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Abstract: Temperature is a core element of the regional climate system and plays a key
role in energy exchange and weather evolution. The current reanalysis of temperature
data faces difficulties in providing more accurate geographical temperature data due to
insufficient spatial resolution (0.25◦ × 0.25◦). In this study, a lightweight downscaling
method incorporating a convolutional neural network is proposed to construct a high-
resolution temperature prediction model for the Macau region based on ERA5 reanalysis
data. Aiming at the existing data due to insufficient resolution, a two-stage convolutional
feature extraction module is introduced to optimize the model parameters by combining
them with the observation data of Macau meteorological stations. The experimental
results show that the accuracy of this method is 21.4% higher than that of the traditional
interpolation method in the instantaneous prediction, and the prediction effect in the
next 3 h is also very good. The model is expected to be extended to other regions in the
future, providing an effective solution for obtaining long-term high-resolution temperature
data in other regions, which can support the refinement of meteorological services and
climate research.

Keywords: ERA5 reanalysis data; convolutional neural network; temperature prediction

1. Introduction
As an important cornerstone of social development, the influence of modern weather

forecasting has permeated many fields, including agricultural production, transportation,
disaster prevention and mitigation, and public safety [1]. Nearly 150 years ago, the public
weather forecasting service started the prelude of modern meteorology, and since then the
discipline has taken forecasting technology as its core development direction [2]. Accom-
panied by the accumulation of long-term practical experience and the rapid progress of
science and technology, human beings are facing the emerging new issues and increasing
technical challenges in the field of meteorological forecasting in the process of continuously
improving the theoretical system of atmospheric science [3].

Existing gridded temperature datasets are limited by the problem of coarse spatial
resolution, which makes it difficult to meet the application needs of more fine-grained
geographical temperature data. Although high-resolution atmospheric models can theo-
retically provide more accurate simulation data, their high computational cost makes it
difficult to run them continuously for a long period of time in order to construct reliable
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historical datasets [4]. In contrast, reanalysis data, with the advantage of assimilation tech-
nology, can provide long-term continuous and large-scale spatial and temporal coordinated
temperature field data, although the spatial resolution is relatively low, and this property
makes it more useful in climate-scale studies.

Reanalysis data have a wide range of applications in atmospheric science, with ERA5
being one of the most commonly used types of reanalysis data, which covers the globe with
a spatial resolution of 0.25◦, spanning the period from 1940 to the present, and contains
variables commonly used in the atmosphere, including temperature and pressure.

In this study, a deep learning temperature prediction model incorporating geospatial
features is constructed to address the problem of insufficient spatial resolution (0.25◦ ×
0.25◦) of ERA5 reanalysis data in regional-scale applications, especially considering the
current situation that special geographic units such as Macau are not in the grid nodes, re-
sulting in the limited accuracy of traditional interpolation. There are significant bottlenecks
in the current ERA5 reanalysis data. The spatial resolution of the current open datasets
can hardly support the demand of urban microclimate research, especially in complex
terrain areas such as Guangdong, Hong Kong, and Macau Greater Bay Area. To obtain
high-spatial-resolution data, existing studies mostly use traditional spatial interpolation
methods such as bilinear interpolation and cubic spline interpolation to obtain off-grid
point data, but they ignore the effect of nonlinearity. For this reason, this study innova-
tively compares convolutional neural network (CNN) with classical interpolation methods
systematically to break through the application limitations of traditional methods.

After breaking through the traditional image recognition field, the unique value of
convolutional neural network (CNN) in time series prediction has gradually emerged [5].
Through the sliding scanning of the convolutional kernel in the time series dimension,
CNN can adaptively extract local correlation features in the data: a small-scale convolu-
tional kernel (e.g., 3 steps) can capture intra-day periodic fluctuations in the temperature
series, whereas a large-scale convolutional kernel (e.g., 30 steps) can identify quarterly
trend changes [6], which significantly improves the modeling accuracy of scenarios such as
weather forecasting. Its parameter-sharing feature dramatically reduces model complexity,
and the parallel convolutional operation accelerated by GPU improves the training effi-
ciency of millions of weather station point data by 2–3 orders of magnitude, effectively
alleviating the high-dimensional catastrophe problem of the traditional fully connected
network [7]. In the face of heterogeneous time series data from multiple sources, CNN can
synchronously analyze the cross-modal interactions of temperature, barometric pressure,
humidity, and other meteorological elements by constructing a multi-dimensional tensor
input layer, and it breaks through the dependence of the classical time series model on the
assumption of equidistant intervals by making use of the cavity convolution technique
compatible with non-uniform sampling data [8].

