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ABSTRACT: In the scenario where extreme precipitation occurs frequently, we addressed the issues of insufficient
modeling of spatial and temporal characteristics and long-term prediction cumulative errors in the existing methods,
and proposed a long-term radar echo extrapolation method STDA-Net based on the dual-stream spatio-temporal
attention mechanism. With the stacked STDA-LSTM as the core module, we introduced the spatial self-attention
mechanism (SSAM) in the image and the time attention mechanism (TAM) between images to capture the global
spatial dependence and time evolution characteristics of radar images. At the same time, we designed an adaptive
entropy regularization loss function (AER Loss) to balance the pixel-level errors and time-related constraints, effectively
suppressing prediction ambiguity and error accumulation. The experiments used the Guangzhou Stationand CIKM
2017 datasets, inputting 10 frames and 5 frames, respectively, and outputting 10 frames. The results show that STDA-
Net outperforms the mainstream models in key indicators, has a slower error growth in long-term prediction, and can
better retain the echo structure, thereby improving the accuracy and stability of long-term radar echo extrapolation.
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1 Introduction
Due to global warming, as the temperature rises, the water-holding capacity of the atmosphere

significantly increases, which in turn leads to an increase in the frequency of extreme precipitation events.
Short-term heavy precipitation, as a type of extreme weather, has characteristics such as strong suddenness,
high disaster potential, and short forecast time, greatly affecting human production and life [1–3]. Short-
term precipitation forecasting is the prediction of the amount of precipitation in a certain area within a
short period (such as 0 to 2 h), and it is a high-resolution forecast [4]. Currently, short-term precipitation
forecasting is mostly achieved through extrapolation methods based on radar echo data.

The meteorological radar echo extrapolation models can generally be classified into two categories.
One type is the traditional numerical calculation method for meteorological radar echo extrapolation,
including cross-correlation tracking echo method, centroid tracking method, and optical flow method,
etc. [5]. This traditional extrapolation method is difficult to achieve accurate prediction for the occurrence
and dissipation process of heavy rain events. The other type is a radar echo extrapolation model based on
deep learning. The deep learning method has achieved remarkable results in computer vision [6,7] and
information security fields.
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We have proposed a long-range radar echo extrapolation method called STDA-Net, which is con-
structed based on a spatio-temporal dual-stream attention mechanism. By integrating intra-image spatial
self-attention and inter-image temporal attention, the method fully exploits long-range spatial dependencies
in radar images and effectively captures the evolutionary characteristics of echoes along the time axis.
With the synergy of these two attention modules, STDA-Net suppresses error accumulation in long-term
prediction, strengthens the modeling of echo motion trends, and this has thereby improved the accuracy
and stability of long-term radar echo predictions. The main contributions of this work are summarized as
follows:

(1) We propose a spatial-temporal dual-stream attention network STDA-Net. Built on stacked STDA-
LSTM units, it transmits information via spatial and temporal dual paths to alleviate long-term
dependency loss and rapid echo trend decay in conventional models, enabling accurate long-term radar
echo extrapolation.

(2) We design a spatial-temporal dual-stream attention mechanism. Intra-image spatial self-attention
(SSAM) adopts dilated convolution and global self-attention to capture long-range spatial depen-
dencies and enhance modeling of complex echo structures. Inter-image temporal attention (TAM)
uses SE-based channel attention to adaptively learn temporal weights and capture echo evolution.
Together, they mitigate long-term prediction error accumulation and strengthen spatiotemporal
feature representation.

(3) We present an adaptive entropy regularization loss (AER Loss), which combines Mean Squared Error
(MSE) pixel loss and entropy distribution constraints. It reduces pixel-level errors while preserv-
ing echo spatiotemporal dynamics, alleviating prediction ambiguity and detail blurring caused by
conventional loss functions.

