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Downscaling the Midsummer Temperature-Humidity
Index Based on Multiple Machine Learning Methods

Danwa Wu , Zhenhai Yao , Linlin Wu , Xichang Luo , Shuai Sun , Binfang He , and Yali Zhang

Abstract—To improve the finesse of the temperature-humidity
index (THI), this study applies four machine learning methods
in THI downscaling, including multiple linear regression, random
forest (RF), support vector machine, and gradient boosting ma-
chine. The temperature data and specific humidity data of the
China Meteorological Administration Land Data Assimilation Sys-
tem (CLDAS) are used to establish a downscaling model, and site
observational data are used to test the model precision. By taking
land surface temperature (LST), vegetation coverage, altitude, and
slope as downscaling factors, the monthly average THI calculated
by CLDAS-V2.0 data is downscaled from 6 to 1 km in Anhui
Province in July and August from 2002 to 2021. The results show
that the spatial resolution of THI is improved effectively by the four
downscaling models, and there is a significant correlation between
the downscaled values and the site values, with a correlation coef-
ficient greater than 0.97. The downscaling effect of RF is slightly
better than that of the other three algorithms and better describes
the distribution of summer resort resources. Simulated results from
RF are piecewise corrected by using the mean variation, and the
correlation between corrected values and observations in July and
August are both improved (>0.98). According to the estimation of
the corrected THI (1 km × 1 km), the proportion of summer resort
area in Anhui Province is 9.58% in July and 19.29% in August.

Index Terms—China meteorological administration land data
assimilation system (CLDAS), downscale, machine learning,
moderate-resolution imaging spectroradiometer (MODIS),
temperature-humidity index (THI).

I. INTRODUCTION

THE temperature-humidity index (THI) is an important in-
dex for representing climatic suitability. It reflects the heat

exchange between the human body and the surrounding envi-
ronment through a combination of temperature and humidity. It
is widely used in human settlement evaluation, climate resource
utilization, agricultural production, and so on [1], [2], [3], [4].
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The THI was proposed by Thom [5] and reflects the influence
of hot and humid climate environments on human comfort in
summer through the combination of dry bulb temperature and
wet bulb temperature. Other influential climate comfort models
include the apparent temperature (AT) model [6], [7], [8] and
universal thermal climate index (UTCI) [9], [10]. AT introduces
related theories of physiology and clothing material science and
mainly studies the regulating effect of different humidity levels
on human thermal sensation. UTCI is a mechanism model based
on human thermal balance theory combined with a multinode
thermo physiological model and clothing model. The research
and application of climatic suitability models have developed
rapidly in China since the 1990s. Large cities have established
local climatic suitability models and carried out related services,
such as Beijing, Shanghai, Tianjin, and Chongqing [11], [12].
The national standard “climatic suitability evaluation on human
settlements” was published in China in 2011, and it pointed out
that climatic suitability should be evaluated by THI in summer
time [13].

Because of the spatial unevenness and discontinuity, obser-
vational data from meteorological stations to calculate THI are
greatly limited. To obtain continuous THI data in larger areas,
many scholars have started THI simulation research. At present,
many methods, including remote sensing inversion, spatial in-
terpolation, and statistical analysis, are used. Due to its wide
observation range and good repeatability of Earth observation,
the moderate-resolution imaging spectroradiometer (MODIS)
data is often used to simulate THI in large area [14]. The
simulating process generally includes three steps: first, invert the
land surface temperature (LST) by thermal infrared spectrum
channels and the whole integrated water vapor content with
near-infrared channels [15], [16], [17], [18], [19], [20], [21]; sec-
ond, calculate the air temperature with LST and the near-ground
humidity parameters with whole integrated water vapor [22],
[23], [24], [25], [26], [27], [28], [29], [30], [31]; finally, count
THI with air temperature and near-ground humidity parameters
by Magnus empirical formula. Xie et al. [14] proposed the THI
model based on MODIS data and used the model to calculate
the monthly THI in China in 2003, found that the method of THI
inversion by remote sensing is feasible. Li et al. [32] replaced air
temperature with LST and relative humidity with the normalized
water vapor index to improve THI. Furthermore, they found
that the value is higher than the traditional THI, but the overall
distribution is not affected. By using station observations and
MODIS data, Shi et al. [33] simulated the spatial distribution
of THI in Zhejiang Province based on the GridMet model and
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Fig. 1. Production procedure for fine-scale THI dataset.

found that the THI variations are closely related to terrain.
Many methods mainly rely on satellite remote sensing data and
geographic information data [34], [35]. However, satellite data
quality is limited by its temporal resolution and cloud layers.
Data processing is also complicated. The universality of spatial
interpolation and statistical analysis needs to be considered in
different places; therefore, their application in a large-scale area
is limited.

