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Highlights

What are the main findings?

o  The proposed STGAF-Net effectively integrates radar and surface wind speed data
through two-stage gated fusion, local-global encoding, and lightweight non-recurrent
temporal modeling.

e  An adaptive wind-speed-weighted Huber loss is designed to dynamically adjust the
Huber threshold based on the batch-wise error distribution, thereby mitigating perfor-
mance degradation for samples exceeding high-wind-speed thresholds.

What are the implications of the main findings?

e  This model framework helps to address these limitations of existing deep learning
models, mitigating performance degradation at high-wind-speed thresholds.

e  Accurate and efficient wind speed nowcasting can support traffic management, emer-
gency response, and wind-risk assessment.

Abstract

Accurate wind speed nowcasting is critical for wind-risk assessment, traffic management,
and emergency response. However, existing deep learning methods still suffer from in-
adequate multi-source meteorological data fusion, multi-step error accumulation, and
performance decay at high-wind-speed thresholds. To address these issues, this paper
proposes STGAF-Net, a multi-source spatiotemporal gated adaptive fusion network. It
uses radar reflectivity and surface wind speed as complementary inputs, employs col-
laborative local-global encoding to capture local details and long-range spatial depen-
dencies, and adaptively integrates multi-source features through stage-wise gating. Tem-
porally, non-recurrent spatiotemporal modeling dynamically adjusts the contribution of
each historical time step based on sequence evolution and time intervals, enabling paral-
lel prediction of future wind fields. This end-to-end framework effectively bolsters spa-
tial structure preservation and long-range dependency modeling for severe winds. The
experimental results demonstrate that STGAF-Net achieves the strongest overall perfor-
mance among seven learning-based baselines and a non-learning persistence forecast on
two datasets, particularly at high-wind-speed thresholds and at later lead times within the
2-h nowcasting horizon.

Remote Sens. 2026, 18, 3692

https://doi.org/10.3390/1s18213692


https://crossmark.crossref.org/dialog?doi=10.3390/rs18213692&domain=pdf&date_stamp=2026-11-05
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-7520-4417
https://orcid.org/0009-0002-6161-4324
https://orcid.org/0009-0007-3359-2769
https://orcid.org/0009-0001-4912-5221
https://orcid.org/0000-0002-5187-7721
https://doi.org/10.3390/rs18213692

Remote Sens. 2026, 18, 3692

2 of 28

Keywords: wind speed nowcasting; multi-source data fusion; deep learning; gated
adaptive fusion; spatiotemporal modeling

1. Introduction

Severe convective winds are generally triggered by meso- and small-scale convective
systems and are characterized by strong localization, rapid development, a short duration,
and high disaster risk [1-3]. Surface wind speeds can change markedly within a short
period and exhibit complex spatial propagation and local intensification [2]. Fine-grid,
short-lead forecasts of future wind speed distributions can extend warning lead times and
provide spatially targeted guidance for transportation, outdoor facility protection, and
emergency response [4]. However, wind-field evolution is jointly affected by convective
structure, environmental flow, and surface conditions. A single station or meteorological
variable therefore cannot fully describe the initiation, movement, and decay of strong-wind
areas [5].

Traditional wind speed nowcasting methods mainly include numerical weather pre-
diction, statistical models, and shallow machine learning approaches [6,7]. In operational
nowcasting verification, Eulerian persistence is commonly used as a simple non-learning
reference forecast. It assumes that the latest observed field remains unchanged at all subse-
quent lead times and can remain competitive over very short forecast horizons because of the
temporal continuity of meteorological fields [8]. Numerical weather prediction describes
wind-field evolution by solving atmospheric dynamical and thermodynamic equations and
therefore has a clear physical basis. However, high-resolution simulations place substantial
demands on initial-condition quality and computing resources [9]. ARIMA, support vector
regression, and related hybrid models can extract patterns from historical sequences and
have been widely applied to single-site and short-term prediction [10-12]. Nevertheless,
these methods generally depend on linear assumptions, handcrafted features, or limited rep-
resentations of spatial relationships, making them poorly suited to the strong nonlinearity
and complex spatiotemporal coupling of regional wind fields [13,14].

In recent years, deep learning has attracted extensive attention in wind speed nowcast-
ing because of its ability to learn representations directly from meteorological data [15].
LSTM [16], GRU, and their convolutional variants model temporal dependencies through
gating mechanisms [17]. ConvLSTM [18], PredRNN++ [19], and MIM [20] further com-
bine spatial feature extraction with sequence evolution to learn spatiotemporal variations
in meteorological fields. Fully convolutional networks and attention-based models have
also been introduced for spatiotemporal prediction, using parallel computation to enlarge
the effective receptive field and reduce reliance on stepwise recurrence. SimVP [21] is a
purely CNN-based spatiotemporal prediction model with an encoder—translator-decoder
architecture. EarthFarseer [22], a representative Transformer model, combines local convo-
lution with a global Fourier Transformer to capture both global and local interactions in
spatiotemporal dynamical systems and has shown substantial potential in meteorological
nowcasting. Although these studies improve the representation of nonlinear evolution,
recurrent structures may still accumulate errors over longer forecast horizons. Local convo-
lution alone cannot adequately establish relationships between distant regions, whereas
direct global self-attention incurs high computational and memory costs.

Multi-source meteorological observations provide richer information for addressing
these limitations. Zhang et al. [23] proposed a deep learning model based on a convolution-
self-attention architecture and integrated meteorological variables from different modalities
through a spatiotemporal fusion module, achieving high-accuracy intelligent forecasts
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of short-term low-altitude wind fields. More recently, Geng et al. [24] proposed MSF-
PhyDRNN, a physics-driven recurrent network that integrates radar reflectivity and surface
wind fields through multi-source feature fusion for short-term thunderstorm-gale now-
casting. Because it addresses the same target variable using comparable multi-source
observations, MSF-PhyDRNN constitutes the most closely related learning-based reference
for the present study. For wind speed nowcasting, surface wind speed directly describes
the state of the near-surface wind field, while weather radar reflectivity characterizes the
location, morphology, intensity, and evolution of convective systems and is valuable for
identifying convectively induced gusts [25]. The two data sources are therefore strongly
complementary in physical meaning and spatiotemporal behavior. However, their statistical
distributions and informative content differ. Simple concatenation or uniform weighting
can propagate irrelevant echoes, background noise, and redundant wind responses into the
prediction network [24,26]. The contribution of radar information also varies by processing
stage. During spatial encoding, radar data are well suited to locating and correcting wind
structures associated with convection; during temporal evolution, they can provide dynamic
precursors of future wind speed changes. Multi-source fusion should therefore perform
content-dependent spatial selection and temporal correction rather than a single fusion
operation at one location [27].

Existing approaches also face two related spatiotemporal modeling challenges. First,
strong-wind cores, local gradients, and echo boundaries require fine neighborhood fea-
tures, whereas the organization and propagation of convective systems and their influence
across regions require long-range spatial relationships. Frequent downsampling reduces
computation but may blur strong-wind boundaries and isolated high-value regions. Con-
versely, global modeling at the original resolution can be prohibitively expensive. Second,
historical observations contribute unequally to future wind speeds. Fixed temporal weights
cannot distinguish rapidly developing periods from stable periods, while stepwise recur-
rence propagates errors from one prediction to subsequent steps. Wind speed nowcasting
therefore requires a model that preserves local details, captures global context at moderate
computational cost, and dynamically selects important historical information according to
inter-frame changes.

To address these challenges, we propose the multi-source spatiotemporal gated adap-
tive fusion network, STGAF-Net. The network separately encodes radar reflectivity and
surface wind speed and applies gated fusion after spatial encoding and temporal evolution to
exploit radar information at both stages. A local convolution branch preserves strong-wind
cores, local gradients, and echo boundaries. A compressed global attention branch retains
full-resolution queries while compressing keys and values, thereby establishing long-range
spatial relationships at lower computational cost. Learnable weights adaptively combine
the two branches. To avoid fixed temporal weighting and recurrent error accumulation,
the non-recurrent Difference-Aware Peripheral Time Units (DAP-TUs) process historical
sequences in a unified time—channel space, using decomposed large-kernel convolutions
to capture propagation patterns from local cores to surrounding regions and temporal
difference gating to adaptively weight historical time steps according to feature changes
and time intervals. We further design an Adaptive Wind-speed-weighted Huber (AWH)
loss, which uses a dynamic threshold and wind-speed-dependent weights to emphasize
high-wind-speed regions. The resulting end-to-end framework improves the preservation
of strong-wind spatial structures and the modeling of long-term dependencies.

The main contributions of this work are summarized as follows:

1. We propose a dual-branch local-global encoder with a two-stage gated adaptive fusion
mechanism. It preserves fine-scale strong-wind structures through local convolutions
and captures long-range spatial dependencies through compressed global attention.
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Two gated fusion stages then adaptively integrate radar reflectivity and surface wind
speed features after spatial encoding and temporal evolution, respectively.

2. We design the non-recurrent Difference-Aware Peripheral Time Units (DAP-TUs). De-
composed large-kernel convolutions enlarge the effective receptive field, and dynamic
weights derived from inter-frame content differences and time intervals emphasize
important historical time steps. The unit processes the complete historical sequence in
parallel and reduces error accumulation caused by stepwise recurrence.

3. We introduce an Adaptive Wind-speed-weighted Huber (AWH) loss. By dynamically
adjusting the Huber threshold and assigning greater loss weights to samples exceeding
high-wind-speed thresholds, AWH accurately fits small errors, robustly suppresses large
errors, and mitigates performance degradation under high-wind-speed conditions.