2 Related Work
In the extrapolation methods based on recurrent neural networks, Shi et al. [8] proposed the Convolu-

tional Long Short-Term Memory Network (ConvLSTM) in 2015. Wang et al. [9] constructed the PredRNN
network by stacking spatio-temporal Long Short-Term Memory (ST-LSTM) units to improve the modeling
ability for complex objects. To address the problem of gradient disappearance that occurs when stacking
multiple loop unit networks, the variant PredRNN++ [10] was proposed in the following year. PredRNN++
introduced causal Long Short-Term units based on the bipolar connection mechanism, added nonlinear
layers of recurrent units, and introduced the Gradient Highway Unit (GHU) to effectively improve the
gradient transmission in deeper networks. Wang et al. [11] proposed the Memory In Memory (MIM) method,
using difference signals derived from neighboring cyclic states to simulate the stable and unstable behaviors
of spatiotemporal dynamic processes. Models such as IDA-LSTM [12] incorporate the attention mechanism,
which enhances the focus on high-echo areas and key temporal information, but these methods mostly focus
on local spatio-temporal feature modeling and are difficult to explicitly model global spatial dependencies
and long-term temporal evolution trends. We embedded the inter-node temporal attention mechanism into
the recurrent units to construct the STDA-LSTM new recurrent structure based on the core design ideas
of temporal dependency modeling, long-term memory transmission, and spatio-temporal LSTM recurrent
units, aiming to address the problems of difficult long-term sequence changes and information attenuation
in existing recurrent structures.

An encoder-decoder architecture is predominantly adopted in the extrapolation method built upon
convolutional neural networks. Ronneberger et al. [13] first proposed the U-Net network, extracting deep
semantic features of images through the convolution and pooling operations of the encoder, and then fusing
pixel semantic features and position features through the upsampling and skip connections of the decoder.
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Trebing et al. [14] proposed the SmaAt-UNet method, which integrates a small attention mechanism module
CBAM into the U-Net architecture and replaces the traditional convolution operations with depthwise
separable convolutions. The simple convolution structure is limited by the local receptive field and is prone to
problems such as blurred echo morphology and intensity attenuation in long-term time series prediction. We
adopt the encoder-decoder structure of the U-Net series, multi-scale convolution, and non-local network.
We continue to use its mainstream architectures for spatial feature extraction, downsampling-upsampling,
and skip connections. Moreover, we introduce an intra-node spatial self-attention mechanism after the
convolutional layers of the encoder to fuse local convolutional features with global spatial-related features,
thereby compensating for the deficiency of traditional convolutional methods that can only capture local
spatial information.

The hybrid neural network method, defined by Zeng et al. [15], combines a new radar echo extrapolation
model T-UNet, which is a combination of CNN and RNN, and can effectively retain the spatio-temporal fea-
tures of radar images. Models such as 3D-UNet-LSTM [16] extract spatial features through convolution and
the recurrent unit models temporal dependencies to achieve joint learning of spatial and temporal features.
The researchers have proposed a novel recursive evolutionary memory-aware network called REMNet [17],
which incorporates a brand-new long-term evolutionary rule memory (LERM) module. This module is
capable of remembering long-term echo evolution rules during the training process. Geng et al. [18] proposed
models: residual convolutional LSTM (rcLSTM) and generative adversarial network residual convolutional
LSTM (GAN-rcLSTM). These two networks can reduce the degradation phenomenon of the long short-
term memory network. RM-ConVLSTM [19] designs a module called Recurrent Memory Perception (RMP)
to enhance the model’s ability to capture and retain the long-term motion features of echo sequences. We
adopt the mature framework of “convolution for extracting spatial features+ recurrent network for modeling
temporal dependencies”, further integrate the memory recurrent perception mechanism and the dual-stream
attention mechanism to construct an end-to-end STDA-Net network, addressing the issues of insufficient
coupling of spatial features and decreased long-term extrapolation accuracy in existing hybrid models.

In terms of loss functions and model optimization, existing methods mostly use MSE as the core loss,
focusing only on pixel-level error constraints and ignoring the temporal changes and intensity distribution
characteristics of the radar echo sequence. In the meteorological field, indicators such as Critical Success
Index (CSI), Heidke Skill Score (HSS), False Alarm Ratio (FAR) and Probability of Detection (POD) are
commonly used to evaluate forecast performance. The forecast accuracy of existing models significantly
decreases under high reflectivity thresholds, and the problem of cumulative long-term prediction errors is
prominent. At the same time, most methods have not designed specific constraints for the complex dynamic
characteristics of radar echo generation, dissipation, and deformation, resulting in poor effect.