In recent years, the China Meteorological Administration
Land Data Assimilation System (CLDAS), providing high-
quality grid point data such as temperature, pressure, humidity,
and wind speed, has been operationally applied. The THI with a
spatial grid distance of 6 km can be calculated by the temperature
and humidity from CLDAS. However, its spatial resolution still
has difficulty meeting the needs of refined summer tourism
resource evaluation and tourism services. Therefore, this study
analyzes the downscaling method of THI by using MODIS data
and geographic data based on multiple machine learning meth-
ods. Taking Anhui Province as an example, the grid distance
is reduced from 6 to 1 km. The accuracy of the downscaling
results is evaluated by meteorological station data, the optimal
model is selected, and the results are revised. Thus, the THI
dataset with both refinement and accuracy can be obtained. The
production procedure for fine-scale THI dataset is shown in
Fig. 1.

II. STUDY AREA AND DATA

A. Overview of the Study Area

Anhui Province is located in Middle China (29°41’-
34°38’N,114°54’-119°37’E), with a length of approximately
570 km from north to south and a width of 450 km from east

to west. The total area of the province is 140100 km2. The
terrain of Anhui Province slopes from southwest to northeast,
with diverse landforms. The Yangtze River and the Huaihe River
traverse the whole province, running through Anhui Province for
416 km and 430 km, respectively, which divides the province
into three parts: the Huaibei Plain, Jianghuai Hills, and Wannan
Mountains. There are many lakes in the Yangtze River basin,
the largest of which is Chaohu Lake, which covers an area of
800 km2. The main mountains are the Dabie Mountains, Huang-
shan Mountains, Jiuhua Mountains, and Tianzhu Mountains.
The highest peak is the Huangshan Lianhua Peak (1864 m, above
sea level).

B. Research Data

1) CLDAS Data: CLDAS is the only real-time operating sys-
tem in the field of land data assimilation in China. It uses fusion
and assimilation technology to integrate data from ground-based
observations, satellite data, numerical model products, and other
sources and outputs real land products with high spatial and tem-
poral resolutions, including air temperature, barometric pres-
sure, specific humidity, wind speed, precipitation, solar short-
wave radiation, soil moisture, and so on [36], [37]. Its spatial
resolution is 0.0625° × 0.0625°, and its temporal resolution is
1 h. In this study, the daily average 2 m air temperature and 2 m
specific humidity data from CLDAS in July and August from
2002 to 2021 were collected, and the daily THI was calculated
according to (1). Then, the average monthly and annual THI of
July and August are calculated.

Ic = tc −0.55× (tc−1.44)×(1−
qc×p

0.378qc+0.622

6.112 exp
(

17.67tc
tc+243.5

) ) (1)



7126 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

where Ic is the CLDAS THI index, tc is the 2 m air temperature,
qc is the 2 m specific humidity, and p is the standard atmospheric
pressure and is a constant. p = 1013.25 hpa.

According to the national standard “Climatic suitability evalu-
ation on human settlements (GB/T 27963-2011),” when the THI
value ranges in [17.0, 25.4], the human body feels comfortable,
so this section is regarded as an appropriate area for summer
tourism.

2) Site Observation Data: The daily THI is calculated by the
observational data of 81 stations in Anhui Province according
to (2), and then the average monthly and annual THI of July and
August are calculated for the accuracy test of the downscaling
method.

Iz = tz − 0.55× (tz − 14.4)× (1−Rhz) (2)

where Iz is the THI of the national station, tz is the average
temperature, and Rhz is the relative humidity.

3) Geographic Information Data: The geographic informa-
tion data include DEM (1 km × 1 km) raster data (unit: m) and
administrative boundary vector data of Anhui Province, which
are obtained from the local geospatial database of the Anhui
Institute of Meteorological Sciences. Based on the ArcGIS plat-
form, slope data were obtained using DEM data, and the spatial
resolution was consistent with the DEM raster data (unit: °).

