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Abstract

The increase in extreme weather events has raised the demand for very short-range forecasts in Guangdong, the
most populous province in China. Although global Al-based weather forecasting models provide strong medium-
range guidance, they remain suboptimal for regional very short-range predictions. To address this, we developed
a spatio-temporal graph neural network (STGNN) for Guangdong, featuring an unstructured, variable-resolution
graph refined over the Pearl River Delta. The core of the network is 1-D dilated causal temporal convolutions and
spatial convolutions on combined static and dynamic graphs. A spatial mean constraint and Laplacian-residual
regularization were incorporated into the loss function to enhance physical consistency. Trained on historical
reanalysis dataset, the model generates hourly forecasts for multiple near-surface atmospheric variables for the
next six hours. Verification against an independent test-set and observations, using multiple metrics, demonstrates
high predictive skill and strong spatio-temporal coherence for 2 m temperature and sea-level pressure. For 10 m
winds and 2 m humidity, model errors grow larger with lead time. Case studies of an extreme heatwave event in
Guangzhou and the post-landfall evolution of Super Typhoon Saola effectively capture the evolution characteristics
and spatial patterns, while underestimates the peak temperatures, maximum winds and minimum sea-level
pressures. These results support the use of variable-resolution STGNN as a practical approach for very short-range
regional forecasting in Guangdong, China.
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Introduction

With the intensification of global warming, the frequency
of extreme weather events has increased in recent years,
underscoring the urgent need for very short-range
weather forecasts (up to 12 h) for timely and actionable
local warnings (Scher and Messori 2019). Guangdong
Province, situated in a subtropical monsoon climate zone
on China’s southeastern coast, experiences complex, rap-
idly changing meteorological conditions due to its unique
coastal, mountainous, and densely urbanized terrains
(Cheng et al. 2021). The Pearl River Delta (PRD), in par-
ticular, as one of the country’s most densely populated
and economically dynamic regions, is vulnerable to heat-
waves, typhoons, and heavy rainfall (Yang et al. 2015).
This makes reliable very short-range forecasting essen-
tial for disaster mitigation and safeguarding agriculture,
infrastructure, and socioeconomic stability (Alley et al.
2019).

Traditional numerical models have played a central role
in regional short-range weather forecasting (Bauer et al.
2015) and other geoscience applications (e.g. Wang et al.
2025) over the past years. Mesoscale models such as the
Weather Research and Forecasting (WRF) model and the
China Meteorological Administration mesoscale model
(CMA-MESO) have been widely applied in Guangdong
Province, contributing to significant advances (Xin et
al. 2023; Feng et al. 2021; Huang et al. 2020). However,
their reliance on explicit representation of dynamical and
physical processes makes high-resolution simulations
computationally expensive, limiting their operational use
for real-time applications (Schultz et al. 2021; Brotzge et
al. 2023). In addition, short-range forecasting requires
highly accurate initial conditions, the assimilation of fre-
quent and dense observations remains challenging (Gus-
tafsson et al. 2018). Moreover, numerical models remain
inadequate in resolving the fine-scale land-sea-air inter-
actions in Guangdong Province (Jin et al. 2023).

In recent years, the success of deep learning has led to
a new generation of data-driven “Al models” that exploit
vast historical datasets for “end-to-end” weather predic-
tion (Chen et al. 2023; Chen et al. 2025; Jiménez-Esteve
et al. 2025; Ren et al. 2021) and air quality prediction (Fu
et al. 2025). Representative examples include GraphCast,
developed by Google DeepMind using graph neural net-
works (GNN) (Lam et al. 2023); FourCastNet, built on
Fourier neural operators (FNO) by NVIDIA (Pathak et al.
2022); Pangu-Weather, introduced by Huawei Cloud in
2023, which uses a three-dimensional (3D) Transformer
architecture and has achieved medium-range forecast
skill comparable to the European Centre for Medium-
Range Weather Forecasts (ECMWEF) Integrated Fore-
casting System (IFS) (Bi et al. 2023; Hua et al. 2025); and,
more recently, Microsoft’s Aurora Al weather model
has shown strong performance in forecasting tropical
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cyclone, and with fine-tuning, extends its capability to
global forecasts of air quality and ocean waves (Bodnar
et al. 2025).