3 Methodology

3.1 STDA-Net Radar Echo Extrapolation Network Design
To address the issue that the model is unable to capture the long-term movement and change trends of

radar echoes, this paper introduces the spatial self-attention mechanism (SSAM) and the temporal attention
mechanism (TAM) within the extrapolation network of MRP-Net, and constructs the STDA-Net (Spatio-
Temporal Dual-Attention Net) model based on the dual-stream attention mechanism of space and time. This
paper presents STDA-Net, which is composed of 6 layers of spatio-temporal STDA-LSTM modules stacked
together. The hidden feature channels are uniformly set to 128. Each layer’s encoder contains an SSAM
composed of dilated convolutions, and the decoding part of the decoder embeds TAM. Both SSAM and
TAM are enabled simultaneously in each layer. The convolution kernel size is uniformly 3 × 3. The expansion
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rate of the dilated convolutions within SSAM is 1, 2, and 3, respectively. Cross-layer skip connections are
configured between layers.

This enhances the model’s ability to simulate the movement characteristics of radar echoes, and enables
the model to accurately predict the long-term motion features of radar echoes. The proposed STDA-Net
network is composed of multiple STDA-LSTM recurrent units stacked together, and its network architecture
is shown in Fig. 1. This network also consists of four layers, with memory units Ctl , hidden states Htl ,
and memory units Mtl transmitting information in both horizontal and vertical directions to obtain
spatio-temporal features and avoid the attenuation of trends during long-term motion.

Figure 1: The overall structure of the STDA-Net weather radar echo extrapolation network.

According to the above network architecture, in order to fully demonstrate the roles of the SSAM and
TAM that we proposed in the time domain and spatial domain, Fig. 2 shows the unit parameter information
at three different time points. In this figure, the light yellow rectangular blocks represent the first layer units
in the spatial dimension at a single time point, the dark yellow rectangular blocks represent the second
layer units in the spatial dimension at a single time point, the red dashed arrows represent the transmission
direction of the temporal dimension memory unit Mtl and the hidden state Htl , the blue arrow indicates
the transmission direction of the dimension storage unit Mtl and the hidden state Htl , and the grey arrows
indicate the direction of data transmission between the unit’s input and output.

This structure establishes a time transmission path between adjacent time units at the same level
and shares parameters to effectively analyze the movement trend of radar echoes. It also builds a spatial
transmission path between different hierarchical units at the same time to enable them to obtain the states
of adjacent time periods and capture spatial features. The two attention mechanisms help the model better
capture complex changes and improve prediction accuracy.

3.2 STDA-LSTM Recurrent Unit Design
The proposed spatiotemporal dual-stream attention mechanism combines intra-graph spatial self-

attention and inter-image temporal attention. The former captures long-range dependencies within radar
images by expanding the receptive field, while the latter learns channel-wise attention weights to model



Comput Mater Contin. 2026;89(3):91 5

temporal evolution. Their structure is illustrated in Fig. 3. This section details the two attention mechanisms
and the integrated STDA-LSTM recurrent unit.

Figure 2: The working principle of the spatio-temporal dual-stream attention mechanism.

Figure 3: Schematic diagram of the spatio-temporal dual-stream attention mechanism.

3.2.1 Spatial Self-Attention Mechanism within the Image
In radar echo extrapolation, spatial structure information is critical. Traditional convolutional neural

networks can extract local features, but they have difficulty simulating long-distance spatial relationships.
To address, we introduce SSAM after the encoder’s convolutional layers to capture long-range dependencies
within the image, as illustrated in Fig. 4.

The spatial self-attention mechanism illustrated in the figure takes the current time-step hidden state
Ht as its input and the memory unit Mt−1 from the previous time-step. The operation process of the
entire mechanism can be divided into five stages: feature extraction, attention weight calculation, weighted
feature aggregation, feature fusion, and memory unit update. In the feature extraction stage, three dilated
convolutions are used to extract and learn radar echo features of different scales from the current time-step’s
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hidden state Ht and the memory unit Mt−1. The convolution kernel size is all 3 × 3, and the dilation rates are
successively set as 1, 2, and 3. With the help of the dilated convolution technique, the receptive field size can
be expanded to 3 × 3, 5 × 5, and 7 × 7, respectively, which effectively enhances the model’s ability in spatial
feature extraction. After the convolution transformation, the query vector Qh , key vector kh and km , value
vector Vh and Vm are obtained. The memory unit shares the query vector with the hidden state. The process
is shown in Formulas (1) to (5), where W represents the convolution filter.

Qh =Whq ×Ht (1)
Kh =Whk ×Ht (2)
Vh =Whv ×Ht (3)

Km =WMK ×Mt−1 (4)
vM =WMV ×Mt−1 (5)

Figure 4: The structure diagram of the intra-image spatial self-attention mechanism (SSAM).