4.  Comprehensive experiments against seven representative learning-based baselines
and a non-learning persistence forecast on the Jiangsu and Convective Gusts datasets
demonstrate the effectiveness of STGAF-Net, particularly at high wind-speed thresh-
olds and longer forecast lead times.

2. Methodology
2.1. Problem Definition

The evolution of wind fields is driven by complex interactions among multiple atmo-
spheric factors. This study focuses on nowcasting across continuous grid-based wind fields,
a task inherently formulated as a high-dimensional spatiotemporal modeling problem
spanning spatial (longitude, latitude), temporal, and meteorological variable dimensions.
Specifically, the target geographic domain is discretized into regular grid cells, with each
cell functioning as a spatial observation node that tracks dynamic meteorological variations
over time. To capture these underlying dynamics accurately, we integrate weather radar
reflectivity and surface wind speed as complementary multi-source inputs. At any given
time step 7, the observation field is represented by a tensor X, € RE*©W where B
is the batch size, C denotes the channel dimension of meteorological variables (C = 2,
corresponding to radar reflectivity and wind speed), and H x W denotes the spatial grid
dimensions. The objective of wind speed nowcasting is to predict the most probable future
wind speed sequence of length g, denoted as W_,;, W_,,,..., W, +q- conditioned on the
historical sequence of the preceding s observations X,_ 1, ..., X..

2.2. STGAF-Net Overall Architecture

The overall architecture of STGAF-Net is shown in Figure 1. The network consists
of five main components: a dual-branch encoder, a spatial fusion module, Difference-
Aware Peripheral Time Units (DAP-TUs), a temporal fusion module, and a decoder. To
accurately predict wind speeds over the 0-2 h nowcasting horizon, the model integrates
surface wind fields and radar reflectivity. As defined above, the historical meteorological

tensor containing two variables (C = 2), X, € RBXTxCxHxW

, is used directly as the initial
input, where B denotes the batch size, T denotes the number of time steps, and H and W
denote the numbers of grid points in the study domain. The wind and radar sequences are
first processed by two parallel encoders to obtain source-specific spatial representations.
The Spatial Fusion Module then uses the radar representation to selectively enhance the wind
features through spatial gating. Subsequently, the two feature sequences are independently
processed by the DAP-TUs to capture their temporal evolution. The Temporal Fusion Module
further incorporates temporal precursor information from the evolving radar features into
the wind representation through channel gating. Finally, the decoder transforms the fused

spatiotemporal representation into wind speed fields for multiple future time steps.
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Figure 1. The overall architecture of STGAF-Net.

2.3. Encoder—Decoder

To extract spatial information at different scales from wind fields and radar reflectivity,
we design the local-global dual-branch encoder shown in Figure 2. The local convolu-
tion and compressed global attention branches operate in parallel to capture multiscale
spatial features.

For the input field at any given time step, X € RET*>XH*W 3 shallow mapping unit
consisting of a 3 x 3 convolution, batch normalization, and a ReLU activation function is
first employed for initial encoding. This unit maps the raw meteorological variable into a
unified feature space:

F, = ReLU[BN(Convs,3(X))] (1)

The embedding layer increases the channel dimension to provide sufficient repre-
sentational capacity for subsequent attention and channel mixing. Meanwhile, the local
convolution performs preliminary denoising and neighborhood feature extraction before
the features enter the two branches. Subsequently, F is fed simultaneously into the local
convolution branch and the compressed global attention branch.
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Figure 2. The structure of the encoder-decoder.
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2.3.1. Local Convolution Branch

The local convolution branch uses depthwise separable convolution to extract neigh-
borhood information. A 3 x 3 depthwise convolution first processes each feature channel
independently, capturing local textures, gradient changes, and spatial boundaries at low
computational cost. A 1x1 pointwise convolution then enables information exchange across
channels. The local feature extraction process is expressed as follows:

F, = F, + BN[PWConv,,, (ReLU(BN(DWConvs,;(Fy))))] (2)

where DWConvj,3(-) denotes a 3 x 3 depthwise convolution and PWConv,,;(-) denotes
a 1 x 1 pointwise convolution. Compared with standard convolution, this structure sub-
stantially reduces the parameter count and computational cost while preserving local
representation capacity. The residual connection passes the original embedded features
directly to the branch output, helping preserve wind-field boundaries, isolated high-value
points, and fine radar-echo textures while improving gradient propagation through the
deep network.

2.3.2. Global Attention Branch

Inspired by the Compressed Vision Transformer (CViT) proposed by Yuan et al. [28],
we introduce a compressed global attention branch into the encoder. This branch retains
the full spatial resolution of query (Q) while compressing only key (K) and value (V).
It therefore reduces spatial redundancy in wind and radar features while maintaining
sensitivity to important locations and long-range context. The input features are first layer-
normalized, after which 3 x 3 depthwise and 1 x 1 pointwise convolutions generate the
query, key, and value features:

Q = WyWZ(LN(F), K =W W;(LN(F,), V=W, W (LN (3)

where W’ denotes a 3 x 3 depthwise convolution that extracts local spatial structures, and
W;,') denotes a 1 x 1 pointwise convolution that mixes channel information. Wind fields and
radar reflectivity generally exhibit strong spatial continuity, and adjacent grid cells contain
redundant information. Q retains the response at every original location and therefore
preserves the full spatial resolution. K and V are spatially compressed to obtain compact
global context:

K,V = BEK,V) (4)

where B(-) denotes bilinear interpolation. The compressed K, and V, have smaller spatial
dimensions, whereas Q retains the same resolution as the original features. Global attention
is then computed from the compressed keys and values, and the aggregated result is
projected through depthwise and pointwise convolutions:

KT
F, =W,W,Att(Q K. V,), Att(QK,V,) = Softmax(Q\/_c + R)VC (5)
d

where 4 is the feature dimension of each attention head and R is a learnable relative po-
sitional bias that represents the direction and distance between spatial locations. Finally,
the attention features are combined with the input through a residual connection, and a
feed-forward network further extracts nonlinear inter-channel relationships:

G=F,+F,, F;=G+MLP(LN(G)) (6)
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By retaining full-resolution queries and compressing keys and values, this branch mod-
els long-range spatial relationships in wind and radar features with lower computational
and memory costs. It provides a representation with complete positional responses and
global context for subsequent local-global feature fusion.

2.3.3. Adaptive Local-Global Fusion

After extracting local and global features, we introduce the learnable coefficients a;
and & to fuse the two branches:

Fic =aFp +acFg (7)

where «; and a; control the contributions of local and global information to the encoded
representation, respectively. The fused features are then passed through a 3 x 3 convolution,
batch normalization, a ReLU activation, and a 1x 1 convolution to obtain the encoder output:

Four = Convy, (ReLU(BN(Convs,;(Fic)))) (8)

This design adaptively balances local details and long-range dependencies. The de-
coder uses the same local-global dual-branch unit but processes only the fused target
wind-field features. A final 1 x 1 convolution projects the hidden representation onto a
single-channel wind speed field. The encoder maintains the original spatial resolution
throughout, reducing the blurring of strong-wind boundaries caused by downsampling.

The decoder mirrors the encoder and performs spatiotemporal reconstruction only on
the target wind-field features after multi-source fusion. Subsequently, a final 1 x 1 convolution
performs linear projection, and the resulting features are rearranged as F,, € RE*TowxIxHxW

to produce single-channel wind speed fields at multiple future time steps.

2.4. Spatial Fusion Module

The dual-branch encoders produce the wind spatial feature F5, and radar spatial
feature F;. Because radar reflectivity describes the location, morphology, and intensity of
convective systems, we design a Spatial Fusion Module, as shown in Figure 1, that uses
radar information to correct wind features. Inspired by the multiple gates in LSTM, the
module uses separate forget and memory pathways to filter the original wind information
and introduce complementary radar information. For clarity, a single Spatial Gate Module
(SGM), illustrated in Figure 3, represents both gating pathways in the schematic. Specifically,
SGM applies channel-wise average and maximum pooling to the radar features, concatenates
the results, and uses a 7 x 7 convolution followed by a sigmoid function to generate spatial
gate weights. The spatial fusion process is expressed as follows:

fs = SGM(F;) = ¢ (Convy,;(Cat| MaxPool (F,); AvgPool (F7) ) ®)

is = fs © tanh(FY), Fg=f£; 0F, +1i5 (10)

where f; denotes the spatial forget gate, which selects and retains wind features related
to convective activity; is denotes the spatial memory term, which writes complementary
radar information into the wind features; Cat(-) denotes feature concatenation; and ©
denotes element-wise multiplication. The Spatial Fusion Module therefore suppresses
weakly related wind responses and uses the location, morphology, and intensity of radar
echoes to correct the spatial structure of the wind field.

https://doi.org/10.3390/1s18213692
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Figure 3. The structure of the Spatial Gate Module.

2.5. Difference-Aware Peripheral Time Units

Wind fields exhibit both short-term fluctuations and long-term evolution. We therefore
design the non-recurrent Difference-Aware Peripheral Time Unit (DAP-TU), shown in
Figure 4. It combines decomposed large-kernel convolution with inter-frame dynamic
gating to enlarge the spatial receptive field, adaptively weight historical information, and
avoid recurrent error accumulation.

RBTxCxHxW

For the wind feature F5 € , we merge the temporal and channel dimensions:

z, = R(FS) c RBxTCxHxW (11)

where R (-) denotes dimension rearrangement, enabling all historical frames to be pro-
cessed in parallel. The upper branch models core-to-periphery spatial propagation using
a 3 x 3 depthwise convolution, a dilated depthwise convolution, and a learnable central-
response coefficient:

P = Wlxl[DWConvgx3(DWConv3x3(z,)) —tanh(B)) © DWConV3X3(zl)] (12)

where d is the dilation rate, W, ; denotes a 1 x 1 convolution, and ® denotes element-
wise multiplication. Decomposed large-kernel convolution captures surrounding context
efficiently, while B controls the central response. Since tanh(B) € [—1, 1], the branch can
preserve, enhance, or suppress core information according to the wind-field process.