4) Satellite Remote Sensing Data: The EOS/MODIS satel-
lite remote sensing data are used in this study, obtained from
https://ladsweb.modaps.eosdis.nasa.gov/, including MOD11A2
surface temperature products (1 km ×1 km) and MOD13Q1
normalized difference vegetation index (1 km×1 km) products.
Based on the maximum synthesis method, 8 d data of MOD11A2
and 16 d data of MOD13Q1 were used to obtain the monthly
LST and normalized difference vegetation index (NDVI), and
the NDVI was converted into vegetation coverage based on
binary pixel model [38]. The data period was from 2002 to
2021 in July and August. To maintain unity with the spatial
resolution of CLDAS data and facilitate spatial analysis, altitude,
slope, LST, and vegetation coverage were resampled to the
0.0625° × 0.0625° grid.

III. RESEARCH METHODS

A. Selection of Downscaling Factors

The spatial distribution of the summer THI in Anhui is closely
related to the landform and surface environment. In the western
Dabie Mountains and southern Wannan Mountains, the altitude
is high, and the temperature decreases vertically with altitude. At
the same time, the forest coverage is high, which has a cooling
effect on the near surface, so the THI in this area presents a low
value range. In the Huaibei Plain area, the altitude is low, and the
land-use type is mainly farmland and urban buildings. The sur-
face absorbs and stores a large amount of solar radiation and the
heat energy released by human activities. When it spreads to the
air, the near-surface temperature of the city rises, thus showing a
high THI value range [39], [40], [41]. There is a close correlation
between LST and near-surface temperatures [42]. Therefore, it
is widely used in the inversion of THI. Vegetation cover is an

important reason for the spatial difference in evapotranspira-
tion and influences the near-surface temperature and humidity
through the evapotranspiration process [43]. Therefore, LST and
vegetation cover were used as surface factors to downscale the
CLDAS THI. As a topographic factor of the air temperature
model, altitude is significantly negatively correlated with air
temperature. Shi et al. [33] analyzed the distribution charac-
teristics of THI in Zhejiang with terrain factors, and the results
showed that THI changed little with aspect in midsummer. Anhui
Province and Zhejiang Province both belong to the Yangtze
Valley with similar climate characteristics and topography. It
can be considered that the THI of Anhui Province changes little
with aspect in midsummer and is mainly affected by topographic
factors such as elevation and slope. In summary, LST, vegetation
coverage, altitude, and slope were used as downscaling factors
to simulate midsummer THI in Anhui.

B. MLR Algorithm

Multiple linear regression (MLR) models make predictions
by adding a weighted sum of input features and a biased term.
The model can be expressed as the following expression:

ŷ = θ0 + θ1x1 + θ2x2 + · · ·+ θnxn. (3)

In this equation, ŷ is the predicted value,n is the eigenvector,
xi is the eigenvalue, and θi is the model parameter (including
the bias term θ0 and the eigenweight θ1θ2 . . . θn).

C. RF Algorithm

The random forest (RF) algorithm was proposed by Breiman
[44]. The RF algorithm is a type of ensemble learning model that
takes a decision tree as a basic classifier. Bootstrap sampling
is used in RF to extract multiple samples from the original
sample. The decision tree models each sample. Thereafter, the
predictions of multiple decision trees are combined, and the final
prediction results are achieved by voting [45].

The formula is as follows:

Y =
1

S

S∑
1

FS (X) (4)

where Y is the prediction result, X is the input characteristic
data vector, S is the number of regression tree models, and
FS(X) is a single CRAT regression tree model, and its formula
is

FX =

t∑
t−1

CtI (X ∈ Rt) (5)

where Rt is the unit domain divided by optimal segmentation
variables with different characteristics, and I is the logical
value, if X ∈ Rt, I = 1, otherwise I = 0; Ct is the average
of all output values contained within the cell domain, and t is
the cell domain label. The essence of this formula is to first
determine which unit domain the input variable belongs to and
then return the predicted value of that unit domain.

https://ladsweb.modaps.eosdis.nasa.gov/
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D. SVM Algorithm

The basic idea of support vector machine regression (SVR) is
to map data into a high-dimensional feature space where linear
regression processing is performed on the data [46], [47], [48].
Assume that the training sample set is {(xi, yi)|i = 1, 2 · · · p},
where p is the number of training samples. The SVR regression
function can be transformed into a dual function by introducing
Lagrange multipliers, and the dual function and constraints are
(6) and (7), respectively:

min
w

1

2
‖w‖2 + c

p∑
i=1

(ξi + ξ∗i ) (6)

s.t.