During the calculation of attention weights, the Softmax function is used for result normalization. The
calculation process is shown by Formulas (6) and (7), where d represents the channel dimension and is used
to prevent gradient explosion. Ah and Am respectively denote the spatial attention matrices of the hidden
state and the memory state.

Ah = Softmax(
Qh ⋅ K⊺h√

d
) (6)

Am = Softmax(Qh ⋅ K⊺m√
d
) (7)

After obtaining the attention weights through the above process, the value vectors are weighted and
summed to obtain the feature maps Zh and Zm after extracting the global feature information. The calculation
process is shown in Formulas (8) and (9).

Zh = Ah ⋅ Vh (8)
Zm = Am ⋅ Vm (9)
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Then, Zh and Zm are fused along the 1×1 convolution channels, as shown in Formulas (10) and (11). Wz
is the convolution filter and ○ represents the channel fusion operation.

Zmh =Wz × (Zh ○ Zm) (10)
Z =Wz ⋅ Zmh (11)

The feature information in the memory unit is updated using is and gs , and it is integrated with the
initial memory state Mt−1 to obtain the final output Ht . The calculation process is shown in Formulas (12)
to (16), Wi , Wg , Wo represent the convolution filters, and b is the bias term.

iS = σ (Wi ⋅ Z +Wi ⋅Ht + bi) (12)
gS = tanh (Wg ⋅ Z +Wg ⋅Ht + bg) (13)
oS = σ (Wo ∗ Z +Wo ∗Ht + bo) (14)

Mt = (1 − iS) ⊙Mt−1 + iS ⊙ gS (15)
Ĥt = oS ⊙Mt (16)

3.2.2 Inter-Image Temporal Attention Mechanism
MRP-Net struggles to effectively capture long-term motion trends in radar echo images. To overcome

this limitation, we introduced a feature update module based on inter-image temporal attention (TAM) in
the skip connection layer of the STDA-LSTM decoder. TAM models long-term temporal dependencies by
learning dynamic relationships across time steps. It computes channel-wise temporal attention weights using
squeeze-excitation, average pooling, and fully connected layers, and refines feature representations via a
gating mechanism, as illustrated in Fig. 5.

Figure 5: The structure diagram of the inter-image temporal self-attention mechanism (TAM).
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The input of the inter-image temporal attention mechanism is the hidden state H′ lt of the current time
step after the context feature fusion operation, as well as the memory unit M′ lt . The operation process of the
entire mechanism is similar to that of SSAM, divided into four stages: feature extraction, attention weight
calculation, feature fusion, and memory unit update. Firstly, in the feature extraction stage, the hidden state
H′ lt and the memory unit M′ lt are added together to calculate the global feature F, as shown in Eq. (17).

F = H′lt +M′lt (17)

During the attention weight calculation stage, the time attention is calculated using the squeeze-
excitation mechanism. Firstly, the global feature F is averaged pooled. Then, the channel dimension is
reduced using a fully connected layer, and adaptive attention weights are calculated using a shared MLP.
Finally, element-wise addition is performed and activation operation is carried out using the Sigmoid
function to obtain the attention weight matrix MT . The calculation process is shown in Formulas (18) to (20),
where Wf is the dimension reduction mapping matrix and b f is the bias term.

F′ = AvgPool (F) (18)
F′′ =Wf ⋅ F′ + b f (19)

MT = σ (MLP(F′) +MLP(F′′)) (20)

Then, the feature fusion operation is carried out. The attention weight matrix MT is multiplied with
the original input feature F through matrix multiplication to obtain the input feature fT of the temporal
attention. The calculation process is shown in Formula (21).

FT = MT ⊙ F (21)

Finally, the memory unit is updated. During this process, the calculation processes of the input gate
it , the input modulation gate gt and the output gate ot are as shown in Formulas (22) to (24). The updated
memory unit Ml

t is determined by iT , gT and the initial memory state M′ lt . The final hidden state Hl
t

is obtained by performing matrix multiplication with ot and the updated memory unit Ml
t , as shown

in Formulas (25) and (26). Here, Wi , Wg , Wo represent convolution filters, and b is the bias term.

iT = σ (Wi ⋅ FT +Wi ⋅M′lt + bi) (22)
gT = tanh (Wg ⋅ FT +Wg ⋅M′lt + bg) (23)
oT = σ (Wo ⋅ FT +Wo ⋅M′lt + bo) (24)

Ml
t = (1 − iT) ⊙M′lt + iT ⊙ gT (25)

Hl
t = oT ⊙Ml

t (26)

3.2.3 The Operation Process of the STDA-LSTM Recurrent Unit
In the model MRP-LSTM, SSAM and TAM are introduced to construct STDA-LSTM. This method aims

to enhance the spatio-temporal modeling capability, enabling the model to capture more accurate spatial
dependencies and temporal dynamic changes and improving the long-term prediction performance of radar
echo extrapolation. Its structure is shown in Figs. 4–6.
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Figure 6: The operation process of the STDA-LSTM recurrent unit.

