenuation over time. Through accumulation, CUMSRD and
CUMLRD were calculated to effectively reflect the total shortwave and
longwave radiation radiating to the surface during the daytime, and the
amount re-radiated by clouds at night, respectively.

3.4. LGBM

LGBM is an ensemble machine learning method based on Gradient
Boosting Decision Trees (GBDT), which offers the advantage of
improved training speeds for massive datasets without compromising
accuracy (Ke et al., 2017). Unlike other GBDT models, such as XGBoost,
the LGBM utilizes a leaf-wise expansion strategy to guarantee well-
balanced trees and enhance computational efficiency. The LGBM em-
ploys a gradient-focused sampling algorithm that keeps high-gradient
samples and randomly selects those with low gradients to prioritize

International Journal of Applied Earth Observation and Geoinformation 138 (2025) 104468

Table 2
Range of each hyperparameter of light gradient boosting machine for Bayesian
optimization.

Hyperparameter  max depth min data in leaf learning
rate
Range [4, 20] [30, 5001] [0.01, 0.1]
Hyperparameter =~ Number of colsample by tree  num leaves
estimators
Range [500, 2000] [0.51] [16, 500]

undertrained samples for enhanced training efficiency. In addition, the
LGBM not only handles complex nonlinear relationships among multiple
variables but maintains robustness against spatial autocorrelation, het-
eroscedasticity, and multicollinearity issues among variables (Amin
etal., 2022; Brandt et al., 2024). Therefore, the LGBM improves training
efficiency with low memory by reducing model. The “lightgbm” package
in Python was used for implementation in this study.

There are many hyperparameters (e.g., max depth, min data in leaf,
learning rate, n estimators, colsample by tree, and num leaves) in the LGBM.
Considerable computation time is required to determine the optimal
combination of these hyperparameters using the grid search method. To
reduce the computation time, we optimized them using the Bayesian
optimization algorithm, which determines the optimal solution to the
objective function by building a probabilistic (surrogate) model and
then performing a Gaussian process (Shahriari et al., 2016; Shangguan
et al., 2023). The main principle of Bayesian optimization method
contains two parts: a surrogate model that performs probabilistic esti-
mation and an acquisition function that recommends the best candidate
set of hyperparameters for the optimal solution based on prior knowl-
edge (Brochu et al., 2010). Table 2 lists the range of each hyper-
parameter considered for the Bayesian optimization in this study.

3.5. Model assessment and analysis

This study employed approximately 7-12 million samples for each
hourly model and employed three distinct cross-validation methods to
evaluate the robustness and generalization capability of the proposed
model. First, we conducted five-fold spatial cross-validation (SPCV)
using clear-sky GK2A LSTs to assess the spatial generalization of the
model. In the SPCV process, the training and test sets were separated by
a 7:3 ratio based on a random selection criterion that involved the
extraction of 30 % of the total pixels from the study area. Second,
southern-to-northern cross-validation (SNCV) was conducted using
models trained exclusively using data from either South Korea or North
Korea. The SNCV results allow the assessment of the performance of the
proposed model in each area, enabling the evaluation of the model’s
applicability in regions where it has not been trained. Third, the leave-
one-station-out cross-validation (LOSOCV) with 36 ASOSs was per-
formed to evaluate the performance of estimated all-sky LST conditions.
The LGBM was trained by dividing the training set into calibration and
validation sets at an 8:2 ratio, ensuring that no test data were included to
prevent overfitting.

