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Abstract: This paper proposes deep learning spatiotemporal downscaling (DLSD): a deep learning model that integrates
temperature bias correction and spatiotemporal downscaling based on numerical weather prediction (NWP) to enhance the
accuracy and spatiotemporal resolution of temperature forecasting. The target area is partitioned into multiple subregions,
thereby reducing the complexity of the model and augmenting the training dataset. By employing embedding techniques,
the subregions and temporal variables are encoded in combination with diverse meteorological parameters derived from
NWP for different atmospheric levels, terrain attributes, and geographic coordinates as input features. High-fidelity and
high-resolution surface-temperature datasets serve as training targets. DLSD is implemented in Hubei Province to produce
hourly temperature forecasts at a resolution of 0.05°x0.05°. Upon implementation and benchmarking against Integrated
Forecasting System predictions, it substantially improves evaluation metrics, including the mean absolute error (MAE),
root mean square error, accuracy, and structural similarity index measure. DLSD efficiently reproduces fine spatial details
and excels on regions with substantial elevation variations: the western mountainous area yields a 42.1% MAE reduction,
contrasting with a 28.1% reduction observed on the eastern plains. The model also demonstrates effective temporal
downscaling, narrowing the size of the hourly MAE range from 0.9 °C to between 0.5 and 0.7 °C, thereby enhancing the
stability of hourly forecasts. Site-specific validations affirm the efficacy of DLSD in capturing the variability of daily
temperatures, albeit with less prominent correction enhancements at stations than at grid points; this is partly attributable to
the limited training data and observational sites available for the western mountainous terrain.
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1 INTRODUCTION

Numerical weather prediction (NWP) is currently the
predominant method used for weather forecasting,
achieving remarkable success in areas such as extreme
weather warning and climate-change prediction by
numerically integrating and solving atmospheric states
on a grid-by-grid basis (Bauer et al. 2015). However, the
relentless pursuit of higher temporal and spatial resolutions
in NWP has imposed immense computational demands.
Moreover, the increasing intricacies and inadequacies of
microphysical processes, parameterization schemes, and
discretization algorithms inevitably introduce systemic
model errors (Privé and Errico 2013; Sriver et al. 2015;
Yao et al. 2016; Yang et al. 2022), adding to the limitations
of conventional numerical forecasting approaches.
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In recent years, advances in computer science have
led to the emergence of numerous novel approaches within
the machine learning domain, alongside exploration for
new weather forecasting paradigms. These approaches
include the utilization of purely data-driven machine
learning methodologies to predict future weather
patterns, as these methodologies can mine and analyze
data more efficiently. These capabilities have led them to
showcase great potential and yield a series of
breakthroughs. For example, NVIDIA introduced the
FourCastNet model, which is based on Fourier
transform-inspired deep-learning neural networks. This
was the first approach to increase the spatial resolution of
forecasts to a level comparable to that of mainstream NWP
systems, enabling global weather forecasting at a 0.25°
resolution (Pathak et al. 2022). Huawei Cloud introduced
the Pangu model, which employs a three-dimensional
vision transformer for meteorological data processing.
This was the first time that an artificial intelligence (AI)-
based meteorological model surpassed the most advanced
NWP systems in the world in accuracy: its prediction
accuracy ranged from 1 h to 10 d, which exceeds that of
the Integrated Forecasting System (IFS) of the European
Centre for Medium-Range Weather Forecasts (ECMWF)
(Bi et al. 2023). Google’s DeepMind team unveiled the
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GraphCast model, which is based on graph neural
networks and is capable of generating 10-day weather
forecasts with a spatial resolution of 0.25°x0.25° and
temporal resolution of 6 h within just 60 s, outperforming
Pangu in accuracy (Lam et al. 2023). These data-driven Al
models can be used to produce long-term forecasting
products at extremely low computational costs.
Nonetheless, the current data-driven Al meteorological
models exhibit limitations such as a lack of physical
consistency and a limited number of predicted elements
(Chen et al. 2024). Furthermore, the advent of Al weather
forecasting models is largely attributable to the availability
of high-quality datasets. Notably, all of these Al models
rely on the ECMWF ERAS5 reanalysis dataset with a
spatial resolution of 0.25°x0.25°, inherently limiting the
forecast resolutions of the models to the same level.
Further increases in the resolution of Al weather models is
not only constrained by the availability of datasets, but
also by computational cost, as such an enhancement would
also exponentially increase the computational power
required for model training.