Firstly, Ht−1, along with the input state It at the current time step are input into the encoder that
incorporates SSAM for encoding representation, in order to capture the long-range dependencies within the
image. The output then yields Ĥ′t−1 and Î′t . Subsequently, the obtained Ĥ′t−1 and Î′t undergo gated operations to
obtain the states of the forget gate ft , input gate it , input modulation gate gt and output gate ot , after which the
cell state Ct and hidden state Ht are updated. The specific calculation process is as shown in Eqs. (27)–(34).

Î′t = SSAM (It) (27)
Ĥ′t−1 = SSAM (Ht−1) (28)

ft = σ (Wf ⋅ Î′t +Wf ⋅ Ĥ′t−1 + b f ) (29)
it = σ (Wi ⋅ Î′t +Wi ⋅ Ĥ′t−1 + bi) (30)
gt = tanh (Wg ⋅ Î′t +Wg ⋅ Ĥ′t−1 + bg) (31)
ot = σ (Wo ⋅ Î′t +Wo ⋅ Ĥ′t−1 + bo) (32)
Ct = ft ⊙ Ct−1 + it ⊙ gt (33)
Ht = ot ⊙ tanh (Ct) (34)

The hidden state Ht and memory unit Mt are updated after passing through the context feature fusion
module to obtain the updated hidden state H′ lt and memory unit M′ lt . These H′ lt and M′ lt are then passed
into the TAM in the decoder skip connection layer for decoding representation to obtain the final Hl

t and
Ml

t . The calculation process is as shown in Formulas (35) and (36).

Ml
t = TAM (M′lt ) (35)

Hl
t = TAM (H′lt ) (36)
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3.3 Loss Function Optimization
The traditional mean squared error (MSE) mainly focuses on pixel-level errors, only measuring the pixel

intensity difference between the predicted image and the real image, and is unable to fully capture the time
series characteristics and complex spatial structure relationships of radar echo data. Therefore, we proposed
an adaptive entropy regularization loss function (AER Loss). This loss function not only considers pixel-level
errors but also combines the spatio-temporal correlation between images, further improving the prediction
accuracy of the model.

The adaptive entropy regularization loss function LAER consists of MSE and entropy regularization
components, as shown in Eq. (37), where λ1 and λ2 are weight coefficients used to balance the contributions
of MSE and entropy regularization in the total loss.

LAER = λ1LMSE + λ2LE (37)

In this formula, LMSE is used to calculate the difference between the predicted image Ît and the true
image It . The calculation process is as shown in Formula (38) and m represents the total number of samples.

LMSE =
1
m

m
∑
i=1
(Ii − Î i)

2 (38)

The entropy regularization loss LE calculates the probability distribution of the predicted image to
make the prediction smoother. Its calculation process is shown in Formula (39). Here, p (Ii) represents the
probability of the pixel value, which is estimated using a Gaussian kernel. The calculation formula of p (Ii)
is as shown in (40), where σ is the bandwidth used to control the smoothness of the distribution.

LE = −∑
i

p(Ii) log p(Ii) (39)

p(Ii) =
1
m

m
∑
j=1

1
σ
√

2π
exp
⎛
⎝
−
(Ii − I j)

2

2σ 2
⎞
⎠

(40)

The probability p(Ii) in Eq. (40) is estimated via Gaussian-kernel density estimation, which approxi-
mates the intensity distribution of predicted radar echoes from sample pixels. The bandwidth parameter σ
controls the smoothness of the estimated distribution: larger σ produces smoother probability distributions,
while smaller σ retains more local pixel-intensity fluctuations.

The adaptive entropy regularization loss function (AER Loss) we proposed incorporates deep learning
on the basis of the traditional mean squared error (MSE) loss. It not only takes into account the pixel-
level errors in the image but also integrates the temporal correlation between images, thereby improving the
prediction accuracy of the radar echo extrapolation task.