)

DW3x3

Figure 4. The structure of the Difference-Aware Peripheral Time Unit. Here, q, = GAP(z), and A, (+)
denotes the first-order temporal difference operator, producing Aq,, = q,, — q,,_,, with Aq,, = 0.

Spatial convolution alone cannot distinguish the importance of different historical time
steps. The lower DAP-TU branch therefore introduces temporal difference-aware gating.
Global average pooling first obtains the temporal descriptor q,, which is concatenated with
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its first-order temporal difference Aq,. Their concatenated representation is processed by a
one-dimensional convolution to generate dynamic weights:

a;;, = 20[ConvlD;_3(Cat[q; Aq,])] (13)

where Cat[-] and o () denote feature concatenation and the sigmoid function, respectively.
The gate spans (0, 2): values below 1 suppress less relevant frames, whereas values above
1 emphasize rapidly evolving or important periods. Because 20 (0) = 1, initializing the
Conv1D output near zero approximately preserves the original feature scale. The temporal
weights modulate the peripheral spatial responses, after which pointwise convolution and
a residual connection produce the output:

z, =2+ Wiy (P1+1 ©apy) (14)

The residual connection preserves the original information and limits the influence
of gating errors. Stacked DAP-TUs progressively capture core-to-periphery propagation
and adjust the contribution of historical frames according to content differences and time
intervals. By processing the complete sequence in a unified time-channel space without
stepwise feedback, DAP-TU reduces error accumulation in multi-step nowcasting.

2.6. Temporal Fusion Module

After evolution modeling by the DAP-TUs, the model obtains the wind evolution
feature F,, and radar evolution feature F}. The Temporal Fusion Module, as shown in
Figure 1, uses the same forget-memory mechanism as the Spatial Fusion Module to further
correct wind features at the temporal-evolution level. Its Channel Gate Module (CGM),
illustrated in Figure 5, applies global maximum and average pooling to the radar evolution
features, maps the channels through an MLP, adds the outputs of the two branches, and
applies a sigmoid function to generate channel gate weights. The temporal fusion process
is expressed as follows:

fr = CGM(F,) = o[ MLP(AvgPool (F,)) + MLP(MaxPool(F;)) | (15)

ir = f; © tanh(F}), Fr=fr 0FL +i; (16)

where f; denotes the temporal forget gate, which selectively retains effective wind evolu-
tion information, and i denotes the temporal memory term, which writes radar-derived
precursor information related to future wind speed changes into the wind features. The

resulting F; € REXTCxHxW

contains both the intrinsic evolution of the wind field and dy-
namic complementary information from radar reflectivity and is passed to the decoder to

generate future wind speed distributions.

(mp ] (AP )
v

v
(mLp ) [(mLp ]

Sigmoid

Figure 5. The structure of the Channel Gate Module.
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3. Experiments
3.1. Dataset

Experiments were conducted on two multi-source meteorological datasets: the Jiangsu
Multi-Source Meteorological Dataset and the Convective Gusts Dataset [29].

The Jiangsu Multi-Source Meteorological Dataset was obtained from the 2022 Jiangsu
Meteorological Artificial Intelligence Algorithm Challenge on the Tianchi Platform. It
contains paired radar reflectivity and automatic weather station observations collected
over Jiangsu Province, China, from April to September during 2019-2021. Both radar and
wind products are provided on a common 480 x 560 longitude-latitude grid with a spatial
resolution of 0.01° (approximately 1 km) and a temporal resolution of 6 min. The radar
input consists of quality-controlled reflectivity mosaics at an altitude of 3 km generated
from multiple S-band weather radars. During preprocessing by the data provider, non-
meteorological echoes were removed, radar observations from multiple elevation angles
were interpolated onto a constant-altitude Cartesian plane at 3 km, and radar fields from
multiple stations were mosaicked to generate spatially continuous reflectivity fields. The
resulting radar reflectivity values range from 0 to 70 dBZ. The corresponding wind data
consist of 6-min mean wind-speed fields ranging from 0 to 35 m/s, generated by interpolating
automatic weather station observations onto the same regular grid using Inverse Distance
Weighting (IDW) [30]. Although the interpolation may introduce some uncertainty due to
the spatial sparsity of station observations, it enables the construction of spatially continuous
wind fields that are spatially aligned with the radar data. In our preprocessing pipeline, both
radar reflectivity and wind-speed fields are downsampled from 480 x 560 to 120 x 140 pixels
using bilinear interpolation and normalized to the range [0,1] to reduce computational
and memory costs. Before window extraction, continuous NPY files corresponding to
independent weather processes were assigned to either the training or validation subset.
A 40-frame sliding window was then applied within each file, where the first 20 radar
reflectivity and wind-speed fields were used as model inputs, and the subsequent 20 wind-
speed fields were used as nowcasting targets at lead times of 6-120 min. No sliding window
was allowed to cross either a file boundary or a training—validation subset boundary, thereby
preventing information leakage between the two subsets. This procedure produced a total
of 26,328 samples, including 23,695 for training and 2633 for validation.

The Convective Gusts Dataset used in this study was obtained from the publicly
available Convective Gusts Datasets (Radar Reflectivity and Wind Observations), Version
4.0, hosted by Harvard Dataverse [29]. It contains paired radar-reflectivity and average-
surface-wind-speed (ASWS) fields for convective-weather processes from April to October
during 2016-2021. The domain extends from 116.33°E to 121.93°E and from 30.40°N to
35.20°N, covering a common 480 x 560 grid with a spacing of 0.01° and an interval of 6 min.
The radar product is a 3-km constant-altitude reflectivity mosaic (RMOS) generated from
10 CINRAD/SA Doppler weather radars, rather than composite or fixed-elevation reflectiv-
ity. The target is gridded 10-m ASWS, defined as a 2-min average of 3-s measurements rather
than peak gust speed. Before release, the data provider linearly interpolated the original
5-min station observations to 6-min intervals, regridded them by IDW using the four nearest
stations within 15 km and a power of 2, and aligned them with the radar mosaics. Coastal
and marine grid cells without adequate station support were assigned zero; consequently,
the 0.01° grid spacing should not be interpreted as the effective observational resolution. We
directly used these released gridded products and did not repeat the station-level temporal
interpolation, IDW regridding, or operational radar mosaicking. In the processed version
used here, radar reflectivity and wind speed were decoded to 0-70 dBZ and 0-35 m/s,
respectively. Reflectivity below 10 dBZ and visually identified anomalous radar values
were set to zero, problematic fields were removed, and the two variables were matched
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in space and time. For model training, both variables were bilinearly downsampled to
120 x 140 pixels and normalized as R" = R/70 and V' = V/35. Before window extraction,
all NPY files belonging to the same independent weather process were assigned exclusively
to either the training or validation subset. Sliding windows were subsequently constructed
within each NPY file, and no window was allowed to cross a file or subset boundary.
Consequently, no original frame or weather process was shared between the training and
validation subsets, thereby preventing information leakage caused by overlapping sliding
windows. Within each file, a 40-frame window was used, with the first 20 radar and wind
fields as inputs and the subsequent 20 wind fields as targets at lead times of 6-120 min.
This procedure generated 4469 samples, including 4027 for training and 442 for validation.

3.2. Experimental Setup
3.2.1. Implementation Details

All experiments were implemented using the PyTorch (version 2.1.2) deep learning
framework on an NVIDIA RTX 4090 GPU (24 GB). The structures of the local-global encoder,
Spatial Fusion Module, DAP-TU, Temporal Fusion Module, and decoder are detailed in
the preceding Methodology subsections. To facilitate reproducibility without repeating
these descriptions, only implementation-specific settings not introduced above are reported
here. The two source-specific encoders independently project radar and surface wind
data into 32-channel feature spaces, and the DAP-TU-based temporal evolution stage uses
eight stacked units. During the training phase, all models were trained for 80 epochs with
a batch size of 4, an initial learning rate of 1073, and the Adam optimizer. To increase the
model’s focus on high-wind-speed regions while reducing the influence of anomalous
errors during training, we propose an Adaptive Wind-speed-weighted Huber (AWH) loss.
Building on the standard Huber loss [31], AWH introduces wind-speed-dependent weights
and an adaptive threshold. The weights are dynamically calculated from the observed wind
speeds, assigning larger loss weights to high-wind-speed regions and thereby strengthening
the learning of high-wind-speed features. Since the wind-speed data are normalized to
[0,1] during preprocessing, the normalized observation y, ; ,, is first converted back to the
physical wind-speed scale using Y} ,, ,, = 35y, , ., before calculating the weights. The weight
matrix is defined as:

Yt,h,z(fwl(’glO(k)
Wy = clip(loif* ,0.4,10.8) (17)
Based on this weighting scheme, the AWH loss is formulated as:
1T E&E 2 et < O3
£AWH = F Z Z Z Wt,h,w o 1 (18)
t=1 h=1w=1 8 (enw—398), Conw = 0n
Chw = |]/t,h,w - gt,h,w| (19)

where ¢, ;, ,, denotes the absolute error between the normalized observed and predicted
wind-speed values at time step t and spatial location (1, w). W, , ,, denotes the correspond-
ing wind-speed weight, while T, H, and W denote the prediction-sequence length, height,
and width of the wind field, respectively. The adaptive threshold ¢ 5 is defined as the median
absolute error of the current batch and is constrained between 0.05 and 0.20. Hyperparame-
ters k and « are set to 16.0 and 8.05, respectively, with the weights bounded within [0.4, 10.8]
to prevent numerical instability during training. These hyperparameters and bounds were
empirically determined through extensive tuning in preliminary experiments to balance
the emphasis on high-wind-speed errors and the overall stability of model training. The
factor of 35 used to recover the physical wind speed originates from the data-normalization
procedure, in which 35 m/s was adopted as the upper bound according to the wind-speed
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range of the dataset. For small errors, the quadratic term provides smooth and precise
optimization; for large errors, the linear term suppresses the influence of anomalous pre-
dictions. By coupling adaptive Huber regression with wind-speed-dependent weighting,
AWH preserves training stability while enhancing the focus on high-wind-speed events.