This study focuses on improving the spatial applicability of ERA5 reanalysis data in
the Macau region. Due to the special geographic location of Macau (22.16◦ N, 113.57◦ E),
which does not overlap with the ERA5 grid points, there is a systematic bias in the direct
calculation of traditional interpolation methods. For this reason, we systematically compare
three benchmarking methods: directly using the true value of the Macau region (Observed)
with the nearest-neighbor interpolation (Nearest), bilinear interpolation (Linear), and cubic
spline interpolation (Cubic) [9], and constructing a convolutional neural network (CNN)
model for the spatial refinement correction. The main contributions of this research are
as follows:

1. In this study, based on the 2012–2020 ERA5 hourly 2 m temperature data (VAR_2T),
a 41 × 41 grid dataset around Macao (17–27◦ N, 109–119◦ E) was constructed, and
a CNN model was used for spatial and temporal feature extraction and prediction.
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The CNN model was used for spatial and temporal feature extraction and prediction,
and the output values were compared with the measured temperatures at the Tai Tam
Shan site of the Macau Meteorological Bureau (22.16◦ N, 113.57◦ E).

2. In the methodological framework, this study compares the CNN model with three
traditional interpolation methods: the ERA5 Nearest directly uses nearest-neighbor
grid point temperatures; the ERA5 Linear implements bilinear interpolation based
on 4-neighbor grid points; and the ERA5 Cubic performs cubic spline interpolation
through 16-neighbor grid points. A baseline reference is provided for subsequent
model performance analysis.

The rest of the paper is structured as follows: Section 2 briefly describes the data
sources and processing methods, including the ERA5 reanalysis dataset, and the Macau
ground station data; Section 3 introduces the traditional interpolation methods as well
as our deep learning model; Section 4 demonstrates the experimental results and argues
the advantages of deep learning over traditional methods and the potential for regional
expansion; and finally, Section 5 concludes the results and looks forward to the actual
business applications and multi-region extension.

2. Data
The European Centre for Medium-Range Weather Forecasts (ECMWF), as an authori-

tative organization in the field of global meteorological reanalysis, has gone through many
generations of technological evolution in its reanalysis data product system: from laying
the foundation of the first Global Atmospheric Research Program (FGGE) in 1979, to the
release of the first 15-year reanalysis dataset ERA-15 (1978–1994) in the 1990s, and then the
launching of the cross-century dataset ERA-40 (1957–2002) and its improved version ERA-
Interim (1979–2019) [10], culminating in the current most representative fifth-generation
reanalysis product, ERA5, which covers the period from January 1940 to the present, with a
spatial resolution of 0.25◦ (about 31 km) and a temporal resolution of 1 h, including many
meteorological variables, such as temperature, humidity, wind speed, etc. [11].

In this study, the air temperature at 2 m above the surface (variable identified as
VAR_2T, hereinafter referred to as temperature) from the ERA5 for the period 2012–2022
is used. As shown in Figure 1, the data were focused on a specific range around Macau,
i.e., the area covered by latitude 17–27◦ N and longitude 109–119◦ E, with a total of
41 × 41 grid points, as indicated by the intersection of the grid lines.

For Macau, a typical tropical monsoon climate zone, the ERA5 data can accurately char-
acterize the spatial heterogeneity of its climatic features—and its high temporal resolution
makes it possible to capture climatic fluctuations in short time scales, while its high spatial
resolution helps to reveal the climatic differences between different regions [12], which
provide a reliable data base for assessing the regional climatic evolution and its impacts on
the urban operation. As an important node in the Guangdong–Hong Kong–Macau Greater
Bay Area, the refined distribution data of meteorological elements in the Macau region
have an important decision support value for extreme weather warning, urban planning,
and ecosystem management.