4 Experimental Results

4.1 Experimental Environment
The CIKM 2017 radar echo dataset [20] contains 14,000 real radar echo sequences. The training set,

validation set, and test set each consist of 8000, 2000, and 4000 sequences, respectively. The Guangzhou
station time span is from May 2018 to September 2022, and the training set, validation set, and test set are
22,914, 2864, and 2864 sequences, respectively. The radar echo dataset covers an area of 1 km × 1 km and has
a time resolution of 6 min. The experimental environment uses the Ubuntu 18.04.1 system, combined with
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PyTorch 1.12.0, and uses the NVIDIA GeForce RTX 3090 as the GPU device. The model optimizers all use
the Adam algorithm for training, with an initial learning rate of 0.001 and a batch size of 4. The validation
set is tested after every 200 training iterations. The model inputs 5 frames and 10 frames of historical radar
echo data for CIKM and Guangzhou station, respectively, and outputs the predicted results of the next 10
frames of radar echoes, thereby achieving short-term extrapolation prediction of radar echoes. We focus on
the long-term extrapolation prediction accuracy of radar echoes. The evaluation of model complexity such
as FLOPs and inference speed is not within the scope of this study.

4.2 Comparison of Experimental Results and Analysis
We used ConvLSTM, PredRNN, PredRNN++, MIM, PhyDNet, SA-ConvLSTM and MRP-Net as the

comparison models. CSI, HSS, FAR and POD are first computed at 20, 30, 40 dBZ by pixel-wise binarization.
CSI-AVG, HSS-AVG, FAR-AVG, POD-AVG denote arithmetic averages over the three thresholds. Each
metric is marked with an arrow: an upward arrow indicates higher scores mean better performance, while a
downward arrow indicates lower scores mean better performance.

We provide a quantitative comparison of STDA-Net with other models on the Guangzhou radar echo
dataset in Table 1. Results across key metrics show that STDA-Net surpasses all baseline models in every
indicator, with MRP-Net and PhyDNet ranking second. Notably, the substantial gains in CSI-AVG, HSS-
AVG, and POD-AVG demonstrate that STDA-Net predicts precipitation regions more accurately. Meanwhile,
the lower FAR-AVG value confirms its effectiveness in reducing false alarms.

Table 1: Quantitative results comparison of each model in the radar echo dataset of Guangzhou station.

Model CSI-AVG ↑ HSS-AVG ↑ FAR-AVG ↓ POD-AVG ↑ MSE ↓ SSIM ↑
ConvLSTM 0.4268 0.5388 0.5856 0.2703 169.4865 0.5846
PredRNN 0.3243 0.3714 0.4908 0.2259 161.5621 0.4960

PredRNN++ 0.4177 0.5297 0.4654 0.3312 135.2987 0.5639
MIM 0.4524 0.5811 0.4553 0.3451 124.9893 0.5978

PhyDNet 0.3845 0.3643 0.4001 0.2604 144.7144 0.4915
SA-ConvLSTM 0.4482 0.5672 0.4304 0.3709 115.3312 0.5924

MRP-Net 0.4648 0.5945 0.4157 0.3832 107.0139 0.6220
STDA-Net 0.4819 0.6088 0.3913 0.4127 100.0012 0.6396

Note: Explanation: If the arrow points upwards, the higher the value, the better. If the arrow points downwards, the
lower the value, the better. The bolded content indicates the best effect.

We compare the MSE and Structural Similarity Index (SSIM) trends of eight models for radar echo
extrapolation across different prediction lead times in Fig. 7. As shown in the MSE curve (a), all models
exhibit a clear increase in MSE as lead time rises from 2 to 10, while STDA-Net maintains the lowest
error throughout. In long-term prediction (Lead Time > 5), its MSE grows much more slowly than other
models. According to the SSIM curve (b), structural similarity declines for all models with increasing lead
time, yet STDA-Net achieves the highest SSIM values and shows the mildest drop in long-term forecasting
(Lead Time = 8–10).
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Figure 7: Comparison of the scores at each time step based on the radar echo data set of Guangzhou Station under the
MSE and SSIM evaluation indicators.