In early 2025, ECMWF officially operationalized its
Al-based weather model, AIFS, running it alongside the
traditional IFS to deliver global medium-range forecasts
up to 15 days, marking a milestone in integrating Al into
operational weather forecasting (Lang et al. 2024). In
July 2025, ECMWF operationally launched the ensemble
version of its Al Forecasting System (AIFS-ENS) which
consists of 51 perturbed members designed to generate
probabilistic distributions. Compared with the physics-
based system, AIFS improves forecast accuracy for vari-
ables such as surface temperature (Pan et al. 2025). More
importantly, benefiting from advanced Graphics Process-
ing Unit (GPU) technology, it produces forecasts more
than an order of magnitude faster while reducing energy
consumption by roughly three orders of magnitude.

Although Al-based weather models have achieved
notable success, they are primarily designed for global
medium-range forecasting, typically with a six-hour
time step and thus cannot meet the requirements of very
short-range (e.g., hourly) predictions (Conti 2024). More-
over, they typically provide outputs on a regular global
grid of 0.25° horizontal resolution, which limits their
ability to capture fine-scale, unstructured local meteo-
rological features (Camps-Valls et al. 2025). As current
progress in regional short-range forecasting remains
limited, advancing deep learning—based approaches is
therefore essential to address these deficiencies (Xu et al.
2025).

In this study, we propose a variable-resolution unstruc-
tured spatio-temporal graph neural network (STGNN)
framework that integrates both static and dynamic
graphs. The model is trained on historical reanalysis data
to capture multivariate, unstructured spatio-temporal
patterns and generate six-hourly surface weather fore-
casts. Its performance is evaluated against independent
observational and reanalysis datasets using multiple met-
rics, and two case studies—including an extreme heat
event and a typhoon—are examined to assess the model’s
forecasting skill.

Data and methods

Spatio-temporal graph neural network (STGNN)

STGNN is a deep learning framework that combines
graph structures with time-series modeling via graph
convolution for spatial topology and 1-D convolutions
for temporal dynamics, to capture spatial and temporal
dependencies in non-Euclidean space (Zhou et al. 2020;
Sahili and Awad 2023). In this study, we construct an
unstructured graph with 250 nodes across Guangdong
Province, with increased resolution in the Pearl River
Delta (PRD) region (Fig. la). This “variable-resolution
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Fig. 1 (a) The unstructured graph across Guangdong Province, consisting of 250 nodes with higher resolution in the Pearl River Delta (~ 14 km) to en-
hance detail in key subregions and coarser resolution elsewhere (~28 km) to maintain manageable computational cost. (b) The network architecture
(left) and the spatio-temporal core module (right)
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unstructured graph” simply refers to a spatial mesh in
which station density varies by region and nodes are not
arranged on a regular latitude—longitude lattice. Our
design preserves broad regional coverage while enhanc-
ing representation in critical subregions.

The overall architecture builds on Graph WaveNet with
some specific modifications (Wu et al. 2019). For tempo-
ral modeling, causal dilated convolutions are employed to
capture long-range dependencies efficiently. In the spa-
tial dimension, a dynamic graph is introduced alongside
the static unstructured graph, enabling graph convolu-
tion to represent both fixed topologies and time-varying
relationships. The “dynamic graph” denotes adjacency
matrices that evolve with time or input features, enabling
the network to learn transient, flow-dependent spatial
dependencies beyond the static graph. This architecture
effectively captures spatio-temporal evolution in multi-
variate, unstructured meteorological networks, balancing
predictive accuracy with computational efficiency and
showing strong potential for regional very short-range
weather forecasting. A schematic overview of the net-
work architecture is shown in Fig. 1b.