⎧⎨
⎩
yi − w · φ (xi)− b ≤ ε+ ξi
w · φ (xi) + b− yi ≤ ε+ ξ∗i

ξi, ξ
∗
i ≥ 0

(7)

where w is the weight;cis the penalty factor; ξ and ξ∗

are relaxation factors;φ is the mapping function; ε is the
insensitive loss function; and b is the threshold value. Equation
(8) can be obtained by solving (6) and (7).

f (x) =

nSV∑
j=1

(
αj − α∗

j

)
K (xj , x) + b (8)

where x is the sample value; α and α∗ are Lagrange multipliers;
nSV is the number of support vectors; K(xj , x) is the kernel
function, and RBF and polynomial involved in this article are
(9) and (10), respectively:

K (xj , x) = exp
(−g‖x− xj‖2

)
(9)

K (xj , x) =
[
g
(
xT
j xj

)]d
(10)

where g is the kernel function parameter and d is the polynomial
order.

E. GBM Algorithm

Gradient boosting is a machine learning technique for classi-
fication and regression problems. The main idea is to generate
multiple weak learners serially. The goal of each weak learner
is to fit the negative gradient of the loss function of the pre-
viously accumulated model so that the cumulative model loss
after adding the weak learner is reduced in the direction of the
negative gradient [49], [50]. XGBoost is an implementation of
the boosting elevator. Newton’s method is used to solve the
extreme value of the loss function. The loss function is expanded
to the second order by Taylor expansion, and the regularization
term is added to the loss function. The objective function of
training is composed of two parts: the first part is the loss
of the gradient boosting algorithm, and the second part is the
regularization term. The loss function is defined as follows:

L (φ) =

n∑
i=1

l (y′i, yi) +
∑
k

Ω(fk) (11)

where n is the number of training samples, l is the loss to a
single sample, y′i is the predicted value, yi is the real label of the
sample, and φ is the parameter of the model. The regularization

TABLE I
AREA PROPORTION OF DIFFERENT THI INTERVAL IN JULY

term defines the complexity of the model.

Ω(f) = γT +
1

2
λ‖w‖2 (12)

where γ and λ are the coefficients manually set, w is the vector
formed by all leaf node values in the decision tree, and T is the
number of leaf nodes. The regularization term is composed of
the number of leaf nodes and the modular square of the leaf node
value vector. The first term reflects the complexity of the decision
tree structure, and the second term reflects the complexity of the
predicted value of the decision tree.

IV. RESULT ANALYSIS

A. Spatial Distribution of Four Downscaling Results

According to the average THI in July and August from 2002
to 2021, the downscaling effects of four methods, including
MLR, RF, support vector machine (SVM), and gradient boost-
ing machine (GBM), were compared. Fig. 2(a) and (b) show
the 20-year average THI of July and August calculated from
CLDAS data, with a spatial resolution of 0.0625° × 0.0625°.
According to Fig. 2(a) and (b), the THI in July and August of
midsummer in Anhui were both greater than 21.5 In July, the
suitable summer areas where the THI value ranges in [17.0,
25.4] are mainly located in the Dabie Mountains and Wannan
Mountains. In August, apart from the above areas, Dangshan and
Bozhou in the northernmost regions also appear with low THI.
Fig. 2(c) to (j) show the downscaling results of the four methods.
The scaling results of the four methods and the CLDAS THI have
the same numerical interval, and the spatial distribution has a
similar rule. The spatial distribution of THI after downscaling
presents more abundant details. The four downscaling methods
all reflect the suitable summer areas of the Dabie Mountains and
Wannan Mountains well, and the RF algorithm can well simulate
the suitable summer areas in August located in northern Anhui.

Tables I and II show the area proportion of different intervals
of average THI in July and August from 2002 to 2021. It can
be seen that in July and August, in the interval of [17.0, 19.4]
and [19.5, 21.4], the area proportion of CLDAS and the four
simulation methods is 0. In the intervals of [21.5, 23.4] and
[23.5, 25.4], the area ratios of the four simulation methods are all
smaller than that of CLDAS. The sum of the area of the two inter-
vals is the interval [21.525.4], and the area of July is as follows:
CLDAS (7.85%) >RF (6.71%) >GBM(6.70%) >MLR(6.59%)
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Fig. 2. Spatial distribution of average THI in July and August from 2002 to 2021 by CLDAS data and different downscaling method. (a) July, CLDAS.
(b) August, CLDAS. (c) July, MLR. (d) July, RF. (e) July, SVM. (f) July, GBM. (g) August, MLR. (h) August, RF. (i) August, SVM. (j) August, GBM.