A wide range of sectors, including agriculture,
transportation, energy, and daily life, demand
increasingly accurate and detailed temperature forecasts.
Although NWP- and Al-based meteorological models
have made substantial progress in forecasting large-scale
weather systems, they remain limited in the prediction of
ground temperatures at a local, fine-grained scale. This
limitation primarily manifests in inadequate
representations of smaller-scale meteorological
phenomena, such as those involving complex terrain and
urban heat-island effects (Holtslag et al. 2013; Zhong et al.
2024). NWP models are constrained by the computational
efficiency and sophistication of microphysical
parameterization schemes, leading to limitations in the
precision of temperature forecasting. Moreover, Al
meteorological models face restrictions due to their
computational power and the availability of training
datasets, generally resulting in lower spatiotemporal
resolutions (Huang et al. 2024). To promptly and
effectively deliver precise temperature forecasts with
high spatiotemporal resolutions, postprocessing bias
correction and downscaling methods based on NWP are
currently the most pragmatic and efficient approaches to
address these prevailing challenges.

To obtain a more accurate forecast, bias correction
needs to be applied to NWP. Scholars have proposed
various methods, including model output statistics method
linear regression (Glahn and Lowry 1972; Glahn 2014;
Sheng et al. 2020; Wu et al. 2016), Bayesian models
(Sloughter et al. 2010), Kalman filtering (Buehner et al.
2017; Pelosi et al. 2017; Yang 2019), tree-based machine
learning algorithms (such as random forests, extreme
gradient boosting, and the light gradient boosting machine
(Fang et al. 2024; Li et al. 2019; Ren et al. 2020; Wu et al.
2023)), and deep learning methods based on neural
networks such as convolutional neural networks (CNNs)

and transformers (Alerskans et al. 2022; Chen et al. 2022;
Liu et al. 2023; Xiang et al. 2022; Zhi et al. 2020; Zhong et
al. 2024). The main idea behind these methods is that
NWP may have some biases; however, these biases are
often predictable. For example, if a model systematically
predicts higher temperatures under specific conditions,
optimizing the model output by combining historical NWP
predictions and site observational data can correct this
bias. Practice has proven that these techniques can
effectively improve the quality of NWP forecasts. To
obtain more detailed forecasts, downscaling of NWP
results is necessary. Scholars have developed many
downscaling schemes, which can be divided into
dynamic and statistical downscaling approaches (Meer et
al. 2023). Dynamic downscaling is typically based on
nested high-resolution regional models with limited target
ranges (Hu et al. 2015), which can reduce the imposed
computational load compared with that of global NWP.
However, it still imposes large computational demands and
is limited by the current understanding of atmospheric
physics; thus, this approach has is limited in satisfying
accuracy requirements (Yang et al. 2022). Statistical
downscaling methods typically use statistical models to
establish a relationship between low- and high-resolution
observational data. These statistical methods include linear
regression, decision-tree classifiers, and multilayer
perceptrons (Ba et al. 2018; Beecham et al. 2014;
Gutiérrez et al. 2019; Li and Guo 2017; Srivastava et al.
2013). With the advent of deep learning technology,
researchers have begun to explore the application of deep
learning models to statistical downscaling tasks by
exploiting their efficiency in processing complex
nonlinear relationships and large-scale datasets.
Applications of deep learning to downscaling tasks have
developed rapidly and achieved success. Vandal et al.
(2017) first applied image super-resolution-based deep
learning methods to the downscaling process, and fused
high-resolution terrain data to improve the resolution of
precipitation data. Since then, improved deep learning
methods have been applied to meteorological element
downscaling (Kuang et al. 2022; Stengel et al. 2020; Xiang
et al. 2022; Zhong et al. 2024).

However, previously proposed bias-correction
methods rely primarily on corrections based on
observations from weather stations, without fully
harnessing the potential of various meteorological factors
near stations and terrain features to correct prediction
biases. Furthermore, the previously mentioned deep-
learning-based statistical downscaling approaches only
utilize surface meteorological parameters acquired from
NWP outputs, overlooking the impacts of larger-scale
atmospheric circulation patterns on ground temperatures
and not taking full advantage of the relatively more
accurate upper-air meteorological variable predictions
provided by NWP. This study introduces a novel deep-
learning-based spatiotemporal downscaling and bias
correction approach, which is here called the deep



No.2 HE Huan (fif #%), ZHAO Bi-yun (834 %), et al. 201

learning spatiotemporal downscaling (DLSD) model,
which combines NWP and deep learning techniques. The
target region is initially divided into multiple subregions.
This step simplifies the model structure, reduces the load
on graphics processing unit (GPU) memory during
training, and simultaneously increases the number of
training instances. Subsequently, embedding techniques
are employed to encode both the subregions and temporal
variables. These encoded representations, along with a
range of meteorological parameters provided by NWP
derived from both the upper air and surface levels, as well
as static variables such as terrain and geographical
coordinates, are integrated as input features. Finally, by
leveraging the strong feature extraction capabilities of
CNNs, the model explores deeper connections among
these various factors.