3.2.2. Evaluation Metrics

To comprehensively evaluate wind speed nowcasting performance, we utilized three
standard meteorological metrics, including the Critical Success Index (CSI) [32], Probability
of Detection (POD) [33], and Heidke Skill Score (HSS) [34]. These metrics provide an
objective assessment of the model’s ability to identify wind speed events at different intensity
levels. For each evaluation threshold 7, the predicted and ground-truth wind speed fields
were converted into binary matrices, where pixels with wind speed values greater than or
equal to T were assigned a value of 1, while the remaining pixels were assigned a value of
0. Based on these binary matrices, a confusion matrix was constructed to characterize the
correspondence between the forecast and ground-truth wind speed events. As shown in
Table 1, it includes true positives (prediction = 1, truth = 1, denoted as TP), false positives
(prediction = 1, truth = 0, denoted as FP), true negatives (prediction = 0, truth = 0, denoted
as TN), and false negatives (prediction = 0, truth = 1, denoted as FN). These quantities were
subsequently used to compute CSI, POD, and HSS. In this study, four wind speed thresholds
were considered: 1.6 m/s, 5.5 m/s, 10.8 m/s, and 17.2 m/s. These thresholds correspond to
the lower bounds of wind-force levels 2, 4, 6, and 8, representing light breeze, moderate
breeze, strong breeze, and gale conditions, respectively, and thus provide representative
evaluation points spanning weak to high-wind regimes.

Table 1. Confusion matrix.

Prediction: 1 Prediction: 0
Truth: 1 TP (true positive) FN (false negative)
Truth: 0 FP (false positive) TN (true negative)

The CSI, also known as the threat score (TS), evaluates the overall accuracy of wind
event nowcasting by considering both missed events and false alarms. It is calculated
as follows: P

= TN 20)

The POD measures the proportion of observed wind events that are correctly detected

by the model. It is calculated as follows:

TP

POD = 1518

(21)
The HSS evaluates nowcasting skill by accounting for correct predictions that may
occur by chance. It is calculated as follows:

3 2 x (TP x TN — FN x FP)
" (TP 4 EN)(FN + TN) + (TP + FP)(FP + TN)

HSS (22)
The values of CSI and POD range from 0 to 1, and the HSS value varies between —1
and 1. The CSI, POD, and HSS can intuitively reflect the model’s performance for real-world
applications, with higher values indicating better predictive performance.
To complement the threshold-based categorical metrics, we further employ three
continuous and structural evaluation metrics, namely the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE) [35], and Structural Similarity Index Measure (SSIM) [36].
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Before evaluation, the normalized predictions and observations were converted back to the
physical scale by multiplying them by 35. MAE and RMSE were calculated over all samples
and spatial grid points within each batch and forecast lead time, and the reported values
were then averaged over all batches and 20 lead times. Thus, MAE and RMSE are reported
in m/s, whereas SSIM is dimensionless. The combination of these metrics provides a more
comprehensive assessment of the nowcasting performance in terms of pixel-wise accuracy,
sensitivity to large errors, and preservation of spatial wind patterns.

The MAE measures the average absolute deviation between the predicted wind speed
field Y and the ground-truth field Y:

1 H
MAE:HXW;

where H and W denote the height and width of the wind speed field, respectively. A lower

M=

) |Yi, -V, (23)

]

Il
—_

MAE indicates a smaller average nowcasting error and better overall prediction accuracy.
The RMSE measures the square root of the average squared difference between the
predicted and ground-truth wind speed fields:

1 d¥ o \2

i=1j=1

Compared with MAE, RMSE assigns greater penalties to large nowcasting errors and
is therefore more sensitive to substantial deviations in high-wind-speed regions. A lower
RMSE indicates higher pixel-wise nowcasting accuracy.

Although SSIM was originally developed for image-quality assessment, it is applicable
here as a complementary structural metric because the prediction target is represented as a
two-dimensional gridded scalar wind-speed field. SSIM evaluates the structural similarity
between the predicted and ground-truth wind speed fields by jointly considering luminance,
contrast, and spatial structure. In this context, the local mean term reflects the background
wind-speed level, the local variance and contrast terms characterize spatial gradients and
intensity heterogeneity, and the covariance term measures the similarity of spatial organiza-
tion, including the location, extent, continuity, and morphology of high-wind regions. SSIM
therefore complements MAE and RMSE by evaluating whether the predicted field preserves
coherent spatial wind structures rather than only minimizing point-wise amplitude errors.
It is defined as follows:

Quypy + C1) 2oy, + Cy)

SSIM(x,y) =
*x.y) 12+ 42+ C) (02 + 02 +Cy)

(25)

where x and y denote local regions extracted from the predicted and ground-truth wind
speed fields, respectively; y,, i, and o2, (75 represent the mean and variance of the patches,
respectively; 0, denotes the covariance; and C;, C, are constants for numerical stability. A
higher SSIM value indicates better preservation of the spatial distribution and structural
characteristics of the wind speed field.

Furthermore, to comprehensively assess the computational complexity and deployment
feasibility of the models, we introduce four efficiency metrics: the number of parameters
(Params, in millions), floating-point operations (FLOPs, in GFLOPs), inference latency (s),
and peak GPU memory footprint (Peak VRAM, GB).

3.3. Comparative Experiments
To comprehensively evaluate the nowcasting capability of STGAF-Net, we compared it
with one non-learning reference forecast and seven learning-based spatiotemporal predic-

tion models. The non-learning reference is Eulerian persistence. The learning-based base-
lines include ConvLSTM [18], PredRNN++ [19], MIM [20], SimVP [21], EarthFarseer [22],
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MFWPN [23], and MSF-PhyDRNN [24]. ConvLSTM, PredRNN++, and MIM represent re-
current spatiotemporal prediction architectures; SimVP and EarthFarseer represent convolu-
tional and Transformer-based architectures, respectively; and MFWPN and MSF-PhyDRNN
represent multi-variable or multi-source wind-field nowcasting methods. For the persis-
tence forecast, let Xtvgi"d denote the observed wind-speed field at the final input time f,. The
forecast at each of the subsequent 20 lead times is defined as

yPers _ X;T)]md’ k=1,...,20. (26)

to+k —

Persistence requires neither model training nor hyperparameter optimization and was
evaluated using the same data samples, wind-speed thresholds, and evaluation metrics as
the learning-based methods. For all seven learning-based baselines, we adopted their official
open-source implementations, initialized architecture-specific hyperparameters according
to the original configurations, and further fine-tuned them to suit our experimental task and
ensure optimal performance. To guarantee a fair comparison, all models were trained on
identical datasets and subjected to the same training protocols, including the use of a unified
optimizer, learning rate, and number of training epochs. To control for the influence of the
loss function, STGAF-Net and the six general-purpose learning-based baselines were trained
using AWH, whereas MSF-PhyDRNN retained the specialized wind-speed loss proposed in
its original study as an integral component of the published method. Within this evaluation
framework, the selected learning-based methods span recurrent, recurrent-free, and wind-
specific fusion architectures. To clarify their methodological differences before comparing
forecast skill, Table 2 summarizes four design dimensions that are directly relevant to the
positioning of STGAF-Net. This comparison provides context for the quantitative results
presented below.

Table 2. Qualitative comparison of representative spatiotemporal forecasting methods.

Method Temporal Design Spatial/Context Design Dedicated Fusion Design Loss Setting
ConvLSTM [18] Recurrent Convolutional recurrent encoding No dedicated module AWH

SimVP [21] Non-recurrent CNN Encoder—translator-decoder CNN No dedicated module AWH
EarthFarseer [22] Non-recurrent Local CNN and global Fourier No dedicated module AWH

Transformer Transformer
MFWPN [23] Attention-based Convolution and self-attention Spatiotemporal variable fusion AWH
MSF-PhyDRNN [24] Physics-driven recurrent Recurrent spatiotemporal encoding ~ Multi-source feature fusion Original
specialized loss
STGAF-Net Non-recurrent DAP-TU  Local CNN and compressed global =~ Two-stage gated fusion AWH
attention

The temporal, spatial/context, and fusion entries describe the original method designs. The loss
column reports the experimental setting used in this study: AWH was applied to the listed general-
purpose baselines and STGAF-Net, whereas MSF-PhyDRNN retained its original specialized loss. “No
dedicated module” indicates that the original architecture does not contain an explicit source-specific
fusion module.

First, regarding traditional meteorological nowcasting metrics, Tables 3 and 4 present
the quantitative evaluation results of different methods on two distinct datasets.