Because satellite-based LST accuracy differs for land use/land cover
(Yu et al., 2022), each land cover type in situ (e.g., forest, grass, crop-
land, and urban) was classified and compared for detailed validation.
Quantitative validation was performed using the following statistical
metrics: R%, RMSE, and bias. The Gap-free ERA5 LST and products from
previous research were used as comparative models (Jia et al., 2022b).
Jia et al. (2023) conducted an hourly 5-km LST reconstruction using a
statistical model incorporating instantaneous radiation and reanalysis
data (https://doi.org/10.5281/zenodo.7487284). In addition, two
different scenarios were compared to quantitatively examine the impact
of radiation variables on the reconstruction of cloudy-sky LST. In Sce-
nario 1, both the instantaneous and accumulated radiation components
were excluded from the proposed model architecture. In Scenario 2, only
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Fig. 3. Hourly performance of European Center for Medium-Range Weather Forecasts Reanalysis-Land (ERA5) and five-fold spatial cross-validation (SPCV) and
Southern-to-Northern cross-validation from the proposed model compared to clear-sky GK2A LST.

accumulated radiation components within the proposed model archi-
tecture were excluded. In these scenarios, all variables except radiation
information were employed.

Shapley additive explanation (SHAP) was adopted to analyze the
contributions of the input variables and their interactions with the
model’s predictions. Based on game theory, the SHAP method quantifies
the marginal effect of each feature by assessing its presence in all
possible combinations (Lundberg and Lee, 2017). It produces detailed
information on the magnitude of each feature’s contribution and its
effect on the model’s final predictions. For the SHAP analysis in this
study, we employed the “fasttreeshap” package in Python.

4. Results and discussion
4.1. Spatiotemporal evaluation using GK2A LST

Fig. 3 shows the performance of ERA5 and the SPCV and SNCV from
the proposed model against the clear-sky GK2A LST. The ERA5 had a R2
of 0.78-0.95, a RMSE of 1.99-3.77 °C, and a bias of —2.99-2.03 °C. On
the other hand, The SPCV result shows a R? of 0.95-0.99, a RMSE of
0.73-1.84 °C, and an insignificant bias. The SNCV results had a R? of
0.85-0.95, a RMSE of 1.93-3.21 °C, and —0.75-—0.21. The two cross-
validation results derived from the proposed model demonstrated high
consistency with GK2A for all hours. Despite its slightly lower accuracy
compared with the SPCV with more extensive training data, the SNCV
maintained a high level of reliability.

All comparison results showed a diurnal cycle, with a tendency to
consistently decrease during the daytime and increase at night. This was
because the heat distribution and atmospheric turbulence above the
ground during the daytime were more significant than those at night
(Yang et al., 2017). ERAS consistently displayed slight discrepancies
compared to GK2A LST across all time, with these differences being

more pronounced during daytime (e.g., R? of 0.93 (0.78) and RMSE of
2.18 °C (3.77°C) at 18 KST (14 KST). These tendencies can result from
coarse spatial resolution of ERA5 (10 km) and uncertainty in the initial
parameters including elevation, soil moisture, and skin conductivity
(Trigo et al., 2021). Conversely, the proposed model exhibited insig-
nificant differences with GK2A (e.g., R? values of 0.97-0.99 and RMSEs
of 0.9 °C-1.55 °C with negligible biases).

ERAS5 exhibited higher LST differences with GK2A spatially than the
proposed model at four times in 6-h intervals (i.e., 00, 06, 12, and 18
KST) (Fig. 4). In particular, ERA5 showed a very different LST from
GK2A in the coastal and high-altitude regions. This is possibly because
the parameterization of land—ocean interactions is not perfect and the
spatial information of the ERA5 LST has been smoothed, causing large
systematic errors (Liu et al., 2015). By contrast, the proposed model
exhibited significantly fewer spatial differences with GK2A than with
ERAS across all hours. These results indicate that the proposed model
was spatiotemporally analogous to GK2A under clear-sky conditions.

4.2. Model evaluation using all-sky in situ LST

The proposed model showed higher consistency with in situ LST than
with ERAS and the results of Jia et al. (2022b), especially during day-
time under clear-sky conditions (Fig. 5). Interestingly, GK2A LST
exhibited slightly higher RMSE values at night than the other products,
but the proposed model still showed high consistency, even though
GK2A LST was used as a model target. This could be because the pro-
posed model not only considered various physical variables (e.g.,
radiation-related, meteorological, and geographical variables) but also
utilized bias-corrected in situ LST reflecting realistic cloudy-sky LST as
one of the target variables. When comparing the proposed model that
used in situ LST as the target variable with the model that did not, the
proposed model showed a significantly higher accuracy (Fig. 54).
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magnitude of the differences.