The remainder of this paper is structured as follows:
Section 2 describes the study area and dataset, Section 3
introduces the methodology, Section 4 analyzes the
experimental results, and the conclusion and scope for
future work are presented in Section 5. By training with
more precise and high-resolution surface-temperature
datasets acquired from the China Meteorological
Administration Land Surface Data Assimilation System
(CLDAY) as calibration targets, the DLSD model performs
bias correction on NWP temperature forecasts, yielding
hourly temperature prediction products for the next 0-24-
hour with notably enhanced spatiotemporal resolutions.

2 STUDY AREA AND DATA

2.1 Study area

The selected study area is located in Hubei Province,
which is situated in the middle reaches of the Yangtze
River in China, spanning the longitudes of 108.25°-
116.25°E and latitudes of 28.9°-33.4°N. Predominantly
characterized by a subtropical monsoon climate, the region
experiences complex and variable weather conditions and
possesses a rich array of geographical features. The terrain
slopes from west to east—featuring a dense network of

rivers, mountains, hills, and plains—marking it as a
transition zone from the second to third steps of the
terrain elevation system of China, with significant
altitudinal variations. This region has a well-developed
meteorological observation network and features diverse
terrain and variable weather patterns, rendering it an ideal
experimental area for assessing the applicability of
temperature correction and downscaling forecasting
models. As depicted in Fig. 1, the area is divided into
eastern and western regions, which are divided by a
longitudinal line at 112°E for subsequent zonal evaluation
and testing. A proportion of 86% of the western part has an
altitude exceeding 200 m, with a standard deviation of
496 m, and predominantly comprises complex
mountainous terrain. Conversely, the eastern section
constitutes only 18% of the total area, has an altitude
greater than 200 m with a standard deviation of 168 m, and
primarily comprises plains flatlands.
2.2 Data

The ground-truth target data for model training were
acquired from the CLDAS, with a horizontal spatial
resolution of 0.05°%0.05° and temporal resolution of 1 h.
This dataset is based on the NWP output products, which
include observational data from various sources, such as
ground weather stations and satellites, the space and time
multiscale analysis system, physical inversion,
topographic correction, and other technologies. Relevant
studies have shown that this is the best high-spatial- and
high-temporal-resolution temperature grid product in
China (Liu et al. 2021; Liu et al. 2023; Yu et al. 2019).

The NWP forecasting data used in this study are
obtained from the operational products of the ECMWF
IFS. These data are released twice daily, at 00:00 and
12:00 UTC, with horizontal resolutions of 0.125°x0.125°
for surface meteorological elements and 0.25°x0.25° for
upper-air pressure-level elements. The temporal resolution
of the forecasts is 3 h. The selected NWP forecasting
variables, as detailed in Table 1, comprise 36 variables
across different pressure layers, including geopotential
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Figure 1. Study area shaded by elevation (units: m).
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Table 1. Model input features.

NWP Feature

Level (hPa)

Geopotential height (z)
Temperature (f)
U-component of wind (u)

Pressure level .
V-component of wind (v)

Relative humidity ()

Mean sea-level pressure (msl)

2-meter temperature (2¢)
Surface level 2-meter dewpoint temperature (2d)
0-meter U wind component (10u)

10-meter V wind component (10v)

500, 850, 900, 925, 950, 1000
500, 700, 800, 850, 900, 925, 950, 1000
500, 700, 850, 925, 950
500, 700, 850, 925, 950

200, 300, 400, 500, 600, 700, 800, 850, 900,
925, 950, 1000

Altitude (alt)
Others Longitude (lon)
Latitude (lat)

height, temperature, U- and V-components of wind, and
relative humidity variables. Geopotential heights are tied
to specific constant-altitude surfaces of different variables
in the atmosphere. Temperature and wind parameters are
indicative of the fundamental state of the atmosphere, cold
and warm air advection, and the evolution of weather
patterns. Relative humidity, which is closely related to
cloud cover, directly influences the amount of solar
radiation reaching the ground and thus has a significant
effect on ground temperature. Therefore, relative humidity,
across the widest range of pressure levels, is selected to
represent the observed solar radiation conditions.
Additionally, five surface forecast variables derived from
NWP are selected, all of which directly correlate with
temperature. Furthermore, three static ground-level
variables—altitude (alt), longitude (lon), and latitude
(lat)—are used as indicators of the geographic variations
between different regions.

Air temperature data measured at 80 national
meteorological ground observation stations across Hubei
Province are employed as an independent third-party
dataset to validate the predictive outcomes of the proposed
approach. This dataset is not directly used in the training,
validation, or testing phases of the model, thereby ensuring
a more objective evaluation of the resulting forecasting
performance.