As shown in Table 3, STGAF-Net achieves the highest average CSI, POD, and HSS scores
on the Jiangsu dataset, reaching 0.3022, 0.4099, and 0.3401, respectively. Compared with the
closely related multi-source nowcasting model MSF-PhyDRNN, STGAF-Net improves the
average CSI, POD, and HSS by 3.5%, 1.8%, and 3.9%, respectively. The advantage becomes
more evident at the higher wind-speed threshold of 17.2 m/s, where the corresponding im-
provements over MSF-PhyDRNN are 17.9%, 33.7%, and 16.3%. These results are consistent
with the intended role of the two-stage gated fusion mechanism in extracting complemen-
tary information from radar reflectivity and surface wind observations, particularly for
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relatively sparse high-wind regions. Nevertheless, the absolute nowcasting skill at 17.2 m/s
remains limited. Specifically, the POD of 0.0361 indicates that only 3.61% of the observed
threshold-exceeding grid cells are detected, while 96.39% remain undetected. Therefore,
this result should be interpreted as an improvement from nearly undetectable to limited
but nonzero detection skill, rather than as high absolute nowcasting skill. In addition,
MSEF-PhyDRNN obtains the highest POD of 0.8304 at the 1.6 m/s threshold, indicating that
STGAF-Net is not uniformly superior under every individual metric and threshold. The
Persistence baseline also achieves competitive average scores of 0.2801, 0.3694, and 0.3005
for CSI, POD, and HSS, respectively, demonstrating that temporal continuity provides a
strong reference for wind speed nowcasting.

Table 3. Comparison of meteorological metric results on the Jiangsu dataset at wind speed thresholds
of 1.6, 5.5,10.8, and 17.2 m/s. The best scores are marked in bold. 1 denotes higher is better.

CSIt POD? HSS?t
Method

1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg

Persistence 0.6445 0.3655 0.1003 0.0097 0.2801 0.7804 0.4916 0.1860 0.0196 0.3694 0.6015 0.4758 0.1118 0.0127 0.3005
ConvLSTM 0.6214 0.2691 0.0680 0.0020 0.2401 0.7333 0.3354 0.1073 0.0060 0.2955 0.5760 0.3793 0.1012 0.0032 0.2649
PredRNN++ 0.6438 0.3098 0.0734 0.0029 0.2575 0.7654 0.3995 0.1012 0.0073 0.3184 0.6005 0.4322 0.1096 0.0040 0.2866

MIM 0.6504 0.3034 0.0684 0.0014 0.2559 0.7788 0.3845 0.1100 0.0053 0.3197 0.6054 0.4233 0.1035 0.0023 0.2836
SimVP 0.6318 0.2866 0.0736 0.0057 0.2494 0.7446 0.3464 0.0993 0.0083 0.2997 0.5898 0.4012 0.1055 0.0082 0.2762
EarthFarseer 0.6259 0.2782 0.0639 0.0064 0.2436 0.7294 0.3468 0.0996 0.0089 0.2962 0.5857 0.3896 0.0926 0.0081 0.2690
MFWPN 0.6554 0.3071 0.0801 0.0076 0.2626 0.7820 0.3614 0.1062 0.0087 0.3146 0.6095 0.4196 0.1102 0.0099 0.2873

MSE-PhyDRNN  0.6709 0.3636 0.1185 0.0151 0.2920 0.8304 0.5149 0.2385 0.0270 0.4027 0.6212 0.4947 0.1722 0.0208 0.3272
STGAEF-Net 0.6794 0.3901 0.1213 0.0178 0.3022 0.8070 0.5359 0.2604 0.0361 0.4099 0.6431 0.5199 0.1731 0.0242 0.3401

Table 4. Comparison of meteorological metric results on the Convective Gusts dataset at wind speed
thresholds of 1.6, 5.5, 10.8, and 17.2 m/s. The best scores are marked in bold. 1 denotes higher is better.

CSIt POD1? HSS?T

Method
1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg

Persistence 0.8287 0.5591 0.5928 0.1946 0.5438 09031 0.7028 0.7285 0.2472 0.6454 0.7473 0.6700 0.7115 0.2643 0.5983
ConvLSTM 0.8257 0.5084 0.5212 0.1309 0.4965 09252 0.5875 0.6073 0.1495 0.5674 0.7324 0.6275 0.6519 0.1883 0.5500
PredRNN++ 0.8331 0.5309 0.5641 0.1618 0.5225 09260 0.6087 0.6636 0.1916 0.5975 0.7462 0.6510 0.6889 0.2246 0.5777

MIM 0.8318 0.5259 0.5567 0.1441 0.5146 09246 0.6301 0.6957 0.1840 0.6086 0.7442 0.6432 0.6804 0.2057 0.5684
SimVP 0.8246 0.5359 0.5811 0.1765 0.5295 0.8969 0.6305 0.7204 0.2137 0.6154 0.7446 0.6528 0.7023 0.2383 0.5845
EarthFarseer 0.8225 0.5228 0.5371 0.1833 0.5164 09285 0.6204 0.6572 0.2334 0.6099 0.7230 0.6410 0.6639 0.2510 0.5697
MFWPN 0.8301 0.5714 0.6009 0.1845 0.5467 0.8881 0.6523 0.7362 0.2121 0.6222 0.7505 0.6856 0.7199 0.2352 0.5978

MSE-PhyDRNN  0.8206 0.5314 0.5261 0.1167 0.4987 0.9071 0.6396 0.6379 0.1295 0.5785 0.7311 0.6476 0.6564 0.1703 0.5514
STGAF-Net 0.8540 0.6111 0.6312 0.2651 0.5904 0.9461 0.7233 0.7941 0.3414 0.7012 0.7767 0.7202 0.7411 0.3286 0.6417

The results on the Convective Gusts dataset in Table 4 further demonstrate the ef-
fectiveness of STGAF-Net under a different data distribution. STGAF-Net achieves the
highest CSI, POD, and HSS scores at all four wind-speed thresholds, with average values
of 0.5904, 0.7012, and 0.6417, respectively. For the average CSI, STGAF-Net outperforms
the strongest competing deep learning model, MEWPN, by 8.0%. For the average POD
and HSS, it exceeds the strongest reference, Persistence, by 8.6% and 7.3%, respectively. At
the 17.2 m/s threshold, Persistence is the strongest baseline, whereas STGAF-Net further
improves CSI, POD, and HSS by 36.2%, 38.1%, and 24.3%, respectively. These improvements
suggest that STGAF-Net provides additional predictive skill beyond simply carrying the
most recent observation forward, especially for high-wind regions. It is also noteworthy
that Persistence outperforms several deep learning models in terms of the average scores,
confirming that short-term temporal continuity is a strong characteristic of the Convective
Gusts dataset. Meanwhile, the performance differences among MSF-PhyDRNN, MFWPN,
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and the general-purpose spatiotemporal prediction models indicate that increased architec-
tural complexity does not necessarily guarantee improved nowcasting skill. The consistently
higher scores of STGAF-Net across thresholds are compatible with the proposed combina-
tion of multi-source gated fusion and the DAP-TU module, which is designed to preserve
spatial structures while reducing long-horizon error accumulation.

Figure 6 illustrates the CSI, POD, and HSS trends of the nine models on the Convective
Gusts dataset at the 17.2 m/s threshold over successive prediction lead times. At the earliest
forecast steps, persistence remains competitive with STGAF-Net and slightly exceeds it for
some metrics, reflecting the strong temporal continuity of wind fields over very short lead
times. However, its performance subsequently decreases rapidly because the persistence
assumption cannot accommodate the displacement, intensification, or dissipation of strong-
wind structures. The performance of most learned models also gradually declines as
the forecast horizon increases, indicating the increasing difficulty of preserving strong-
wind signals during 2-h multi-step nowcasting. Beyond the earliest lead times, STGAF-
Net generally achieves the highest CSI, POD, and HSS and maintains a clear advantage
during the middle and later stages of the forecast horizon. This behavior is consistent
with the parallel modeling of the complete historical sequence by the non-recurrent DAP-
TU: the model does not feed predictions back step by step and uses difference-aware
weights to continually select important historical observations, thereby slowing performance
degradation at longer lead times.

0.35 0.50 0.40
-e- Persistence -e- EarthFarseer -e- Persistence -e- EarthFarseer . -e- Persistence -e- EarthFarseer
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Figure 6. CSI, POD, and HSS curves at different prediction lead times of the nine methods on the
Convective Gusts dataset. (a) CSI changing curve for the 17.2 m/s threshold. (b) POD changing
curve for the 17.2 m/s threshold. (c¢) HSS changing curve for the 17.2 m/s threshold.

96 108 120

As depicted in Figure 7, the selected case captures a high-wind event associated with a
multicell convective cluster over Jiangsu Province. The observed wind field exhibits a spa-
tially concentrated high-wind structure that evolves northeastward from the southwestern
part of the domain. Over the 2-h forecast period, this already-developed high-wind region
is largely maintained, while its intensity and spatial morphology continue to evolve. The
red boxes identify the same subregion at forecast frames T =22, T = 28, T = 34,and T = 40,
corresponding to lead times of 12, 48, 84, and 120 min, respectively. At 12 and 48 min, most
methods reproduce the broad wind-field pattern, and the differences are mainly local. As
the lead time increases, ConvLSTM, PredRNN++, and MIM exhibit progressively stronger
intensity attenuation and spatial smoothing within the boxed region, while SimVP and
EarthFarseer lose part of the localized high-wind structure. MFWPN and MSF-PhyDRNN
remain competitive in reproducing the overall morphology, but their high-intensity cores
become weaker and their local boundaries smoother at the longer lead times. STGAF-Net
most closely follows the ground truth in the boxed region, with smaller displacement of the
high-wind core, better preservation of its spatial extent, and less intensity decay through
the 120-min forecast.
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Figure 7. Visual comparison of a high-wind region on the Jiangsu dataset. This multi-cell cluster
high-wind case shows the maintenance and gradual evolution of its intensity and spatial morphology
over a 2-h forecast period. The first row contains selected input framesatT =1, T = 10,and T = 20
and the corresponding ground-truth frames at T = 22,24, ..., 40; subsequent rows show predictions
from the evaluated models. The red boxes highlight the key comparison area.