In Fig. 8, we show the visualization results of the model on a typical sequence of radar echo data
from Guangzhou Station, along with comparisons to the ground truth. The color scale indicates radar echo
intensities in 5 dBZ intervals. The first row displays the real radar echo images, while the region below
the dashed line shows predictions from eight comparison models and STDA-Net. PredRNN, MRP-Net,
and SA-ConvLSTM produce increasingly distorted predictions at longer time steps, and ConvLSTM, MIM,
PhyDNet, and PredRNN++ suffer from severe shape distortion in long-term extrapolation. In contrast, the
proposed STDA-Net maintains excellent echo structure integrity and intensity distribution across the entire
time series.

In Table 2, on the CIKM 2017 radar echo dataset, STDA-Net performed exceptionally well in indicators.
As shown in Fig. 9, the growth rate of MSE of STDA-Net was significantly lower than that of other

models, while SSIM remained at the highest level as the prediction step size increased.
In Fig. 10, we present the visualized results of a representative sequence of the above model in the

2017 CIKM radar echo dataset. For short-term predictions (Lead Time 2–4), PredRNN, MRP-Net, and SA-
ConvLSTM will exhibit edge blurring in high-intensity precipitation areas. ConvLSTM and MIM will also
suffer from detail loss in the early prediction stage. As the prediction time interval increases, the prediction
quality of all models significantly declines.

4.3 The Results and Analysis of the Ablation Experiment
In Table 3, we conduct ablation studies by comparing the proposed model with stacked-structured

models including PredRNN and MRP-Net.



Comput Mater Contin. 2026;89(3):91 13

Figure 8: Based on the visualization results of a typical sequence from the radar echo data set of Guangzhou Station.

Table 2: Quantitative results comparison of each model in the radar echo dataset of CIKM 2017.

Model CSI-AVG ↑ HSS-AVG ↑ FAR-AVG ↓ POD-AVG ↑ MSE ↓ SSIM ↑
ConvLSTM 0.2247 0.2879 0.3914 0.6124 146.0147 0.5013
PredRNN 0.2831 0.3542 0.3647 0.5915 140.2514 0.5142

PredRNN++ 0.3006 0.3691 0.4215 0.4353 104.6356 0.5531
MIM 0.3375 0.4122 0.4351 0.5737 100.4924 0.5993

PhyDNet 0.2337 0.2853 0.3235 0.6686 137.6692 0.4979
SA-ConvLSTM 0.3341 0.4277 0.4972 0.5649 115.3728 0.5925

MRP-Net 0.3513 0.4410 0.3803 0.6492 94.7241 0.6094
STDA-Net 0.3654 0.4487 0.3054 0.7681 90.3535 0.6217

Note: Explanation: If the arrow points upwards, the higher the value, the better. If the arrow points downwards, the
lower the value, the better. The bolded content indicates the best effect.
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Figure 9: Based on the radar echo dataset of CIKM 2017 in terms of MSE and SSIM evaluation metrics.

Figure 10: Visual comparison of the results for a typical sequence based on the radar echo dataset from CIKM 2017.
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Table 3: Ablation results comparison of the STDA-Net model on the radar echo dataset of the Guangzhou station.

Model
CSI-
AVG
↑

HSS-
AVG
↑

FAR-
AVG
↓

POD-
AVG
↑

MSE ↓ SSIM ↑

PredRNN 0.3872 0.3497 0.4821 0.2556 166.4815 0.4588
MRP-

Net 0.4768 0.5983 0.4047 0.3849 106.7541 0.6119

w/o.SSAM 0.4732 0.5849 0.3985 0.4090 100.4852 0.5971
w/o.TAM 0.4701 0.5814 0.3959 0.4144 99.8974 0.5842
w/o.AER 0.4821 0.5908 0.4009 0.4179 99.2316 0.6154
STDA-

Net 0.4906 0.6263 0.3877 0.4240 97.4852 0.6389

Note: Explanation: If the arrow points upwards, the higher the value, the better. If the arrow points downwards, the
lower the value, the better. The bolded content indicates the best effect.

5 Conclusion
STDA-Net is a long-term weather radar echo extrapolation network constructed based on the spatio-

temporal dual-stream attention mechanism, which improves the accuracy of modeling and predicting the
long-term movement trend of radar echoes. This study, by combining the required indicators, demonstrates
that STDA-Net outperforms existing methods in long-term trend modeling and prediction. It can more
effectively capture long-term movement characteristics and achieve higher forecast accuracy. The STDA-Net
is mainly trained and evaluated based on the local radar observation dataset. The model’s transferability in
different regions and different observation devices has not been fully verified.
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