3 METHOD

3.1 Data processing

Because of the substantial reach of the Hubei
Province, which spans longitudes of 108.25°-116.25°E
and latitudes of 28.9°-33.4°N , directly outputting data
at a resolution of 0.05°x0.05° would result in a matrix with
a size of 91x161. This would lead to high model
complexity that, because of the high GPU memory
demands of deep learning models, makes it challenging
to achieve model convergence without advanced computer
hardware. To address this challenge, the target region is
divided into 299 subregions, each with a 7x7 grid

(determined as the optimal grid size through multiple
experiments) at a 0.05°x0.05° resolution. This approach
not only reduces the complexity of the model to facilitate
convergence but also increases the number of training
samples.

To ensure consistency with the hourly resolution of
the CLDAS reference data, the atmospheric and surface
meteorological elements of the ECMWF IFS product are
interpolated hourly using cubic spline interpolation.
Because of the resolution mismatch between the NWP
pressure levels and the surface layer, the NWP outputs of
the deep learning model are unified to a resolution of
0.25°x0.25°. This adjustment facilitates capturing the
broader weather circulation pattern in the region covered
by the NWP data. Similarly, three static ground variables
(alt, lon, and lat) are processed at a 0.25°%x0.25° resolution.
Considering the direct relevance of the 2-meter
temperature, alt, lon, and lat to the temperature labels,
their importance within the neural network is emphasized
by interpolating these four factors to match the 0.05°
resolution of the label data before reinputting them into the
model. Notably, although the central points of the 7x7
grids produced for these four factors align with those of
the 44 remaining factors in the 7x7 grids, their differing
resolutions indicate that they represent different spatial
extents.

Data from January 2020 to March 2023 are used for
model training and validation. Given the sequential nature
of this time-series dataset, random partitioning is not
appropriate; instead, the first 80% of the chronologically
ordered data are used as the training set, with the
remaining 20% serving as the validation set. Data from
April to September 2023 are exclusively set aside for
testing purposes and are not included in either the training
or validation processes. The IFS forecasting data are
released twice daily, at 00:00 and 12:00 UTC; however,
owing to processing and distributional delays, it typically
takes more than 6 h for these data to reach end users.
Consequently, in the testing phase, the model is fed with
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NWP data intended for 12- to 36-hour forecasts, which
aligns with practical operational scenarios. To expedite
model convergence, prior to inputting the data into the
model, Z-score normalization is applied to each of the 48
predictors in the training phase:

z="" )

where x, u, and o are the value, mean, and standard
deviation, respectively, of the factor that needs to be
standardized. The parameters u and o of the training set are
saved to standardize the validation- and testing-set factors.
3.2 Model structure

The mapping relationships of the model vary even
under the same weather circulation pattern owing to the
different locations of the subregions. Similarly,
temperature exhibits distinct diurnal variations that are
directly related to the time of day. Hence, the positions of
the subregions and daytimes corresponding to the
observations are incorporated into the model as factors.
The direct use of natural sequential numbers can lead to
obvious logical errors. For example, 23:00 and 00:00,
although neighboring periods, are the farthest apart in
terms of the numbers that represent them, requiring them
to be treated as categorical variables. Traditional machine
learning methods often employ one-hot encoding (Bishop
2006) to discretize categorical variables into binary
vectors; however, this strategy results in sparse vectors
that fail to consider the inherent relationships among
different categories and are ill-suited for the convolutional
modules involved in deep learning. To address this
problem, embedded encoding was adopted, which is
commonly used in natural-language-processing-based
deep-learning methods (Mikolov et al. 2013). Embedding
transforms categorical variables into continuous vector
representations, which initially sparsifies the variables via
one-hot encoding and then, through neural network
training, increases or reduces the number of dimensions.
This allows the training process to uncover underlying
connections among the sparsified variables, thus
generating new vectors without treating them as entirely
independent categories. Prior to inputting the subregion
position serial numbers and hour numbers into the model,
an autoencoder employing the embedding method is

applied to the 299 subregions and 24 h, with each
categorical variable encoded with a size of 49. After
reshaping the outputs to 7x7x1, these embeddings are
concatenated alongside the aforementioned 48
standardized factors to constitute the model input.