Figure 8 presents a more heterogeneous Convective Gusts case with an irregular high-
wind band and small-scale intensity variations. In the boxed western subregion, the ground
truth shows that the band persists while its contour and local intensity are redistributed
over the forecast period. At lead times of 12 and 48 min, most models capture the coarse
spatial layout. By 84 and 120 min, however, ConvLSTM, PredRNN++, and MIM produce
increasingly diffuse fields, while SimVP and EarthFarseer show local boundary displace-
ment or loss of fine-scale structure. MFWPN and MSF-PhyDRNN retain the overall pattern
more effectively than these baselines, but they weaken the localized high-wind structure
and smooth portions of its irregular contour at the later lead times. In contrast, STGAF-Net
more accurately preserves local textures, irregular contours, small-scale intensity variations,
spatial continuity, and the overall wind intensity distribution at each forecast step, yielding
predictions that remain closer to the ground truth throughout the forecast horizon, although
local discrepancies remain along the boundary at 120 min.

Regarding image quality metrics, Table 5 complements the threshold-based evaluation
by comparing the pixel-wise accuracy and spatial structural agreement of the predicted
wind-speed fields. On the Jiangsu validation set, STGAF-Net achieves the lowest MAE
and RMSE and the highest SSIM. Compared with MFWPN, the strongest baseline across
these metrics, STGAF-Net reduces MAE from 0.5379 to 0.5134 and RMSE from 0.7362 to
0.7076, corresponding to relative reductions of 4.6% and 3.9%, respectively. It also increases
SSIM from 0.8436 to 0.8556, representing an absolute improvement of 0.0120 and a relative
improvement of 1.4%. A similar pattern is observed on the Convective Gusts validation set.
Compared with MFWPN, STGAF-Net reduces MAE from 0.6465 to 0.6107 and RMSE from
0.9795 to 0.9198, corresponding to reductions of 5.5% and 6.1%, respectively. Meanwhile,
SSIM increases from 0.8336 to 0.8435, with an absolute improvement of 0.0099 and a relative
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improvement of 1.2%. MAE and RMSE quantify the magnitude of pixel-wise wind-speed
errors, whereas SSIM characterizes agreement in local mean, contrast, and spatial covariance.
In the context of gridded wind-field nowcasting, a higher SSIM therefore indicates better
preservation of coherent high- and low-wind regions, spatial gradients, and structural
boundaries, rather than merely better visual quality. The simultaneous reductions in MAE
and RMSE and increases in SSIM indicate that STGAF-Net provides more accurate wind-
speed estimates while better retaining the spatial organization of the wind fields.

Ground Truth and Predictions
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Figure 8. Visual comparison of a heterogeneous wind-field evolution case on the Convective Gusts
dataset. This case shows the persistence and redistribution of an irregular high-wind band and its
fine-scale intensity variations over a 2-h forecast period. The first row contains selected input frames
atT =1, T = 10, and T = 20 and the corresponding ground-truth frames at T = 22,24, ...,40;
subsequent rows show predictions from the evaluated models. The red boxes highlight the key
comparison area.

Table 5. Comparison of image quality metrics on the Jiangsu and Convective Gusts datasets. MAE
and RMSE are in m/s. The best scores are marked in bold. 1 (1) denotes higher (lower) is better.

Jiangsu Dataset Convective Gusts Dataset

Method

MAE| RMSE| SSIM? MAE| RMSE|] SSIM?
Persistence 0.5905 0.8346 0.8121 0.7110 1.0865 0.7963
ConvLSTM 0.5970 0.8261 0.8161 0.7337 1.1202 0.7933
PredRNN++ 0.5709 0.7921 0.8260 0.7057 1.0807 0.7948
MIM 0.5620 0.7770 0.8333 0.7190 1.1097 0.8052
SimVP 0.5805 0.7979 0.8318 0.7043 1.0688 0.8104
EarthFarseer 0.5853 0.8058 0.8205 0.7556 1.1325 0.7861
MFWPN 0.5379 0.7362 0.8436 0.6465 0.9795 0.8336
MSF-PhyDRNN 0.5511 0.7611 0.8280 0.7402 1.1300 0.7855
STGAF-Net 0.5134 0.7076 0.8556 0.6107 0.9198 0.8435
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3.4. Computational Efficiency

Beyond nowcasting accuracy, computational efficiency is a key consideration for practi-
cal model deployment. Table 6 compares the number of parameters (Params), floating-point
operations (FLOPs), inference latency, and peak GPU memory footprint (Peak VRAM) to
analyze the computational efficiency and deployment feasibility of each model in practical
applications. STGAF-Net contains only 0.07 M parameters, which is 99.3% fewer than Con-
vLSTM, the smallest baseline in terms of parameter count, and 99.6% fewer than MFWPN.
Its computational cost is 31.54 G FLOPs, only slightly higher than SIimVP (18.30 G) and
90.9% lower than MFWPN. STGAF-Net also achieves an inference latency of 0.0281 s, rep-
resenting a 21.7% reduction compared with MFWPN and substantially faster inference
than the recurrent models. Although its peak VRAM usage of 0.68 GB is higher than most
lightweight baselines, it remains below 1 GB. Combined with the nowcasting improvements
reported above, these results demonstrate that STGAF-Net effectively balances nowcasting
accuracy, computational efficiency, and practical deployment feasibility.

Table 6. Comparison of model complexity and inference efficiency.

Method Params (M) FLOPs (G) Latency (s) Peak VRAM (GB)
ConvLSTM 10.12 172.44 0.1277 0.17
PredRNN++ 20.75 366.08 0.2903 0.21
MIM 26.33 413.42 0.3283 0.24
SimVP 14.41 18.30 0.0114 0.18
EarthFarseer 179.41 916.67 0.1542 1.84
MFWPN 18.22 345.04 0.0359 0.39
MSF-PhyDRNN 10.32 356.80 0.1833 0.30
STGAEF-Net 0.07 31.54 0.0281 0.68

All efficiency metrics are measured for generating a 20-frame sequence (batch size = 1) on a single
NVIDIA GeForce RTX 4090 GPU. FLOPs represent the cumulative computation over all sampling
steps. The lowest values for each metric are highlighted in bold.

3.5. Contribution and Generalization Analysis
3.5.1. Ablation Study

To verify the effectiveness of the key components and the overall architecture of STGAF-
Net, we evaluated five controlled ablation configurations on both the Jiangsu and Convective
Gusts datasets: (1) replacing the proposed AWH loss, which dynamically adjusts the
Huber threshold according to the batch-wise error distribution and emphasizes high-wind-
speed regions, with the standard Huber loss (W/O AWH); (2) removing the Temporal
Fusion Module (W/O TFEM); (3) removing the Spatial Fusion Module (W/O SFM); and
(4) removing the compressed global attention branch from the encoder (W/O CViT); and
(5) replacing the proposed DAP-TUs with ConvLSTM modules (W/O DAP-TU). All other
training settings were kept unchanged.

Table 7 summarizes the 2-h ablation results on the Jiangsu dataset. A clear threshold-
dependent pattern can be observed. At the lowest threshold of 1.6 m/s, W/O AWH obtains
slightly higher CSI and POD, while W/O DAP-TU obtains a slightly higher HSS than the
complete model. As the threshold increases, however, these isolated advantages disappear:
STGAEF-Net achieves the best CSI, POD, and HSS at 5.5, 10.8, and 17.2 m/s and also yields
the highest average scores. This pattern suggests that the proposed components contribute
primarily to the more difficult medium- and high-wind nowcasting conditions rather than
simply improving the detection of lower-threshold wind events. The growing difficulty
at higher thresholds also makes the differences among the ablations more informative.
Removing CViT causes the largest overall degradation, showing that long-range spatial
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context becomes important for locating high-wind structures. Replacing AWH with the
standard Huber loss or replacing DAP-TU with ConvLSTM leads to particularly weak
results at 17.2 m/s, indicating that high-wind-aware optimization and difference-aware
temporal modeling are both needed when the target events become more challenging. By
comparison, removing SFM or TFM produces smaller but consistent losses in the average
metrics, suggesting that the two fusion stages improve the stability of multi-source feature
utilization across thresholds.

Table 7. Quantitative evaluation results of STGAF-Net and its variants on the Jiangsu dataset at wind
speed thresholds of 1.6, 5.5, 10.8, and 17.2 m/s. The best scores are marked in bold. 1 denotes higher
is better.