All LST products generally exhibited minimal differences compared
to in situ LST during nighttime; however, ERA5 LST occasionally dis-
played minor discrepancies. In the daytime, the proposed model
significantly outperformed the other three LST products, with an RMSE
difference of less than 1 °C at 14 KST. Spatial scale mismatches between
point-based in situ measurements and grid-based satellite products,
combined with heterogeneous surface characteristics, are likely to
contribute to larger errors during the daytime due to increased land
surface temperature variability (Gottsche et al., 2013; Reiners et al.,
2021; Reiners et al., 2023). Despite the slight performance decrease in
the proposed model, it still outperformed other global-scale datasets
such as ERA5 and Jia et al. (2022b) results. Furthermore, our proposed
model consistently produced stable results across various periods and
conditions within regional-scale contexts. Notably, during the daytime
under cloudy conditions, the model demonstrated relatively better
performance compared to clear-sky conditions. The reduction in solar
radiation, which mitigates LST variability and aligns the dynamic range
of LST between untrained ASOS stations and others, is responsible for
this improvement. (Cho et al., 2022).

The type of land cover significantly influences LST in relation to
incoming and outgoing surface energy balances (Zhao and Duan, 2020).
Therefore, we analyzed the performance of clear- and cloudy-sky LST
against the 36 ASOSs using MODIS land cover classes: forest (n = 4),

grass (n = 2), cropland (n = 14), and urban (n = 16) (Fig. 6). The
proposed model consistently demonstrated lower RMSE values than the
other LST products, regardless of time and land cover. In comparison to
GK2A, the proposed model demonstrated comparable performance
during daytime under clear-sky conditions but exhibited superior results
during nighttime, as detailed in Section 4.1. Additionally, under cloudy-
sky conditions during the daytime, the proposed model achieved
notably higher alignment with the in situ LST. The significant diurnal
variability in RMSE across vegetation types (forest, grass, and cropland)
can likely be attributed to the uneven spatial patterns of vegetation and
their seasonal dynamics, which are associated with the surface cooling
effect (e.g., shading and evaporative cooling) (Mal et al., 2022).

A time-series pattern of the reconstructed all-sky LST was analyzed to
determine how well it matched the in situ measurements (forest [station
number 21], grass [station number 30], cropland [station number 15
and 22], and urban [station number 12 and 16]) under all-sky conditions
(Fig. 7). Despite the stations being situated across various land cover
types, the proposed model showed a high level of concordance with the
in situ LST during the clear and cloudy conditions, in contrast to the
underestimation tendency of ERAS. The discrepancy between ERAS5 and
in situ observations may result from the inherently smoothed LST
pattern within the reanalysis model and insufficient consideration of
land cover characteristics, particularly vegetation (Johannsen et al.,
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2019).

4.3. Effects of accumulated radiation on all-sky LST reconstruction

To explore the impact of accumulated radiation, the LOSOCV results
for two scenarios (Scenarios 1 and 2) and the proposed model were
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compared (Fig. 8). These three models showed similar performances bias during the daytime and a cold bias at night. Scenario 2 showed a
under clear-sky conditions but exhibited significantly different perfor- better cloudy-sky LST reconstruction performance than Scenario 1
mances under cloudy-sky conditions. Scenario 1 had the lowest R? and during the day. Notably, the proposed model demonstrated remarkable
highest RMSE among the three models for all hours, with a slight warm improvements in R and RMSE compared with the other models,
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especially during the daytime. Consequently, these results demonstrate
that the use of accumulated radiation helps effectively consider cloud
effects when reconstructing cloudy-sky LST.

SHAP analysis was conducted on both the daytime and nighttime
models to examine the contributions and interactions of the input var-
iables. Fig. 9 presents summary plots illustrating the variable contribu-
tions in the daytime (14 KST-16 KST) and nighttime (02 KST-04 KST),
with the 10 most contributing input variables in the proposed model.
During the day, ERA5 LST, T2m, and MAST were the primary contrib-
utors to the proposed model. In addition, geographic (e.g., elevation and
latitude) and periodic (e.g., ACP and DOY) variables demonstrated
relatively high variable importance. These variables have a strong cor-
relation with the spatial and temporal distributions of LST (Liu et al.,
2021).