The structure of the DLSD forecasting model is
depicted in Fig. 2. The input data are structured as a matrix
(H, W, C), where H and W are equal to seven, indicating
the number of grids per subregion, and C is equal to 50,
representing the number of channels or predictive factors
used in the convolution operation. Thus, the total input
size is 7x7x50. The input data are fed into a 2D
convolutional layer, which employs two key
characteristics: local connections and shared weights
(Simonyan and Zisserman 2014). Given the weaker
correlations between distant grid points, not every grid
point needs to be globally connected and local connections
suffice. Furthermore, assuming similar statistical
properties among grid points facilitates the sharing of
learned feature parameters across different parts of the
grid, thereby reducing the number of required parameters
and simplifying the network. Each convolution operation
captures the relationships of the temperature with the
nearby meteorological elements and geographic features,
collectively expressing these correlations via trainable
convolution kernel parameters. Recognizing the influence
of large-scale circulation patterns on local temperatures
(Faranda et al. 2023; Wu et al. 2021), multiple
convolutional layers are stacked to expand the receptive
field by integrating both local and global features. Pooling
is not performed after each convolutional layer to prevent
the loss of fine details; instead, the number of convolution
kernels is adjusted to maintain the output grid size. Each
convolutional layer is followed by a batch normalization
(BatchNorm) layer, which stabilizes the data distribution
during training, mitigates variable drift issues, addresses
vanishing gradients, and helps prevent overfitting. It
functions analogously to Z-score normalization, albeit
with its parameters learned during training rather than
statically calculated. Following the BatchNorm layer, a
SoftPlus function introduces nonlinearity akin to that of a
smoothed rectified linear unit (ReLU), avoiding zero
gradients for negative inputs and the “dying neuron”
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Figure 2. Overall structure of the DLSD model.
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problem that is commonly encountered by ReLUs. The
final convolutional layer outputs 10 feature maps
(7x7x10), which are then flattened and passed through a
fully connected (dense) layer. The dense layer ultimately
produces 49 outputs that are reshaped back to a 7x7 grid
corresponding to each subregion. This entire process
corrects and downscales the 3-hour, 0.125°x0.125°-
resolution NWP temperature data to a finer I-hour,
0.05°x0.05°-resolution dataset over the 7x7 grids.
Finally, 299 corrected and downscaled subregions are
reassembled to form the final product, covering the entire
Hubei Province.
3.3 Evaluation metrics

The model output data are validated using CLDAS
data and observations acquired from meteorological
station sites as ground truth. To assess the effectiveness
of both bias correction and spatiotemporal downscaling,
two common evaluation metrics for continuous variables
are used, i.e., the mean absolute error (MAE) and root
mean square error (RMSE), which are defined as follows:

N
MAE =5 > |F-0, ®)

N
RMSE = / ¥ Z(F,» 0 3)

where N is the total number of predicted grid-point values
(stations), and F; and O; are the i-th predicted and true
values, respectively.

Prediction-accuracy metrics are typically used in
classification tasks. Temperature predictions can be
converted to classification values by setting a threshold
. If the absolute error between a prediction and the
corresponding true value is less than or equal to f, the
prediction is a positive sample; whereas if greater than £, it
is a negative sample. f is set as 2 °C. The temperature
prediction accuracy (Acc) is defined as
Ace = oy )
where P and G are the numbers of positive and negative
samples, respectively.

The structural similarity index measure (SSIM) is a
metric used to quantify the similarity between two images
(Wang et al. 2004) and is based on the premise that human
eyes perceive the structural information contained in
images. Compared with traditional metrics, the SSIM
aligns better with human visual perception and is widely
used in the fields of computer vision and image
processing. The SSIM takes into account the brightness,
contrast, and structural texture of images. By substituting
temperature values for image color values, the SSIM can
be employed to evaluate the model, ensuring that the
improvements reflected by evaluation metrics such as
the MAE and RMSE are not merely the result of the
model smoothing out spatial details and losing intricate
features.

_ Oof 2uopy  200¢

SSM G bl oo ®
where symbol “0” indicates the ground-truth field; “f”
denotes the prediction field; x_ and g are the mean values
of the ground truth and prediction, respectively; o, and o¢
are the corresponding standard deviations; and o, is the
covariance of the ground truth and prediction. The three
parts in the equation for the definition of the SSIM
represent, from left to right, the correlation coefficient,
brightness consistency term, and contrast consistency
term. The larger the SSIM value, the more similar the
compared temperature fields.

4 RESULTS

The forecast outcomes produced for the test dataset
spanning April to September 2023 (which are derived from
the IFS and provide forecasts daily at 00:00 and 12:00
UTC) are inspected. These forecasts are subsequently fed
into the DLSD model to generate corrected,
spatiotemporally downscaled temperature forecasts with
a lead time of 0 to 24 h. The DLSD and IFS products are
subsequently compared using various evaluation metrics.
4.1 Grid point inspection

CLDAS grid point data are used as ground truth for
the test dataset, and the evaluation results are listed in
Table 2. The IFS performs poorly because of its coarse
resolution and the more complex terrain in the western
mountainous areas, yielding an MAE of 1.801 °C; this
value is slightly better than that produced in the eastern
plains, where the MAE is 1.349 °C. Compared with those
of the IFS, the MAEs of DLSD in the western and eastern
areas are reduced by 42.1% and 28.1%, respectively.
DLSD produces especially great improvements in the
west; it narrows the gap between the eastern and western
areas, and reduces the MAE to approximately 1 °C. The
RMSE and Acc exhibit similar trends to that of the MAE.
A notable difference is observed between the east and west
before applying the correction strategy, and after the
correction step they show considerable agreement.