TABLE II
AREA PROPORTION OF DIFFERENT THI INTERVAL IN AUGUST

>SVM(6.36%).The area proportion in August was as fol-
lows: CLDAS(17.27%) >RF(12.89%) >MLR(12.37%) >
GBM(12.24%) >SVM(11.53%). In comparison, the simulation

of the suitable summer area shows that the RF is closer to the
CLDAS value.

B. Precision Analysis of Four Downscaling Methods

To check the accuracy of different machine learning down-
scaling methods, the 1 km × 1 km THI grid value was extracted
according to the locations of 81 national stations. The correlation
between the average monthly THI in July and August of the
national station from 2002 to 2021 and the downscaled THI
was analyzed. The correlation coefficient (R), bias (B), and root
mean square error (RMSE) were used to quantitatively analyze
the correlation between the THI of observation stations and the
THI of grid points after downscaling. The results are shown in
Table III.

There was a significant correlation between the four machine
learning downscaling results and the THI of the site, R � 0.975,
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TABLE III
CORRELATION BETWEEN DOWN-SCALING RESULT AND SITE THI

TABLE IV
DEVIATION OF THI IN DIFFERENT INTERVALS IN JULY

TABLE V
DEVIATION OF THI IN DIFFERENT INTERVALS IN AUGUST

RMSE � 0.2656, B � 0.147 (all passed the 99% confidence
test). The results indicate that downscaling factors such as LST,
vegetation coverage, altitude, and slope are highly correlated
with the THI, and it is appropriate to select these factors for
downscaling. Fig. 3 shows the fitting between the downscaled
THI (labeled Id) of each algorithm and the THI of the site
(labeled Iz). Compared with Table I, the difference between
the simulated value and the observation value can be analyzed
more intuitively.

In Fig. 3, the downscaling results of the four methods, Id are
generally higher than Iz in the interval [17.0, 25.4], and the
lower the value of the THI is, the higher the value. This is also
the reason why the simulated area of the suitable summer area
is smaller than that of CLDAS. Id are close to Iz in the interval
[25.5, 29.0].

The average deviation is calculated according to different
intervals, and the results are shown in Tables IV and V. Since
the THI interval of [17.0, 25.4] is the suitable area for summer
where we are concerned, the simulation accuracy of the THI of
this interval largely determines the downscaling effect. In this
interval, the accuracy of the same method in August is better
than that in July. The reason may be that there are more samples
in this interval in August, and the more samples there are, the
better the effect of machine learning. Compared with the other

algorithms, the RF algorithm in the interval [21.525.4] has a
smaller deviation than the other algorithms. Previous analysis
showed that the THI values in the summer resort area of Anhui
are mainly concentrated in this interval, and the correlation
coefficient R of the RF algorithm is the highest among the four
algorithms, so it can be considered that the RF algorithm has the
best downscaling effect.

C. Revision of RF Downscaling Results

As seen from the above, when comparing the four machine
learning algorithms, the downscaling effect of RF is better, but
there are still some systematic errors between the simulation
value Id and the site value Iz . According to the error analysis
results in Tables IV and V, the average deviation B was used as
the revisal value to make piecewise correction to the monthly
average THI in July and August. The revised THI is denoted
as Icd, Icd = Id −B. according to the linear fitting relationship
between the simulated value and the site value in Fig. 3(b) and (f),
when Iz ∈ [17.0, 19.4],[19.52, 1.4], [21.5, 23.4], [23.5, 25.4],
[25.5, 27.5], [27.6, 29.0], in July Id ∈ [18.8, 20.8], [20.9, 22.4],
[22.5, 24.0], [24.1, 25.7], [25.8, 27.4], [27.5, 28.6], the corre-
sponding value of B is 2.373,1.399,0.833,0.220,0.081, −0.026;
In August Id ∈ [18.6, 20.6], [20.7, 22.2], [22.3, 23.9], [24.0,
25.6], [25.7, 27.3], [27.4, 28.6], the corresponding value of
B is 2.078, 0.988, 0.538, 0.162, 0.048, 0.198. Fig. 4 shows
the comparative analysis between the revised results and the
site values. After the revision, the correlation between the RF
downscaling results and the site value is improved, and the
correlation coefficient is 0.986 in July and 0.985 in August. The
root-mean-square error was 0.2377 in July and 0.2478 in August.
The deviation was 0.0028 in July and 0.0033 in August.