The real temperature values are based on the 2012–2022 measured temperature series
from the Tai Tam Shan Meteorological Station (22.16◦ N, 113.57◦ E, altitude 112 m) in Macau.
The data from this station fully characterize the typical features of the subtropical monsoon
climate of Macau: in summer (June–August), controlled by the subtropical high pressure,
the monthly mean temperature is 28.6–31.9 ◦C; in winter (December–February), influenced
by the East Asian winter winds, the monthly mean temperature is 16.2–19.5 ◦C, which
constitutes the seasonal baseline validation scenario of the temperature prediction model.



Appl. Sci. 2025, 15, 5321 4 of 14Appl. Sci. 2025, 15, 5321 4 of 14 
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ternational standard unit system. In order to adapt the observation data (unit: °C) from 
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validation set, and test set. Among them, the temperature data from 01:00 on 1 January 
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Figure 1. Map of Macau surrounding areas. The location of Macau (the red point), and the coverage
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In this study, two datasets are used for analysis. The ERA5 reanalysis dataset pro-
vides gridded air temperature at 2 m above the surface and is used as the model input.
Observational data from the Macau meteorological station serves as the label for super-
vised learning.

The temperature variable in the ERA5 reanalysis data is stored in Kelvin (K), an inter-
national standard unit system. In order to adapt the observation data (unit: ◦C) from the
Macau meteorological station, it is necessary to perform the temperature scale conversion:
based on the standard formula T (◦C) = T (K) − 273.15 defined by the International Com-
mittee for Weights and Measures (CIPM) [13], the vectorization operation is implemented
on the dataset, and the batch conversion from Kelvin to Celsius is realized.

To solve the problem of time matching between the ERA5 reanalysis data of the
European Meteorological Centre (ECMWF) and the meteorological observations of Macau,
a standardized alignment method is used. Time zone and format differences are eliminated
by standardizing the date format (complementary eight-digit specification) and the hourly
rounding mechanism (24 o’clock is automatically converted to the next day’s 0 o’clock).

For model training and testing, the processed data are divided into a training set,
validation set, and test set. Among them, the temperature data from 01:00 on 1 January
2012 to 24:00 on 31 December 2020 local time are the training set and validation set with
random assignment in a ratio of 8:2, and the temperature data from 01:00 on 1 January
2021 to 24:00 on 31 December 2022 local time are the test set. After removing 14 invalid
Macau real temperature values, the training set contains 63,119 samples, the validation set
contains 15,780 samples, and the test set contains 17,519 samples.
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3. CNN Model Construction and Training
3.1. Interpolation Methods

In grid data processing, the choice of interpolation algorithms needs to be closely
coupled with the constraints of grid type (structured or unstructured), data continuity re-
quirements, and computational efficiency. For structured grids (e.g., uniformly distributed
2D or 3D grids), traditional image interpolation methods can be directly migrated to appli-
cations. Traditional interpolation methods, such as nearest-neighbor interpolation, bilinear
interpolation, and cubic spline interpolation, will be compared with deep-learning-based
approaches [14,15].

Nearest-neighbor interpolation is a fast interpolation method based on the principle
of discrete sampling [16].

f (x, y) = f (round(x), round(y)) (1)

The core idea is to map the target point (x, y) to the integer coordinate point (round(x),
round(y)) with the nearest Euclidean distance in the original grid and inherit the value of
that point directly.

This method has low computational complexity and does not require the introduction
of additional smoothing but may lead to step artifacts (Aliasing) in the interpolation
results. It is suitable for scenarios that require high computational efficiency and allow
for the preservation of discrete features of the data (e.g., low-resolution image zooming or
categorical label interpolation) [17].

Bilinear interpolation achieves a continuous smooth interpolation effect by local linear
weighting [18]. In this study, the parameterization of bilinear interpolation was imple-
mented directly using Equation (2).

f (x, y) =
y2 − y
y2 − y1

f (x, y1) +
y − y1

y2 − y1
f (x, y2) (2)

If we want to find the value of the unknown function P at the point (x, y), suppose we
know the values of P at four points Q11 = (x1, y1), Q12 = (x1, y2), Q21 = (x2, y1), and Q22 =
(x2, y2) (as in Figure 2) [19]. And the parameters f (x, y1) and f (x, y2) of Equation (2) are
calculated from Equations (3) and (4).

f (x, y1) =
x2 − x
x2 − x1

f (Q11) +
x − x1

x2 − x1
f (Q21) (3)

f (x, y2) =
x2 − x
x2 − x1

f (Q12) +
x − x1

x2 − x1
f (Q22) (4)

The method finally generates a continuously differentiable interpolated surface. It
is computationally efficient and can suppress the jagged effect, but it may blur the high-
frequency details and is suitable for natural image resampling or continuous physical field
reconstruction [20].