From the perspective of image similarity, DLSD does
not reduce the MAE, RMSE, or other evaluation indicators
through fuzzification, and the SSIM in each region
significantly improves compared with that achieved by
the IFS. Notably, the SSIM values produced by DLSD and
the IFS for the mountainous areas in the midwestern
region are greater than those for the eastern plain, which

Table 2. Evaluation metrics produced for different regions from
the test dataset with a 0—24-hour forecast lead time.

Region Model MAE RMSE Acc SSIM
DLSD 1.003 1.358 0.888 0.917

Total

IFS 1.559 2.03 0.713 0.8

DLSD 1.042 1.397 0.879 0.922

West
IFS 1.801 2.318 0.64 0.753
DLSD 0.97 1.323 0.896 0.817

East

IFS 1.349 1.74 0.776 0.65
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contrasts with the other metrics. This is due to the large
regional differences represented by the graph, and it is
meaningless to compare the SSIM values of different
graphs, as this metric can only be compared between
different models applied to the same region (Wang et al.
2004). The range of spatial variation in the temperature in
the eastern plain is small, and a small temperature
prediction error may lead to a large decrease in the SSIM.
4.2 Spatial downscaling by calculating differences

To further study the effectiveness of the model in
spatial downscaling tasks, MAEs are obtained by
comparing DLSD and IFS outputs to CLDAS
temperature products under a 0-24-hour lead time from
April to September 2023. Subsequently, the spatial
distributions of the MAEs and their relationships with
altitude are investigated, as illustrated in Fig. 3. The spatial
distributions of the MAEs produced by DLSD and the IFS,
combined with the regional boundaries of Hubei Province
(Fig. 1), are shown in Figs. 3a and 3b, respectively. The
IFS products mainly produce large errors in areas with
large altitudinal variations. The MAEs in some areas
exceed 6 °C, and the maximum grid-point MAE reaches
9.05 °C, whereas the performance achieved in flat areas is
relatively good, ranging from 1 to 2 °C. After applying the
correction scheme of the DLSD model, the MAE
decreases by 35.7%. A total of 57% of the grid-point
MAE is maintained within 1 °C. Significant corrections
are observed in the maximum area of the MAE yielded by
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the IFS, and the maximum grid point MAE of the DLSD
model is 2.07 °C, which is a substantial decrease.

The distributions of MAE in different altitude ranges
are shown in Figs. 3c and 3d. In areas higher than 200 m
above sea level, the average MAE of the IFS is 1.81 °C,
and the average MAE of DLSD is 1.04 °C. In the areas
below 200 m above sea level, the average MAE of the IFS
is 1.30 °C, and the average MAE of DLSD is 0.97 °C. It
appears that DLSD has strong correction capabilities for
complex mountainous areas. In addition, the spatial
distribution of the DLSD errors is more uniform than
that of the IFS errors, and only a few areas have slightly
larger values. According to the topographic map, the
terrains of these areas are extremely complex, with
crisscrossing gullies and isolated peaks. Temperature and
terrain data with a 5-km resolution still cannot perfectly
describe the microclimates in mountainous areas, and
more refined target CLDAS grid data are needed to
achieve better results.

Figure 4 shows a comparison between the results of
the 6-, 12-, 18-, and 24-hour lead-time temperature
forecasts from 00:00 UTC on September 1, 2023, and
the grid-point values of the CLDAS. The IFS roughly
reflects the spatial distribution of the temperature;
however, the temperature biases at some time stamps are
large, and the temperature refinements produced in high-
elevation areas are insufficient and lack detailed structural
characteristics. After revision of the DLSD model,
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Figure 3. (a, c) Spatial distributions of the MAEs and their relationships with altitude produced by the differences between DLSD
and CLDAS, and the differences (b, d) between IFS and CLDAS under 0-24-hour forecast lead times from April to September 2023

(units: °C).
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Figure 4. Comparison among the results obtained by DLSD, IFS, and CLDAS (units: °C) with (a—c) 6-hour, (d—f) 12-hour, (g—i) 18-
hour, and (j-1) 24-hour forecast lead times from 00:00 UTC on September 1, 2023.