Notably, the accumulated radiation variables (CUMSRD and
CUMLRD) consistently exhibited a higher contribution to the model
than the instantaneous radiation variables (SRD and LRD) during both
daytime and nighttime. Note that LRD represents the total amount of
longwave radiation from clouds and atmospheric gases reaching the
Earth’s surface, indicating cloud cover (Ahn et al., 2018). Therefore,
during the daytime, lower LRD values indicate a lower presence of
clouds and are associated with an increasing trend in LST. In contrast,
higher CUMLRD values, suggesting the influence of long-duration cloud
cover, were associated with increasing LST trends. This contrasting

11

relationship between the two variables was more prominent at night
than during the day, which is potentially related to the warm bias re-
ported in previous studies (Jia et al., 2022a).

Using dependency plots, we further analyzed the interaction be-
tween instantaneous and cumulative radiation variables during both day
and nighttime (Fig. 10). During the daytime, despite the significantly
high SRD values ranging from 700 to 1500 W/m?, a section exists where
the CUMSRD values are not high (blue dashed box in Fig. 10). This
section is likely to occur immediately after the dissipation of clouds,
highlighting the benefit of instantaneous and accumulated radiation
products in estimating LST rather than relying solely on instantaneous
radiation, as in Scenario 2. However, at night, LRD and CUMLRD
showed a clear linear relationship, without patterns such as the dashed
blue section during the day. This may be because LRD already reflects
the influence of CUMLRD at night, when longwave radiation is a
dominant factor in LST. Additionally, this resulted in a performance
similar to that of the proposed model and Scenario 2 at night.

4.4. Spatial distribution of reconstructed all-sky LST

ERAS and the proposed model revealed a clear diurnal cycle pattern
with an increasing trend in LST during the daytime owing to solar ra-
diation and a decreasing trend after sunset (Fig. 11). In addition, they
exhibited comparable spatial patterns over the Korean Peninsula,



D. Bae et al. International Journal of Applied Earth Observation and Geoinformation 138 (2025) 104468

(@) OOKST 03KST 06 KST 09 KST 12 KST 15KST 18 KST 21 KST

."

y ¢ 4 £ ;. ] 4

GK2A
LST

ERA5
LS

Proposed
model

Jia et al.
(2022b)

) Lat,

-4 -4 -4 -4

(b) 00KST 03KST 06KST 0 KST 12KST 15KST 18 KST 21 KST

4

Fig. 12. (a) Spatial distribution of LST from GK2A, ERAS5, the proposed model, and Jia et al. (2022b) on July 23rd, 2021, at a three-hour interval from 00 KST to 21
KST. The color bar represents LST, ranging from 10-40 °C. The white areas in the GK2A LST indicate missing values due to cloud cover within the study area. (b)
Enlarged views of the LST distributions within the region highlighted by the black box for each product in (a).

12



D. Bae et al.

Table 3
Distribution ratios of MODIS land cover classes for North Korea and South Korea.

International Journal of Applied Earth Observation and Geoinformation 138 (2025) 104468

Land cover type (%)

Forest Grass Wetland Cropland Urban Barren Water
North Korea 60.51 9.03 4.92 23.75 1.51 0.10 0.17
South Korea 66.66 6.76 4.95 16.36 4.84 0.19 0.25

showing relatively lower LST in areas at higher altitudes than those at
lower altitudes. However, ERAS5 exhibited a relatively smooth spatial
pattern (Fig. 11a), whereas the proposed model reasonably addressed
the missing LST area without compromising spatial detail (Fig. 11b),
which was evident in the hourly averaged maps. In addition, the eastern
part of the study area (mainly forest type) at 21 KST and 00 KST had a
low LST distribution following the mountain range, which may have
resulted from the cooling effect of LST due to high vegetation and
elevation (Ferreira and Duarte, 2019).

