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Fig.1 Overall architecture of OF-RainNet: (a) general structure and (b) structures of main modules
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SLIER NS A Adam fRALES , RIG 7 I R BB N 0.001, ¥ RFRAKKEN 0.5,
batch_size % &N 4.

1.5 MERBAL

112K bR B TR A B SR B, A VR 22 ST B A A% O 2L o B W B i FH 407
SR B FEY TR (MSE) FIZa%T 12 (MAE), H MSE 25 RBUA %) S BT 45 5
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Tab.3 Skills of the Precipitation Process in the Beijing Experimental Area on July 12, 2024
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5mmeh-1 0.36/0.75 0.15/0.38
10mmeh-1 0.24/0.68 0.05/0.17
20mmeh-1 0.18/0.54 0.01/0.03
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Experimental Study on Precipitation Nowcasting Model by

Integrating Optical Flow Extrapolation and Deep Learning

Han Feng® Xue Feng' Lv Zhongliang® He Xiwen' Liu Tao'

(National Meteorological Center, Beijing 100081)
Abstract: To improve the accuracy of precipitation nowcasting, an OF-RainNet model is designed
based on self-attention mechanism. By inputing both SWAN-QPE(Quantitative Precipitation
Estimation) and 0-2h SWAN-QPF(Quantitative Precipitation Forecast generated by optical flow
method) products, the model achieves the integration of precipitation advection,extrapolation
information and deep learning model. The model introduces the SuperTokenAttention'(STA)
module to extract meaningful semantic units for precipitation forecasting and calculate multi<head
attention, generating 1h and 2h precipitation forecasts at a 1km resolution evefy 6 minutes. A
Beijing precipitation nowcasting experiment was constructed. Through leng-term verification and
case analysis in July and August of 2024 and 2025, the following conClusions were drawn: At
thresholds of 5mmeh-1, 10mme¢h-1, 20mmeh-1, and 50mmeh-1, the TS ef«lh and 2h forecasts of
OF-RainNet are higher than those of SWAN-QPF and PredRNNV2,with an improvement of over
10% in the >10mmeh-1 threshold range. Compared with the basic version without the introduction
of optical flow extrapolation products and the, STA=module, the TS score of OF-RainNet has
significantly improved, and the Bias of heavy precipitation is slightly higher than 1. Overall,
OF-RainNet effectively improved the precipitation nowcasting skill by introducing the STA
module and optical flow extrapolation products, which means the merge method is effective. In
addition, case analysis shows that the forecasting=skill of OF-RainNet outperforms PredRNNv2.
The OF-RainNet performs better in foregasting for the continuous heavy precipitation than that for
the locally triggered one, and.the forecast with 1h lead time outperform those with 2h lead time.
Overall, the OF-Rainét ean.provide,objective support for nowcasting of heavy precipitation.

Key Words; precipitation nowcasting; self-attention; deep learning; optical flow