predictions at all four forecast lead times effectively reflect
the refined temperature structure, indicating that spatial
downscaling does not fuzzify the forecasting products.
This is confirmed by the SSIM values (Ding et al. 2024;
Hess and Boers 2022). Compared with those of the
CLDAS, the SSIMs of the IFS at the four time steps are
0.744, 0.786, 0.771, and 0.758, respectively, while DLSD
improves the SSIMs to 0.849, 0.945, 0.952, and 0.934. The
results show that the DLSD model can reconstruct small-
scale spatial details, and the errors between the
downscaled results and true values are smaller.
4.3 Temporal downscaling

The DLSD model framework incorporates a temporal
encoding feature; therefore, the temperature bias
correction and spatial downscaling processes are
accompanied by temporal downscaling. The temporal
resolution of the IFS prediction product is 3 h, which is
increased to 1 h by using the DLSD model. The daily
variational characteristics exhibited by the MAEs obtained
by comparing the DLSD and IFS outputs with the CLDAS
are compared under 0-24-hour forecast lead times from
April to September 2023 at 00:00 UTC and 12:00 UTC, as
shown in Fig. 5. The forecast lead times of 0, 3, 6, ..., 18,
21, and 24 h are the original outputs of the IFS, and the
remaining IFS lead-time data are obtained via cubic spline

interpolation. Within a 24-hour period, the hourly MAEs
of the two products are larger in the daytime and smaller at
night. This is because factors such as convective weather
and solar radiation lead to greater uncertainty during
daytime, as NWP models are typically limited in accuracy
when simulating these phenomena, thus, this occurrence is
commonly observed (Chen et al. 2022). DLSD has an
obvious corrective effect on the IFS, and its results are
better than the hourly IFS results of day. The IFS performs
especially poorly during the high-temperature daytime
period (5-8-hour lead times from 00:00 UTC and 17-20-
hour lead times from 12:00 UTC), with its maximum MAE
reaching 2.2 °C, whereas the maximum correction range of
DLSD at this time is 0.7-0.9 °C. The difference between
the maximum and minimum hourly MAE of the 0—24-hour
IFS data is 0.9 °C, and DLSD reduces it to between 0.5
and 0.7 °C, which reduces small time differences and
enhances the stability of hourly temperature predictions.
In addition, discontinuous sections are observed at 22
and 23 h (00:00 UTC) and at 10 and 11 h (12:00 UTC) for
the IFS products because this is the local time of sunrise.
Generally, the temperature continues to decrease at night
and starts to increase at this time, but the data from the
interpolation scheme do not show this feature, resulting in
a sudden increase in the MAE of the IFS at this time,
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Figure 5. MAEs resulting from comparison of DLSD and IFS with CLDAS under forecast lead times of 0—24 h from (a) 00:00 UTC and

(b) 12:00 UTC between April and September 2023.

whereas DLSD still provides very stable corrections.
Moreover, at the interpolated NWP time points, the DLSD
results are relatively smooth compared with the adjacent
time points, with no sudden MAE increases, which is
mainly due to the addition of temporal encoding features.
The proposed model can minimize the error introduced by
direct temporal NWP interpolation, indicating the stability
of the DLSD model and effectiveness of its temporal
downscaling.
4.4 Station inspection

To further verify the effectiveness of the proposed
model, the observational data from the third-party stations
are used to independently test the model forecasting
results—these data are not directly involved in the model
training, validation, and testing processes. Furthermore,
the DLSD and IFS results are interpolated to the
meteorological stations via the bilinear method to
evaluate their forecasts more objectively. Fig. 6 shows
the spatial distributions of the MAEs from DLSD and the
IFS relative to the observed values at the meteorological
stations. The differences in the MAEs of the IFS among
the stations in the eastern region are small, and the model
performs well; however, obvious errors occur at many
stations in the western region, for which the maximum
MAE is 2.87 °C. By contrast, the MAEs of the DLSD
model at most stations are substantially reduced, and the
effect in the western region is more notable. After the
correction step, the difference between the eastern and
western regions is substantially reduced. DLSD produces a
negative correction for only one station in the northwest
(lon: 110.75°E, lat: 32.05°N), where the MAE increases
from 1.679 to 1.721 °C, which can be considered
equivalent to no correction. DLSD has an obvious effect
on the IFS in terms of station forecast correction. The
MAE:s of all stations decrease from 1.497 to 1.157, with a
reduction of 22.7%; those of the eastern station decrease
by 19.2%, whereas those of the western station decrease
by 27.2%, which is less than the MAE reductions obtained
in the grid test. The main reason for this is that the training
labels of the DLSD model use the grid point live test,
which has several advantages. In addition, for both the grid
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Figure 6. Spatial distributions of the 0—24-hour lead-time MAEs
produced by the (a) DLSD and (b) IFS relative to the true station
temperatures from April to September 2023 (units: °C).

and station tests, the largest reduction is observed in the
western region. However, because relatively few stations
are located in the western mountainous region, the
reductions achieved for all station tests are not as good
as those achieved in the grid test.

