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Convolutional Neural Network for Single-Doppler Wind Filed Retrieval

Cheng-Chin Liu®, Pao-Liang Chang®, Jing-Shan Hong", Wei-Ting Fang®
"Meteorological Information Center, Central Weather Bureau

’Meteorological Satellite Center, Central Weather Bureau

The applications of Doppler velocity is limited due to the radar can only observe the velocity component of
precipitation particles in the direction of the radar beam. The retrieval method developed by using the distribution
characteristics of the Doppler velocity field can provide the circulation characteristics of the weather system, but the
application still has limitations. In recent years, the Convolutional Neural Network (CNN) technology in deep learning
has remarkable performance in image recognition. Moreover, the deep learning has been applied in atmosphere science
studies, such as retrieval issues. Thus, this study attempts to use CNN technology to develop a Single-Doppler wind
filed retrieval model. In order to efficiently evaluate the feasibility of wind filed retrieval model build by CNN, the data
set is derived from numerical weather prediction model. Preliminary evaluation shows that the Single-Doppler wind
filed retrieval result has good performance on uniform wind filed, but underperformance with the cases on quite big
variations horizontal wind filed. In the future, this research will gradually increase the diversity and complexity of data
set to improve the accuracy of the wind field retrieval model, and apply it to the real Doppler radar observations.

Keywords: Doppler velocity, Deep learning, Convolutional Neural Network, Wind Filed Retrieval