Cubic spline interpolation is an efficient smooth interpolation method for one-
dimensional data [21], and it can also be extended to 2D data like the method of bilinear
interpolation described above. Its core idea is to divide the interval between data points
into several small segments and construct an independent cubic polynomial function on
each small segment, so that the adjacent segments not only have continuous function values
at the connection point (i.e., the original data points), but also ensure the continuity of the
first-order and second-order derivatives [22].
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dropout are still effective in preventing overfitting in this regression task model. In the im-
age task, the pooling layer is used to extract features and prevent overfitting. In this study, 

Figure 2. Conceptual diagram of bilinear interpolation, with the four orange points indicating data
points and the blue Ps being the interpolated points of demand.

The advantage of cubic spline interpolation lies in its smoothness and localization,
and it is widely used in fields that require high-precision smoothing of curves, such as
contouring in mechanical engineering, time-series analysis of financial data, generation of
motion paths in animation, and fitting processing of scientific experimental data [23].

3.2. Model Architectural Design

In this study, a lightweight convolutional neural network is proposed for the spatial
properties of ERA5 reanalysis data, with model training and testing conducted on the Colab
T4 GPU (Google Colab, Google, Mountain View, CA, USA).

The model input is a 41 × 41 temperature matrix which represents the study area
of 17–27◦ N and 109–119◦ E. Our model utilizes two layers of convolution and pooling
to extract features (as shown in Figure 3), after which the grid data values of Macau are
extracted by fully connected layers. During training under mean square error loss function,
the regularization strategies of batch normalization (BN) and a 0.2 dropout are used to
prevent overfitting of high-dimensional features.
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Dropout is more widely used in image tasks, but it is less used in regression tasks. This
study is a regression task based on image-like two-dimensional grid data, which combines
the characteristics of image task and regression task, so BN (batch normalization) and
dropout are still effective in preventing overfitting in this regression task model. In the
image task, the pooling layer is used to extract features and prevent overfitting. In this
study, pooling can extract features from 2D grid data, reduce the number of parameters,
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and prevent overfitting in subsequent regression tasks. Overall, the addition of dropout and
pooling leads to better model performance in this type of regression task with image input.

3.3. Model Evaluation Criteria

Mean square error (MSE), Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), Mean Relative Error (MRE), and Pearson correlation coefficient are commonly
used evaluation metrics for forecasting tasks, which describe the gap between actual and
predicted values. In this study, these five metrics will be used to compare the performance
of the models [24].

MSE is a widely used measure of model prediction accuracy in regression analysis [25].
It quantifies the degree of model fit by calculating the average of the squares of the errors
between the predicted and true values, and the MSE is calculated as follows:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (5)

Specifically, for a dataset containing n samples, let yi be the true value of the i-th
sample and ŷi be the corresponding predicted value.

The MSE gives a higher weight to larger errors because the errors are squared during
the calculation. This makes the MSE more sensitive to outliers, and a large prediction error
can significantly increase the value of the MSE [26]. Therefore, the MSE can effectively
reflect the overall error of the model but may exaggerate the inaccuracy of the model in
datasets where outliers are present [27].

The RMSE is the square root of the MSE and is also used to assess the predictive
performance of regression models [28]. It is closely related to the MSE but has the same
magnitude as the original data, making it more intuitive in interpreting model errors. The
RMSE is calculated as follows:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (6)

The RMSE combines the prediction errors of all samples, and it is able to balance the
effects of different sample errors due to the squaring and squaring operations performed
on the errors. Similar to MSE, RMSE is sensitive to larger errors, but it more directly reflects
the average degree of deviation between the model’s predicted and true values [29]. In
practice, the smaller the RMSE, the higher the predictive accuracy of the model [30].