Fig. 12 presents the spatial distribution of LST for GK2A and ERA5,
the proposed model, and the results of Jia et al. (2022b) on July 23,
2021. Although GK2A LST exhibits a more detailed spatial distribution
than ERAS LST, it is difficult to assert that GK2A adequately represents
LST within a research area where cloud cover is substantial owing to
numerous missing data points. Our proposed model effectively
addressed these missing values while maintaining a continuous spatial
distribution of LST. Under sustained cloudy conditions (in the southern
part of the research area), a slight smoothing effect was observed in the
spatial distribution of LST within ERA5 (Fig. 12 (b)) (Jia et al., 2022b).
This effect may be due to the reduced spatial heterogeneity of the LSTs,
which is attributed to their relatively coarse resolution and relatively
small dynamic range under cloudy-sky conditions (Jia et al., 2022a). The
proposed model showed improvements in the spatial pattern found in
the original GK2A data and mitigated the smoothing effect observed in
other LST products. These results denote the effectiveness of the pro-
posed model in reconstructing the hourly missing GK2A LST.

4.5. Limitations

Although the proposed model showed strong spatiotemporal con-
sistency with GK2A and hourly in situ data, it had some limitations.
First, previous studies conducted LST reconstruction throughout all
seasons; however, this study excluded winter from the analysis. When
satellite data were unavailable owing to cloud contamination, in situ
LST was used as the dependent variable in the proposed model. How-
ever, significant data contamination due to snow can result in prolonged
periods of unchanged in situ LST values. The stuck LST poses difficulties
during the validation process when utilizing data from affected stations
to model and to determine whether snow influences the data. Although
certain aspects of data contamination can be mitigated using quality
control measures, establishing a consistent reference point for all ASOS
observatories has inherent limitations. According to Zhou et al. (2017)
the performance of LST reconstruction under cloudy-sky conditions is
the lowest in summer compared to other seasons.

When valid quality assurance procedures are applied to in situ winter
data in the future, our proposed model is expected to be effective for LST
reconstruction during winter. Second, although this study focused on the
GK2A dataset covering the Korean Peninsula, it should be noted that
validation in the North Korea region is not feasible because of the un-
availability of in situ station data. However, the land-cover distribution
in North and South Korea predominantly comprises forests, agricultural
lands, and grasslands, with significant similarity in the topographical
characteristics of both regions (Table 3). The proposed model demon-
strated consistent results, even in forested and grassland areas, which
are predominant in North and South Korea. However, it is essential to
validate these results using additional in situ measurements.
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5. Conclusion

This study developed an LGBM-based hourly 2-km GK2A LST
reconstruction model over the Korean Peninsula, aiming to fill in the
missing values caused by cloud contamination by considering the effects
of temporal variation in radiation. The SPCV for the clear-sky conditions
had R? > 0.97, RMSE < 1.55 °C, and negligible bias, indicating that the
proposed model outperformed ERA5. Through LOSOCV results, the
proposed model exhibited R? values of 0.87-0.92 and 0.94-0.95, and
RMSE values of 1.82-2.49 °C and 1.44-1.52 °C during daytime (10 KST-
16 KST) and nighttime (22 KST-04 KST) under cloudy-sky conditions,
respectively, demonstrating higher consistency with in situ LST than
with ERAS. In addition, when empirically compared with the latest LST
reconstruction research and predefined Scenarios 1 and 2, the proposed
model exhibited superior performance. Furthermore, SHAP analysis
revealed that accumulated radiation, owing to its association with the
presence and duration of clouds during daytime and night-time periods,
is a highly effective variable for comprehending the temporal variability
of cloud effects. These results emphasize the successful reconstruction of
hourly LST using the proposed model, which considers cloud effects
through the utilization of accumulated radiation information, particu-
larly during the daytime. In future research, it could be possible to
enhance LST estimation accuracy by exploring modifications to the
accumulation method or by using an accumulative approach with more
precise physical variables.
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