Figure 7 shows the hourly Acc values of DLSD and
the IFS relative to the observed values of the
meteorological stations from April to September 2023;
these results are consistent with those of the grid test.
DLSD leads in terms of Acc each time. The accuracies of
DLSD and the IFS are characterized by daily variations in
a single-valley distribution, and the accuracies are lower at
15-19 h (Beijing Time); that is, the nadir values for Acc
occur from the afternoon to the evening. During this period
from April to September, many afternoon showers
occurred in Hubei Province (Fang et al. 2024; Lin et al.
2016), and the temperature fluctuated greatly, resulting in a
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Figure 7. Hourly accuracies (Acc) of DLSD and the IFS with respect to the observed values of meteorological stations from April to

September 2023.

reduction in accuracy. Although both DLSD and the IFS
yield relatively low values at this time, the correction
range of DLSD relative to that of the IFS reaches its
maximum. DLSD can learn the diurnal variation
characteristics of temperature through training and can
be effectively corrected.

5 CONCLUSION

In this study, a deep learning model based on NWP,
called DLSD, is proposed; this approach is a fusion
scheme consisting of temperature bias correction and
spatiotemporal downscaling. Based on a CNN, the model
divides the research area into several subregions to reduce
model complexity and increase the number of training
samples. The subregions and time variables encoded by
embedding and static variables such as high-altitude and
ground-level meteorological elements, terrain, longitude,
and latitude output by NWP are input as features. Using
CLDAS grid temperature data with greater accuracy and
higher resolution as training targets, the bias of the NWP
temperature forecasts is corrected, and temperature
forecasting results with higher temporal and spatial
resolutions are obtained. The model is applied to Hubei
Province and compared with IFS products. The results
show the following:

(1) The temperature prediction product with a 1-hour
temporal resolution and a 0.05°x0.05° horizontal
resolution provided by the DLSD model is significantly
better than that provided by the IFS model in terms of the
MAE, RMSE, Acc, and SSIM evaluation. In a grid test, the
MAE is reduced by 35.7% overall, indicating strong
applicability in operational meteorological services, and
the SSIM shows that the reductions in the MAE, RMSE, or
other evaluation metrics brought about by DLSD is not the
result of fuzziness.

(2) The DLSD model can reconstruct small-scale
spatial details and has a stronger forecasting capability and
larger correction range in areas with large altitudinal
variations. The maximum MAE of the IFS predictions is

9.05 °C, and the maximum MAE of DLSD is 2.07 °C in
areas with complex terrain, representing a substantial
decrease. Overall, the MAE decreases by 42.1% in the
west, which has complex terrain, and by 28.1% in the east,
which has flat terrain.

(3) The addition of temporal encoding features can
minimize the error introduced by direct temporal NWP
interpolation, thereby increasing the temporal downscaling
effect of DLSD. The difference between the maximum and
minimum hourly MAE of the 0-24-hour IFS data is
0.9 °C; DLSD reduces this to 0.5-0.7 °C and significantly
enhances the stability of the hourly temperature forecasts.
In addition, the corrective effect is stronger in periods with
poor IFS forecasts, especially in high-temperature periods
during daytime. The maximum MAE of the IFS is 2.2 °C,
whereas the maximum correction range of DLSD is
0.7-0.9 °C.

(4) A station test shows that the DLSD correction
process is effective and performs well in both time and
space. The daily variational characteristics of temperature
can be learned through training and effectively corrected.
However, because of the DLSD training tag data and the
relatively small number of observation stations located in
the western mountainous areas, the reduction in MAE
during station correction is not as good as that observed
during grid correction.

This study shows that, under NWP limitations
induced by computational-power deficiencies and
microphysical parameterization schemes, the bias
correction and spatiotemporal downscaling strategy
applied to NWP meteorological elements based on a
deep learning model is effective in producing higher-
resolution meteorological-element predictions. The DLSD
model shows good applicability in the Hubei Province,
which has complex and variable weather conditions and
rich geographical characteristics. It is also expected to
have good applicability in other regions. However, there is
room for improvement in some areas with extremely
complex terrains, which require higher-resolution grid data
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as training target features. In addition, the accuracy of the
NWP data, which are the inputs of the DLSD model,
changes with forecast lead-time alterations, and the
forecast lead time can be input as an encoding feature.
These results can be used in future research to improve
forecasting.
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