MAE is another commonly used regression model assessment metric, which measures
the predictive accuracy of a model by calculating the average of the absolute errors between
the predicted and true values [31]. For a given dataset, the MAE is calculated as follows:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (7)

Unlike MSE and RMSE, MAE treats all errors equally and does not consider the
direction of the error but only focuses on the magnitude of the error [26]. This makes the
MAE relatively less sensitive to outliers and more robust to the average prediction error of
the model [32].

MRE is a statistical metric used to measure the relative error between the predicted
or estimated value and the true value [33]. In many fields such as data analytics, machine
learning, engineering, etc., MRE is a useful metric when it is necessary to assess the accuracy
of model prediction results or estimation methods. It can reflect the degree of deviation
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of the predicted value relative to the true value, and MRE is more concerned with the
proportion of the error in the true value than MAE [34].

MRE =
1
n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (8)

The Pearson correlation coefficient is a statistical measure of the strength and direction
of the linear relationship between two continuous variables, taking values in the range [−1,
1]. In machine learning, it is commonly used to assess the trend consistency between the
predicted and true values of a regression model [35].

r = ∑n
i=1 (xi − x)(yi − y)√

∑n
i=1(xi − x)2

√
∑n

i=1(yi − y)2
(9)

4. Experimental Results and Discussion
In this experiment, a regional temperature downscaling model is constructed based on

a convolutional neural network, with the input being a 41 × 41 matrix of ERA5 reanalysis
data temperature field at T moments, and the output is the observed temperature of Macau
stations at the corresponding moments. Ground-based observations from the Macau
Meteorological Bureau were used as the true value comparison, and the evaluation metrics
included RMSE, MSE, MAE, MRE, and Correlation.

4.1. Temperature Interpolation for Macau Stations Based on CNN Modeling

From the evaluation metrics (Table 1), the model prediction shows significant advan-
tages in the immediate prediction (0 h) scenario. Compared with the traditional interpola-
tion methods Nearest, Linear, and Cubic, the RMSE of the model prediction is only 0.924,
which is reduced by 21.4%, 30.7%, and 30.7% compared to Nearest, Linear, and Cubic,
respectively; the MAE is 0.685, which is reduced by 27.4%, 37.0%, and 37.7%; the MRE is as
low as 0.530%, while the MRE of the traditional method is between 4.401 and 5.308%; the
MSE is 0.854, which is much lower than that of the traditional method, which is between
1.381 and 1.779; the correlation coefficient is as high as 0.986, which indicates that the model
is able to accurately capture more than 99% of data fluctuation pattern, far more than the
0.975–0.983 of the traditional method.

Table 1. Comparison of nearest-neighbor interpolation, bilinear interpolation, cubic spline interpola-
tion, and deep learning methods.

Methods RMSE MSE MAE MRE (%) Correlation

Nearest 1.175 1.381 0.944 4.401 0.983
Linear 1.315 1.730 1.073 5.250 0.977
Cubic 1.334 1.779 1.087 5.308 0.975
Ours 0.924 0.854 0.685 0.530 0.986

The comparative time-series plot of temperature forecasts constructed in this study
(Figure 4) clearly presents the dynamic matching relationship between the model predic-
tions and the actual observations. The horizontal axis of the time series plot covers the
complete observation period from 1 January 2021 to 1 January 2023 (with a time resolution
of 1 h), and the vertical axis shows the temperature range from 5 ◦C to 35 ◦C. The blue solid
line represents the actual temperature profile, and the orange dashed line represents the
model prediction. The solid blue line represents the actual observed temperature profile
and the dashed orange line represents the model prediction, and the two trends are highly
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coincident (Correlation r = 0.986), indicating that the model is able to effectively capture
the core pattern of diurnal temperature fluctuations and sudden weather events.
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4.2. Temperature Prediction for Macau Stations Based on CNN Models

The longitudinal comparative analysis of the model performance under different
prediction time frames shows (Table 2) that the model error increases with the prolongation
of prediction time. The RMSE, MAE, and MRE all show an increasing trend, with the RMSE
increasing by 0.112 per hour on average, which is in line with the law of accumulation of
meteorological prediction errors, indicating that the uncertainty of the model prediction
increases with the increase in time span.

Table 2. Comparison of deep learning models for temperature prediction in Macau with 0–3 h lead
times using ERA5 reanalysis data.