Data

1) ERAS: This study uses the fifth-generation global
reanalysis dataset (ERA5), produced by the ECMWE.
ERAS5 combines a wide range of global observations
with the IFS model, providing a physically consistent,
multivariate dataset coupling the atmosphere, land,
and ocean (Hersbach et al. 2020). It resolves 137
vertical model levels from the surface to 0.01 hPa
and has a horizontal resolution of approximately
0.25°x 0.25° globally. The dataset is available hourly
from January 1940 to the present and is updated

in near real time. With its high spatio-temporal
consistency and accuracy across a wide range of
variables, ERA5 has become one of the most widely
used reanalysis products in meteorological and
climate research and serves as a standard benchmark
for machine learning—based forecasting models
(Huang et al. 2024).

ISD-Lite: We also use the Integrated Surface
Database (ISD) from the U.S. National Centers

for Environmental Information (NCEI). The ISD
aggregates hourly and synoptic observations from
meteorological stations worldwide, drawing on
digitized historical records as well as modern
automated systems. Spanning from 1901 to the
present, it provides variables including temperature,
dew point, sea-level pressure, wind speed and
direction, wind gusts, cloud cover, visibility,
precipitation and snow depth (Smith et al. 2011). A
simplified version, ISD-Lite, retains commonly used
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variables while excluding sub-hourly records and
redundant information to facilitate processing.

3) GLO-90: We use the Copernicus global digital
surface elevation model GLO-90 (Copernicus
DEM GLO-90), provided under the Copernicus
Program by the European Space Agency (ESA) and
the European Union (EU). This dataset offers global
land coverage (excluding oceans) at a horizontal
resolution of approximately 90 m (Guth et al. 2021).
Surface elevation values within the study domain
are extracted with high fidelity, allowing accurate
representation of complex topographic features.

Model training

We use ERA5 data from 2000 to 2022 as the model train-
ing set (20% for validation), and employ 2023-2024 as
an independent evaluation dataset. Original gridded
variables are interpolated to unstructured graph nodes.
Model inputs consist of three categories:

1) Meteorological variables: hourly fields of five
near-surface variables over the past 24 h, including
2 m temperature (T2m), relative humidity (RH,
derived from 2 m dew point temperature), mean
sea-level pressure (MSLP), and 10 m u- and v-wind
components (U10 and V10).

2) Temporal features: hour of day and day of year,
represented by sine and cosine transformations to
preserve periodicity.

3) Static information: latitude and longitude, elevation,
and the adjacency matrix of the static unstructured
graph.

The model predicts the same five variables at hourly
intervals for the next six hours. Training samples are gen-
erated with a sliding-window approach, and all variables
are standardized.

For model training, we employ a composite loss func-
tion consisting of three components: Huber loss, spatial
mean constraint, and Laplacian residual regularization:

L= EHubcr + )\spacc £spacc + )\lap Elap (1)

The Huber loss Lxyuber is defined as:

LHuber = ﬁ ZiEQ Ps (El) (2)
1.2
_J ze le] <&
pé(e)—{ Sle— 36> |e| > 6 ®)

where, ps (e) is the Huber function, E =Y — Y is the
residual between the prediction and ground truth, Q
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denotes the set of all sample indices, 6 = 1.0 is the
threshold.

The spatial mean constraint Lgpace is designed to
penalize discrepancies in spatial averages between pre-
diction and ground truth:

Lspace = Mmeany (Y) — meany (Y)g (4)

where, meany (-) denotes averaging over spatial nodes.
The weight is Aspace = 1.0xe73.

The Laplacian residual regularization encourages resid-
uals to be spatially smooth by penalizing high-frequency

variations on the graph, and is defined as:
1 T
Liap = 17 2ica T LaTi (5)

where, r € RY denotes the residual vector over all N
graph nodes, L, is the normalized graph Laplacian con-
structed from the static adjacency matrix. The weight is
AMap = 5.0xe™ %

Overall, the Laplacian-residual term suppresses non-
physical small-scale noise during training, while the spa-
tial-mean constraint prevents domain-wide drift in the
predicted fields. Together, they reduce systematic errors
and guide the model toward more physically consistent
and stable solutions.