CSIt POD? HSS?
Method
1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg
W/0 AWH 0.6830 0.3636 0.0871 0.0079 0.2854 0.8346 0.4484 0.1069 0.0078 0.3494 0.6413 0.4917 0.1206 0.0113 0.3162
W/0O TFM 0.6746 0.3723 0.1204 0.0122 0.2949 0.8009 0.4642 0.1836 0.0223 0.3678 0.6380 0.4991 0.1635 0.0167 0.3293
W/O SFM 0.6772 0.3685 0.1198 0.0098 0.2938 0.7847 0.4458 0.1787 0.0101 0.3548 0.6451 0.4938 0.1637 0.0120 0.3287
W/O CViT 0.6709 0.3332 0.1134 0.0046 0.2805 0.7743 0.3816 0.1706 0.0081 0.3337 0.6412 0.4547 0.1570 0.0096 0.3156
W/ODAP-TU 0.6754 0.3540 0.1152 0.0054 0.2875 0.7780 0.4115 0.1725 0.0089 0.3427 0.6487 0.4786 0.1594 0.0093 0.3240
STGAF-Net 0.6794 0.3901 0.1213 0.0178 0.3022 0.8070 0.5359 0.2604 0.0361 0.4099 0.6431 0.5199 0.1731 0.0242 0.3401

Table 8 and Figure 9 jointly present the ablation results on the Convective Gusts dataset.
Table 8 summarizes the threshold-wise and average performance over the 2-h nowcasting
period, while Figure 9 shows how CSI, POD, and HSS vary across the 20 forecast lead times
at the 17.2 m/s threshold. The complete STGAF-Net achieves the highest average scores
for all three metrics. Among the variants, W/O CViT and W/O DAP-TU exhibit the largest
overall losses: their average CSI, POD, and HSS decrease by 6.3%, 7.4%, and 4.9% and by
5.7%, 7.7%, and 4.6%, respectively. At the 17.2 m/s threshold, the curves of these two variants
remain among the weakest for most lead times. These results suggest that compressed
global attention contributes to representing long-range spatial dependencies within the
forecast domain, while the difference-aware gating and parallel time—channel processing
of DAP-TU improve temporal evolution modeling relative to recurrent ConvLSTM under
otherwise unchanged conditions. Replacing AWH with the standard Huber loss also causes
clear reductions of 9.5%, 13.3%, and 7.8% in CSI, POD, and HSS, respectively, at the 17.2 m/s
threshold, confirming that its adaptive threshold and wind-speed-dependent weighting
improve the learning of high-wind regions. In addition, removing either SFM or TFM
consistently degrades all three metrics, suggesting that both the spatial and temporal fusion
stages contribute to predictive performance under the evaluated setting. Although W/O
AWH and W/O DAP-TU yield marginally higher HSS values at the 1.6 m/s threshold,
this advantage does not persist at the medium and high thresholds or in the average
results. Overall, the complete model outperforms every ablated variant on all three average
metrics, demonstrating that AWH, SFM, TFM, CViT, and DAP-TU make complementary
contributions to the overall nowcasting performance.
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Table 8. Quantitative evaluation results of STGAF-Net and its variants on the Convective Gusts dataset
at wind speed thresholds of 1.6, 5.5, 10.8, and 17.2 m/s. The best scores are marked in bold. 1 denotes
higher is better.

CSIt POD? HSS1?
Method
1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg
W/0 AWH 0.8528 0.5976 0.6154 0.2400 0.5765 0.9343 0.6805 0.7123 0.2960 0.6558 0.7786 0.7088 0.7229 0.3030 0.6283
W/O TEM 0.8433 0.5668 0.6208 0.2573 0.5721 0.9115 0.6290 0.7517 0.3356 0.6570 0.7719 0.6837 0.7329 0.3261 0.6287
W/O SEM 0.8488 0.5874 0.6244 0.2554 0.5790 0.9323 0.6659 0.7541 0.3359 0.6721 0.7730 0.7003 0.7340 0.3205 0.6320
W/O CViT 0.8471 0.5844 0.6000 0.1819 0.5534 0.9302 0.6730 0.7640 0.2297 0.6492 0.7706 0.6974 0.7167 0.2564 0.6103
W/ODAP-TU 0.8535 05779 0.6118 0.1845 0.5569 0.9372 0.6419 0.7340 0.2746 0.6469 0.7799 0.6931 0.7251 0.2509 0.6122
STGAF-Net 0.8540 0.6111 0.6312 0.2651 0.5904 0.9461 0.7233 0.7941 0.3414 0.7012 0.7767 0.7202 0.7411 0.3286 0.6417
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Figure 9. Ablation study of CSI, POD, and HSS across different prediction lead times for STGAF-Net
and its variants on the Convective Gusts dataset. (a) CSI changing curve for the 17.2 m/s threshold.
(b) POD changing curve for the 17.2 m/s threshold. (c¢) HSS changing curve for the 17.2 m/s threshold.

3.5.2. Radar Contribution

To isolate the independent contribution of radar reflectivity, we compare the complete
STGAF-Net, which uses both wind speed and radar reflectivity, with a wind-only variant
denoted as W/O radar. The wind-only variant excludes radar reflectivity during training
and inference but is trained and evaluated using the same experimental protocol as the
complete model. This controlled comparison therefore measures the additional predictive
value provided by radar information beyond that contained in the observed wind field.

Table 9 and Figure 10 jointly quantify the independent contribution of radar reflectivity.
As shown in Table 9, the complete model achieves higher values in every reported entry
except POD at the 1.6 m/s threshold, for which the wind-only variant is marginally higher
by 0.0010. Incorporating radar increases the average CSI, POD, and HSS from 0.5773, 0.6636,
and 0.6282 to 0.5904, 0.7012, and 0.6417, respectively. The benefit is more evident at the
17.2 m/s threshold, where the complete model improves CSI, POD, and HSS over the
wind-only variant by 14.0%, 24.0%, and 12.3%, respectively. Figure 10 further shows that
STGAF-Net maintains higher CSI, POD, and HSS at every forecast lead time under this
high-wind threshold. The separation in CSI and HSS becomes particularly clear toward
the end of the 2-h horizon, indicating that radar information helps preserve high-wind
localization and forecast skill as lead time increases. Taken together, these results show that
radar reflectivity is not redundant with the surface wind field: it supplies complementary
information on convective structure and evolution that improves both overall and high-
threshold nowcasting performance.
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Table 9. Quantitative evaluation results of STGAF-Net and its wind-only variant (W/O radar) on the
Convective Gusts dataset at wind speed thresholds of 1.6, 5.5, 10.8, and 17.2 m/s. The best scores are
marked in bold. 1 denotes higher is better.

CSIt POD1? HSS?
Method
1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg

W/Oradar 0.8525 0.6013 0.6228 02325 05773 0.9471 0.6895 0.7423 0.2753 0.6636 0.7728 0.7128 0.7345 0.2925 0.6282
STGAF-Net 0.8540 0.6111 0.6312 0.2651 0.5904 0.9461 0.7233 0.7941 0.3414 0.7012 0.7767 0.7202 0.7411 0.3286 0.6417
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Figure 10. STGAF-Net is compared with its wind-only variant (W/O radar) across prediction lead
times on the Convective Gusts dataset. (a) CSI changing curve for the 17.2 m/s threshold. (b) POD
changing curve for the 17.2 m/s threshold. (c¢) HSS changing curve for the 17.2 m/s threshold.
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3.5.3. Effect of the AWH Loss

As described in the baseline-comparison settings, STGAF-Net and the six general-
purpose learning-based baselines were trained using AWH to control for the influence of
the loss function, whereas MSE-PhyDRNN retained the specialized wind-speed loss from
its original design [24]. The original loss was retained in the main comparison because it is
an integral component of the published MSF-PhyDRNN method. To determine whether the
gains of STGAF-Net arise mainly from AWH rather than from its architecture, we conducted
an additional controlled experiment in which only the original loss of MSF-PhyDRNN
was replaced by AWH; its network architecture, input data, and training protocol were
otherwise unchanged.

Table 10 shows that replacing the original MSF-PhyDRNN loss with AWH increases
its average CSI, POD, and HSS by 8.4%, 12.9%, and 7.5%, respectively, with particularly
pronounced improvements at the 17.2 m/s threshold. These results demonstrate that AWH
is effective beyond STGAF-Net and can improve a separate multi-source nowcasting architec-
ture, particularly for high-wind events. However, when both models use AWH, STGAF-Net
still achieves higher values in every reported entry except POD at the 1.6 m/s threshold.
Relative to MSF-PhyDRNN with AWH, STGAF-Net improves the average CSI, POD, and
HSS by 9.3%, 7.3%, and 8.3%, respectively; at the 17.2 m/s threshold, the improvements are
32.2%, 24.2%, and 24.3%. Because the last two configurations use the same loss function,
the remaining performance gap cannot be attributed to AWH alone. Instead, it provides
controlled evidence that the architectural design of STGAF-Net, including its local-global
encoding, two-stage gated fusion, and DAP-TU temporal modeling, contributes additional
predictive skill.
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Table 10. Quantitative evaluation results of the baseline model MSF-PhyDRNN under different loss
settings and STGAF-Net on the Convective Gusts dataset at wind speed thresholds of 1.6, 5.5, 10.8,
and 17.2 m/s. The best scores are marked in bold. 1 denotes higher is better.

CSIt POD? HSS?

Method

1.6

5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg

MSF-PhyDRNN-original
MSE-PhyDRNN-AWH
STGAF-Net

0.8206
0.8360
0.8540

0.9071
0.9490
0.9461

0.6396
0.6608
0.7233

0.6379
0.7284
0.7941

0.1295
0.2749
0.3414

0.5785
0.6533
0.7012

0.7311
0.7411
0.7767

0.6476
0.6685
0.7202

0.6564
0.6964
0.7411

0.1703
0.2644
0.3286

0.5514
0.5926
0.6417

0.5314
0.5530
0.6111

0.5261
0.5719
0.6312

0.1167
0.2006
0.2651

0.4987
0.5404
0.5904

3.5.4. Cross-Dataset Generalization

To evaluate cross-dataset generalization, STGAF-Net was trained exclusively on the
Jiangsu dataset and directly evaluated on the Convective Gusts dataset without fine-tuning
or target-domain adaptation. Its zero-shot performance is compared with that of an in-
domain reference model trained and evaluated on the Convective Gusts dataset under the
same evaluation protocol.

