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Fig. 2 Detailed information on the Multi-scale Attention Feature Module (MAMB) architecture
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Table 2 Parameter configuration for convolutional
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Fig.3 Examples of VIL in the SEVIR dataset
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Table 4 Detailed configuration of the dataset
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Table S Comparison of experimental results with SOTA models on the SEVIR dataset
(bold values indicate the best performance for that metric)
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Fig.4 Variation of metrics during the extrapolation process over 10 time steps with reflectivity thresholds of 16 (a), 133 (b) and 219 (c)
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Fig. 5 Results of the generated image sequences from the comparison experiments (generation)
Wo-16
Phydnet ‘ |:| 16~31 &
W31~59 £
: W59~74 =
o ki v ‘ 7100 2
Predrnn g P g N ? ) |:| 100~133 Jg
. |:| 133~160 ¥3
W 160~181 &
M 181~219 im
SmaAt-UNet -y W219-255 ®
BEP
Ours
L6 X b S T 151457 31 245 51 (TH D
Fig. 6 Results of the generated image sequences from the comparison experiments (dissipation)
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Table 6 Ablation experimental results of the proposed network (CSI) (bold values indicate the best performance for that metric)
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Abstract: Short-term precipitation nowcasting is a critical task in both meteorology and hydrology. However, cur-

rent deep learning methods often yield ambiguous prediction results and exhibit significant cumulative errors. To

address the limitations associated with these predictive methods, particularly the challenges of cumulative error and

lack of clarity in prediction sequences, we propose a novel approach based on a Multi-scale Attention Encoding-Dy-

namic Decoding Network (MAEDDN) for short-term precipitation nowcasting. This method leverages the learning

of spatiotemporal features from input data to accurately predict future precipitation scenarios. To obtain richer fea-

ture information from the input sequences, the encoding process employs convolutional blocks with spatial and
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channel attention for encoding. And a multi-scale fusion module is introduced to address the challenge of capturing
both small-scale and large-scale information in precipitation distribution simultaneously. To enhance the clarity of
the predicted sequences, the model needs to better understand the precipitation process. Therefore, in the decoding
process, a dynamic decoding network is proposed in response to the generation and dissipation processes accompa-
nying short-term precipitation. This network flexibly filters the decoding process by learning the intensity distribu-
tion and change trends of past input data. Experiments are conducted by using the precipitation data from the open-
source SEVIR dataset, and comparisons are made with the best methods reported so far. The experimental results
reveal that: (1) MAEDDN enhances the forecasting capability in areas with high-intensity precipitation, and (2) The
clarity of the predicted image sequences by MAEDDN is significantly better than that of other models. The con-
structed multi-scale attention encoding captures the complex relationships in meteorological data more effectively,
while the dynamic decoding adapts the decoding process based on different scenarios, resulting in more accurate

prediction outcomes.

Key words: precipitation nowcasting; dynamic decoding network; spatiotemporal features; Multi-scale fusion
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