Metrics
To evaluate the model forecasting performance, we use
multiple evaluation metrics:

1) MAE/RMSE: The Mean Absolute Error (MAE)
measures the average absolute error; The Root
Mean Squared Error (RMSE) quantify the level of
error dispersion, with greater sensitivity to large
deviations. Both retain the units of the variable.

9 ~
MAE:%Zi:l Y Y

RMSE = \/Sg S (vi- TQ)Q

2) R2Score: The Coefficient of determination (R?) is
used for evaluating the model six-hourly temporal
prediction skill. It quantifies the proportion of
variance in the true values explained by the six-
hourly forecast relative to a mean-only baseline.
Values closer to one indicate better model
performance.
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3) SSIM Score: We use the Structural Similarity Index
(SSIM) to evaluate model spatial forecast skill. It
measures the similarity of spatial structure between
model forecast and truth. SSIM typically ranges from
zero to one, with values closer to 1 indicating higher
spatial similarity.

(2;1,)*, py +C1 ) (2UYY +Cg)

SSIM = (i) (o2 +ot i)

(8)

where, 11y and py denote the mean values of the forecast
2 2 . .
and truth, 07 and oy are their variances. oy, represents

the covariance and C; and C5 are small constants intro-
duced to ensure numerical stability.

Results

Spatial evaluation of model forecast skill

We first examined the spatial distribution of the model
forecast performance across the whole evaluation data-
set using MAE, RMSE and R? (Fig. 2). The test set is fur-
ther divided into four seasonal subsets, and MAE/RMSE
are computed separately for each subset, as summarized
in Table 1. The first column presents the mean fields of
five near-surface meteorological variables from ERAS5.
The second and third columns show the mean MAE and
RMSE of the model forecasts. Overall, MAE and RMSE
exhibit consistent spatial patterns across different vari-
ables, suggesting that the model forecasts are stable and
minimally affected by outliers. For 2 m temperature and
humidity, errors are concentrated in the eastern region,
whereas the Pearl River Delta shows the smallest errors,
with mean values of approximately 0.75 °C and 4.4%,
respectively. Errors in mean sea-level pressure remain
close to 0.6 hPa, with slightly larger values in the north.
In contrast, the 10 m horizontal wind components (u
and v) show greater errors along the southern coast (with
maximum over 1 m/s), where wind structures are mainly
driven by complex land-sea interactions, while errors
in the northern area are comparatively smaller (about
0.5 m/s). We further assessed forecast skill over a 6-h
horizon using the coefficient of determination (R?). For
2 m temperature and mean sea-level pressure, R? values
are generally above 0.7 (locally exceeding 0.8), indicating
relatively high predictive skill. Humidity yields slightly
lower skill, though R? remains above 0.6 overall. Wind
forecasts show the weakest performance, with R? values
around 0.4, consistent with their higher error levels.

Temporal evaluation of model forecast skill
We further examined how model forecast performance
evolves with lead time. All variables were standardized
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Fig. 2 Spatial distribution of the mean fields from ERA5 (first column), along with model forecast errors evaluated by MAE (second column), RMSE (third
column), and R? (fourth column). Panels (a—d) show results for 2 m temperature, (e~h) for 2 m relative humidity, (i-1) for mean sea-level pressure, (m-p)

for the 10 m u-wind component, and (q-t) for the 10 m v-wind component

Table 1 MAE / RMSE of the test set for different seasonal periods
Jan-Feb-Mar Apr-May-Jun Jul-Aug-Sep Oct-Nov-Dec

2m (°C) 0.73/0.96 0.60/0.82 0.58/0.79 0.56/0.74
RH (%) 4.27/555 2.86/3.94 3.11/4.18 3.21/4.25
MSLP (hPa) 0.44/0.56 0.59/0.76 0.45/0.57 0.37/0.49
U10 (m/s)  0.48/0.65 0.54/0.74 0.49/0.64 0.46/0.62
V10 (m/s)  0.53/0.72 0.64/0.88 0.54/0.70 0.50/0.68