For the temporal trends, from Fig. 5, it can be figured out
that the values and temporal trends for the site THI (red line) are
similar to the revised THI (blue line), whether in July or August.
In comparison, the THI fluctuation from 2012 to 2021 is larger
than that from 2002 to 2011.

Fig. 6 shows the spatial distribution of THI drawn with the RF
correction result. It can be seen that the area of summer resort
where the THI is in [17.0, 25.4] has increased compared with
that before the correction, both in July and August. especially
in August, the summer resort area in the northernmost Xi-
aoxian County and Dangshan County has increased obviously.
After the revision, the proportions of summer resort areas in
July and August were 9.58% and 19.29%, respectively, which
increased by 2.87% and 6.4% compared with before the revision
and increased by 1.73% and 2.02% compared with CLDAS.

V. CONCLUSION AND DISCUSSION

Data from Anhui Province were analyzed in this study, and
the average THI values in July and August from 2002 to 2021
were calculated by using the live grid data of CLDAS. Four
machine learning algorithms, MLR, RF, SVM, and GBM, were
adopted. Using LST, vegetation coverage, altitude, and slope as
downscaling factors, the CLDAS THI was downscaled. The grid
distance of monthly THI in July and August of Anhui Province
from 2002 to 2021 was downscaled from 6 to 1 km, and the
accuracy of the downscaling results was analyzed using site data
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Fig. 3. Scatter plots of the site THI and down-scaling result by different downscaling method. (a) July, site, and MLR. (b) July, site, and RF. (c) July, site, and
SVM. (d) July, site, and GBM. (e) August, site, and MLR. (f) August, site, and RF. (g) August, site, and SVM. (h) August, site, and GBM.
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Fig. 4. Scatter plot of the site THI and the RF correction THI. Iz is the site
THI; Icd is the RF correction THI. (a) July. (b) August.

Fig. 5. Temporal trends of THI. Iz is the site THI; Icd is the RF correction THI.
(a) July, Iz. (b) July, Icd . (c) August. Iz. (d) August Icd .

Fig. 6. Spatial distribution of average THI in July and August from 2002 to
2021 with RF method correction result. (a) July. (b) August.



7132 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

to select the optimal model and propose the correction method.
The results show the following:

First, the downscaling results of the four methods and the
CLDAS THI had a consistent value range, and the 20-year
average THI values in July and August were both above 21.5.
The spatial distribution of [21.5, 25.4] is similar. The suitable
areas for summer are mainly located in the Dabie Moun-
tains and Wannan Mountains. After downscaling, the spatial
distribution of THI showed richer details, which effectively
improved the spatial resolution.

Second, there was a significant correlation between the down-
scaling estimates of the four methods and the site values (R
� 0.975). The downscaling estimates were all higher than the
site values in the interval [17.0, 25.4], and the lower the THI
values were, the higher they were. In the interval [25.5, 29.0],
the values are close to the site values. The area of summer
resorts after downscaling is underestimated.

Third, among the four methods, the RF method has the best
downscaling effect, the correlation coefficient between the
simulated THI and site THI is the largest, the deviation is
the smallest in the interval [21.5, 25.4], and the fitting effect
of the summer resort is the best.

Fourth, taking the average deviation as the revisal value, the
RF simulation results were revised by sections. The correla-
tion coefficients in July and August increased to 0.986 and
0.985, the root-mean-square error was reduced to 0.2377 and
0.2478, and the deviation was reduced to 0.0028 and 0.0033,
respectively. According to the correction result with a spatial
grid distance of 1 km, the proportion of summer resort areas
in Anhui Province was 9.58% in July and 19.29% in August.
Compared with CLDAS, they increased by 1.73% and 2.02%,
respectively.

Four machine learning methods were used to downscale the
THI calculated by CLDAS live grid data, and the THI with a
spatial grid distance of 1 km was obtained, providing refined
data support for the assessment of summer resort resources.
According to these refined data, an advisory report was provided
to the relevant management department for finding summer
tourist destination.

However, the study had a research period of 20 years, so the
subsequent time series should be further extended with more
data. In addition, the proposed method is too simple to correct
the downscaling results with the average deviation as the revisal
value, and various correction methods can be tried to improve
the data accuracy in further work.
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