As shown in Table 11, the zero-shot JS—CG model achieves average CSI, POD, and HSS
values of 0.5719, 0.6881, and 0.6283, respectively, compared with 0.5904, 0.7012, and 0.6417
for the in-domain CG—CG reference. These differences correspond to relative decreases of
3.1%, 1.9%, and 2.1% in the three average metrics, showing that the model retains substantial
predictive skill without target-domain fine-tuning. At the 1.6 m/s threshold, the relative
reductions in CSI, POD, and HSS remain small at 1.2%, 0.5%, and 0.1%, respectively. The
transfer gap increases for stronger wind events: at the 17.2 m/s threshold, CSI, POD, and
HSS decrease by 8.8%, 6.1%, and 6.3%, respectively, while CSI also decreases by 6.1% at
10.8 m/s. This pattern suggests that STGAF-Net retains predictive skill when transferred
between the two datasets, particularly at lower wind speed thresholds. Because the datasets
partially overlap in geographical and temporal coverage, these results should be interpreted
as transfer under related observational conditions rather than generalization to a fully
independent domain; the larger degradation for stronger winds may reflect differences in
sample composition, event frequency, and high-wind characteristics.

Table 11. Zero-shot cross-dataset evaluation of STGAF-Net trained on the Jiangsu dataset (JS) and
tested on the Convective Gusts dataset (CG), with the in-domain model trained on CG as the reference,
at wind speed thresholds of 1.6, 5.5, 10.8, and 17.2 m/s. The best scores are marked in bold. 1 denotes
higher is better.

CsIt POD? HSS?T

Method
1.6

5.5

10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg 1.6 5.5 10.8 17.2 Avg

STGAF-Net
(J5-CG)
STGAF-Net
(CG-CG)

0.8441

0.8540 0.6111

0.6091

0.5924 0.2419 05719 09417 07179 0.7721 0.3205 0.6881 0.7761 0.7173 0.7121 0.3078 0.6283

0.6312 0.2651 0.5904 0.9461 0.7233 0.7941 0.3414 0.7012 0.7767 0.7202 0.7411 0.3286 0.6417

4. Discussion

Although STGAF-Net achieves favorable quantitative performance in both threshold-
based meteorological metrics and continuous wind-field metrics, its practical applicability
also depends on computational efficiency. As shown in Table 6, STGAF-Net contains only
0.07 M parameters and requires 31.54 G FLOPs, 0.68 GB of peak GPU memory, and 0.0281 s
to generate a complete 20-frame forecast sequence on a single NVIDIA RTX 4090 GPU. Given
the 6-min temporal interval of the radar and wind observations, the measured inference
time is negligible relative to the data-update interval. These results indicate that the compu-
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tational cost of STGAF-Net is compatible with real-time wind-field nowcasting on a single
commercial GPU. From a systems perspective, the model can be incorporated into an exist-
ing nowcasting workflow as a lightweight inference module. After quality control, spatial
gridding, and normalization, the most recent 20 radar-reflectivity and surface-wind fields
can be used to generate 20 future wind-speed fields covering lead times of 6-120 min. The
non-recurrent DAP-TU facilitates parallel forecast generation, avoiding the sequential infer-
ence overhead of recurrent architectures. The resulting wind fields can be further converted
into threshold-based products or integrated into existing visualization and decision-support
systems. Nevertheless, the reported latency measures model inference only. End-to-end
operational latency must also account for data transmission, radar mosaicking, station
interpolation, quality control, and product dissemination. Therefore, practical deployment
requires further evaluation within a complete operational forecasting system.

The interpretation of forecast quality is constrained by the spatial resolution and
construction of the input data. Both datasets were bilinearly downsampled from 480 x 560 to
120 x 140 pixels, while the wind targets were generated by interpolating station observations
onto regular grids. These operations inevitably smooth localized wind maxima and small-
scale boundaries. Consequently, the model can preserve structures available at the processed
resolution but cannot recover details removed by downsampling or unresolved by the
station network. Differences in event selection, wind-variable definition, station coverage,
interpolation, quality control, and sample distribution may also contribute to the substantial
performance differences between the Jiangsu and Convective Gusts datasets, as shown
in Tables 3 and 4. Specifically, the Jiangsu target represents gridded 6-min mean wind
speed, whereas the Convective Gusts target represents 10-m average surface wind speed
calculated over 2 min from 3-s measurements. Therefore, the results should be interpreted
as evaluations under distinct data conditions rather than as a direct comparison of regional
predictability. Moreover, the current evaluation is based on interpolated gridded wind fields,
without additional verification against raw station observations or held-out stations. Future
station-level evaluation is necessary to assess the model’s ability to represent localized wind
extremes independently of the interpolation procedure.

Several limitations of the experimental protocol should also be acknowledged. The
reported results were obtained on validation subsets rather than fully independent test sets,
and each learning-based model was trained and evaluated using a single run with a fixed
random seed. Although the common experimental settings improve the consistency of
model comparisons, they do not characterize performance variability arising from random
initialization and stochastic optimization. Accordingly, repeated-run means and standard
deviations, as well as event-level confidence intervals, were not quantified in the present
study. Because pixels, adjacent forecast lead times, and sliding-window samples from
the same weather process are correlated, uncertainty should be estimated by resampling
complete weather processes through event-level or block-bootstrap procedures rather than
by treating individual pixels as independent observations. Future evaluations should
therefore include independent test sets, multiple training runs with different random seeds,
and confidence intervals derived from event-level resampling to provide a more reliable
assessment of model performance.

Another important limitation concerns rare, high-impact wind events. At the 17.2 m/s
threshold on the Jiangsu dataset, STGAF-Net obtains CSI, POD, and HSS values of 0.0178,
0.0361, and 0.0242, respectively. Although these results represent improvements over
baselines with near-zero skill, the absolute detection capability remains limited. In particular,
the POD of 0.0361 indicates that only 3.61% of the observed threshold-exceeding grid cells
are correctly detected. Therefore, the relative performance improvements should not be
interpreted as evidence of mature operational warning capability. A more comprehensive
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assessment of high-wind forecasting requires threshold-wise positive-class frequencies,
independent event counts, false-alarm ratios, frequency bias, and lead-time-resolved skill
scores. These additional evaluations would help distinguish improvements in relative model
performance from practically meaningful detection capability for rare extreme events.

The current experiments are further limited to 0-2 h nowcasting on two regional
datasets. As the forecast horizon increases, the initiation, rapid intensification, and dissipa-
tion of high-wind systems become increasingly difficult to represent. Moreover, the fixed
20-frame input length, DAP-TU depth and dilation settings, and AWH loss parameters were
not systematically optimized. Therefore, the current ablation experiments demonstrate the
contributions of these components under the evaluated configuration rather than establish-
ing their global optimality. Regarding cross-dataset generalization, the zero-shot J[S-CG
experiment in Table 11 shows average CSI, POD, and HSS reductions of 3.1%, 1.9%, and
2.1%, respectively. Although these results provide preliminary evidence of transferability,
they represent only one transfer direction between two regional datasets and cannot fully
characterize generalization across different climatic conditions. Future work will investi-
gate memory-efficient high-resolution and longer-range nowcasting, incorporate additional
environmental predictors from numerical weather prediction or reanalysis data with appro-
priate physical constraints, and conduct systematic sensitivity analyses of key architectural
and loss-function parameters. Furthermore, bidirectional and multi-region transfer exper-
iments across different climatic regimes, seasons, station networks, and event-frequency
distributions will be considered to evaluate the robustness and generalization capability
of STGAF-Net.

5. Conclusions

To mitigate the issues of inadequate multi-source meteorological data fusion, multi-
step error accumulation, and performance degradation at high-wind-speed thresholds in
wind speed nowcasting tasks, we propose STGAF-Net, a multi-source spatiotemporal gated
adaptive fusion network for wind speed nowcasting. The model uses radar reflectivity and
surface wind data as complementary inputs. A local-global dual-branch encoder jointly
captures fine-scale local structures and long-range spatial dependencies without reducing
spatial resolution. To effectively integrate radar reflectivity and surface wind speed, we
design a two-stage fusion framework consisting of a Spatial Fusion Module (SFM) and a Tem-
poral Fusion Module (TFM). SEM uses radar structural information to selectively enhance
and correct wind-field features, while TFM extracts temporal precursors from evolving radar
features to refine the wind representation. The non-recurrent Difference-Aware Peripheral
Time Units (DAP-TUs) process the complete historical sequence in parallel and dynamically
adjust the contribution of different time steps, thereby reducing error accumulation in multi-
step nowcasting. Additionally, we introduce an Adaptive Wind-speed-weighted Huber
(AWH) loss, which dynamically adjusts the Huber threshold according to the batch-wise
error distribution and assigns greater weights to high-wind-speed regions. Experiments
on the Jiangsu and Convective Gusts datasets show that STGAF-Net achieves the highest
average CSI, POD, and HSS among the evaluated methods, while controlled ablations verify
the complementary contributions of the proposed components. The model also maintains
a lightweight design, requiring only 0.07 M parameters and 0.0281 s to generate a 20-frame
forecast sequence on a single NVIDIA RTX 4090 GPU. In future work, we will extend STGAF-
Net toward higher-resolution and longer-range nowcasting by incorporating additional
environmental predictors and physical constraints and will evaluate it across more regions
and climatic regimes to further improve robustness and cross-regional generalization.
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The following abbreviations are used in this manuscript:

CViT Compressed Vision Transformer
SFM Spatial Fusion Module
TFM Temporal Fusion Module

SGM Spatial Gate Module

CGM Channel Gate Module

DAP-TU Difference-Aware Peripheral Time Unit
AWH Adaptive Wind-speed-weighted Huber Loss

CSI Critical Success Index
POD Probability of Detection
HSS Heidke Skill Score

MAE Mean Absolute Error

RMSE Root Mean Square Error

SSIM Structural Similarity Index Measure
FLOPs Floating-Point Operations

VRAM  Video Random Access Memory
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