to enable inter-comparison. The standardized MAE and
RMSE were calculated as a function of forecast horizon.
Overall, MAE and RMSE show consistent temporal pat-
terns, suggesting that forecast errors remain stable over
time (Fig. 3a and 3b). As expected, errors for all vari-
ables increase with lead time, though their magnitudes
and growth rates differ. The linear RMSE growth rate
for each variable is computed: Mean sea-level pressure
(1.37%) and 2 m temperature (2.03%) exhibit the smallest
errors and the slowest error growth, reflecting the mod-
el’'s high skill for relatively stable fields. Relative humidity
errors fall in the mid-range (3.71%), while 10 m horizon-
tal wind, particularly the u-component (5.78%, 4.39% for
v-wind), shows the largest errors, consistent with the
spatial error distributions. We also assessed spatial simi-
larity over forecast time using SSIM scores, adopting 0.8
as the threshold for skillful forecasts (Fig. 3c). Within the

six-hour lead time, the model effectively reproduces the
spatial structures of 2 m temperature and mean sea-level
pressure fields. In contrast, for humidity and wind fields,
the model maintains reasonable skill during the first
three hours, but its ability to capture spatial structures
declines thereafter as errors increase.

Case study I: an extreme heat event in Guangzhou

Beyond the evaluation of overall model performance,
we carried out case studies on extreme very short-range
weather events. From 3 to 8 August 2024, Guangzhou
experienced a five-day extreme summer heatwave, with
daily maximum 2 m temperatures well above the long-
term average for the same period. This event had notable
impacts on urban residents, public health, and electricity
demand. Station observations from ISD-Lite show that
maximum temperatures exceeded 37 °C for three con-
secutive days, peaking at 38 °C (Fig. 4a). Concurrently,
as temperature increased, saturation vapor pressure
rose sharply, and minimum relative humidity dropped to
around 50% (Fig. 4b). ERA5 data reproduce the general
evolution reasonably well but underestimate the maxi-
mum temperature (~ 1.5 °C) and overestimate the lowest
relative humidity (~8%). These biases may be attributed
to systematic model errors and uncertainties introduced
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during the extreme heatwave from 3 to 8 August 2024

from station interpolation. The one-hour lead model
forecasts agree closely with ERAS5, thus inheriting these
biases relative to the observations. At three- and six-
hour lead times, these biases become larger, especially for
extreme values (Fig. 4). Even so, the model overall gives a
reasonable representation of the heatwave event.

Case study ll: Super Typhoon Saola

Guangdong Province is among the regions in China
most frequently affected by tropical cyclones, which
regularly trigger very short-range extreme weather and
cause severe societal and economic impacts. To evaluate
the model’s capability for such events, we selected Super
Typhoon Saola in 2023 as a representative case. Saola was
one of the strongest typhoons to make landfall in Guang-
dong in recent years. According to reports by the Hong
Kong Observatory, Saola originated over the western
Pacific on 24 August, strengthened as it moved north-
westward into the South China Sea, and reached typhoon
intensity before landfall on the coast of Zhuhai at round
20:30 (UTC) on 1 September. It produced destructive
winds and heavy rainfall across the Pearl River Delta.

We examined the six-hour post-landfall evolution
of Typhoon Saola. ERA5 reanalysis data show that the
cyclone continued moving westward, maintaining a min-
imum central pressure of around 980 hPa and maximum
sustained winds exceeding 20 m/s (Fig. 5a). The model

forecasts reproduced these features with reasonable
accuracy (Fig. 5b). During the first three hours, the cen-
tral pressure was slightly underestimated and wind speed
errors remained small. Beyond three hours, pressure and
wind biases became more pronounced. This suggests that
for strong typhoons, the model’s forecasting skill remains
limited but still shows a certain level of predictive capa-
bility at short lead times.