Lead Time RMSE RMSE Growth
Rate MAE MRE (%) Correlation

0 h 0.924 - 0.685 0.530 0.986
+1 h 1.026 +11.0% 0.756 0.588 0.983
+2 h 1.131 +22.4% 0.831 0.653 0.979
+3 h 1.260 +36.4% 0.944 0.725 0.974

Despite the rise in error, the model correlation shows a stable performance. The
correlation coefficient decays from 0.986 to 0.974 from the current moment to the next
3 h prediction time, but it still outperforms some of the traditional interpolation methods,
indicating that the model is able to capture the intrinsic correlation of the data better, even
in long-time prediction.

Combined with its unique advantage in predicting the future time period and its
comprehensive performance in error control and correlation retention, the model has high
practical value in the fields of meteorological prediction and geo-environmental analysis
and can provide valuable reference for related work.
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In the time-series analysis section, the decay pattern of prediction accuracy with the
prediction step size is systematically revealed by constructing the 0–3 h time scale prediction
comparison graph (Figures 5 and 6). The model fitting effect is significantly better than
that of the traditional interpolation method, and the prediction curves are highly consistent
with the measured temperature trends: whether it is the long-term trend prediction over
a two-year time span or the short-term fluctuation simulation over a three-month time
window, the key features of the temperature changes can be effectively captured.
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Figure 7 shows that the training loss is larger than the validation and test losses. This is
because the training loss includes the errors from model and dropout, whereas in validation
and test modes, the loss only reflects the model errors without dropout. On the other hand,
the validation and test losses are gradually separated as the prediction time step continues
to increase. This phenomenon implies that the difference between the model’s performance
on the validation and test sets gradually increases as the prediction time span increases. The
reason for this may be that the uncertainty and complexity in the data increase significantly
as the prediction time span expands, and although the model learns on the training set,
its generalization ability is challenged in the face of the diverse data characteristics of the
validation set and the test set in long time scales.
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4.3. Discussions

In an in-depth investigation of the model performance for different prediction timings,
this study clearly reveals the superiority of the CNN model over the traditional bilinear
interpolation and other methods. In terms of error indicators, the RMSE, MAE, and
MRE of the DL model are significantly lower than those of the traditional method in the
instantaneous prediction (0 h), and with the extension of the prediction time to the next
three hours, although the error increases, the error growth rate and the final absolute
value of the error are still in the acceptable range, and the correlation coefficient is always
maintained at a high level, which is better than that of the traditional bilinear interpolation
method. This indicates that the CNN model has an excellent ability to capture the data
fluctuation patterns and control the error accumulation.

Given the excellent performance of the CNN model in the region around Macau, it
is feasible and potentially valuable to generalize it to other regions. The error growth
pattern over time is in line with the general characteristics of meteorological forecasts and
maintains good correlation under long time forecasts, which provides a solid theoretical
basis for its application in different geographic environments. Although there are geo-
graphical differences in different regions, the principles of spatial and temporal changes in
meteorological elements are common, and the powerful learning and adaptation ability of
the CNN model means it is expected to realize accurate weather prediction and geographic
environment analysis in other regions as well.

5. Conclusions
In this study, a lightweight temperature downscaling model with a two-layer CNN

structure is used to achieve accurate prediction of the observed temperature at a single
station in Macau from ERA5 reanalysis data.
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The experimental results show that our model is far better than the traditional in-
terpolation method in the instantaneous prediction (0 h); the RMSE of the model is 21%
lower than that of Nearest interpolation and 31% lower than that of Linear and Cubic
interpolation. Our model’s stability is especially outstanding in multi-temporal prediction,
and the RMSE of the next 3 h (+3 h) prediction is still better than the instantaneous results
of all the interpolation methods, with the correlation coefficients of all the time periods
higher than 0.97. Moreover, the error increases with the increase in prediction step, which
is in line with the law of meteorological prediction.

The excellent performance of this model provides a more reliable and accurate pre-
diction tool for climate research, ecological environment monitoring, and other fields, and
strongly promotes the research progress and practical application of related fields in a
wider scope. In view of its excellent results in the region around Macau and the universality
of the principle of spatial and temporal variations in meteorological elements, the model
is expected to be extended to other regions, providing solid data support and technical
guarantee for cross-regional decision-making and environmental management, and has a
broad application prospect in future meteorological and geo-environmental studies.
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