Discussion

The above results indicate that the model provides a
reasonable level of forecast skill. To further assess its
performance, we adopted a 6-h persistence forecast as
a baseline and compared the RMSE of the STGNN with
that of the Pangu-Weather forecasts (Fig. 6). The STGNN
consistently outperforms the Pangu model across all lead
times. At the 1-h lead time, its performance is compa-
rable to the persistence baseline; however, as lead time
increases to 2—6 h, the persistence forecast degrades rap-
idly, whereas the STGNN exhibits only a modest increase
in error. These findings highlight an important limita-
tion: although state-of-the-art Al weather models excel at
global medium-range prediction, their skill does not nec-
essarily transfer to localized, high-resolution very short-
term forecasting. This underscores the need to develop
dedicated Al models tailored for regional very short-term
prediction.
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Forecasts of winds show larger errors that grow with
forecast lead time. These degradations are especially pro-
nounced in the southern coastal regions, where strong
interactions among large-scale circulation, complex
topography, and heterogeneous surface conditions. These
factors produce rapidly varying wind structures that are
difficult for the model to capture. The temporal evolution
of spatial similarity (Fig. 3c) also shows discrepancies in
relative humidity, which is strongly influenced by surface
conditions, evapotranspiration, and wind variability. As a
result, errors in wind forecasts propagate into the humid-
ity field, amplifying structural differences. Given the
heterogeneous land-surface and topographic features,
incorporating additional static (e.g., land-use, land-type)
or dynamic (e.g., soil moisture, vegetation state) informa-
tion into the predictors could enhance the model’s abil-
ity and performance. In addition, the STGNN is a general
framework; with appropriate retraining or fine-tuning

that accounts for regional topography and surface condi-
tions, the model can be transferred to other areas.
Although the model succeeds in reproducing the over-
all evolution of extreme events, its ability to forecast
the peaks (or troughs) remains limited (Figs. 4 and 5).
The ERAS5 reanalysis data, which are produced with the
ECMWE IES global numerical model, are well-suited for
mid-range forecasting but are likely to underrepresent
small-scale extremes (Potisomporn et al. 2023). Previ-
ous studies have also shown that current numerical mod-
els tend to underestimate short-range extreme weather
events, such as intense tropical cyclones, heatwaves, and
heavy rainfall (Ghimire et al. 2019; Hsu et al. 2019; Done
et al. 2015). Incorporating observational datasets into the
training process, or applying observationally constrained
fine-tuning to the pre-trained Al models, may provide a
promising pathway to further improve forecasting skill.
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(b) Mean Sea Level Pressure (MSLP)
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Fig. 6 Six-hour RMSE evolution for the STGNN, Pangu-Weather, and persistence models: (a) 2 m temperature; (b) mean sea-level pressure; (€) 10 m u-

wind; (d) 10 m v-wind

Conclusion
This study developed a variable-resolution unstructured
spatio-temporal graph neural network (STGNN) for
Guangdong Province, with refined grids over the Pearl
River Delta. The model combines static and dynamic
graphs to capture the coordinated spatial evolution of
multiple meteorological variables. Spatial consistency
was reinforced by incorporating a spatial mean constraint
and Laplacian residual regularization into the loss func-
tion. Trained on multi-year historical ERA5 reanalysis,
the model generates six-hourly forecasts of 2 m tempera-
ture, mean sea-level pressure, relative humidity, and 10 m
wind. Evaluation against independent observations and
ERADS test sets showed relatively low errors and high spa-
tial-temporal consistency for temperature and pressure,
with R? and SSIM values reaching around 0.8. Forecast
skill degraded with lead time for wind and humidity, with
the wind R? score dropping to around 0.5 and humidity
SSIM score decreasing to approximately 0.6 at six-hour
lead time. These results highlight the challenges of cap-
turing rapidly evolving wind structures and the associ-
ated wind—evaporation feedback on humidity. Additional
case studies with extreme events, including persistent
heatwaves and a landfalling strong typhoon, further
revealed that the model can reproduce the overall evolu-
tion of such extremes but tends to underestimate their
intensity, particularly the peak temperatures during heat-
wave and the strong winds associated with severe tropi-
cal cyclones.

In summary, this work demonstrates the potential
of spatio-temporal graph-based deep learning for very
short-range regional weather forecasting, while also

identifying critical challenges related to surface hetero-
geneity, wind-humidity coupling, and extreme-event
intensity. Incorporating detailed surface parameters, and
applying observationally constrained fine-tuning, could
represent promising directions for improving model
performance.
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