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Research on Weather Image Recognition based on Residual Swin Transformer

ZHANG Zhuoran' , ZHANG Qian2 , SONG Zhi’ , HE Jia'
(1. College of Computer Science ,Chengdu University of Information Technology , Chengdu 610225, China;2. Active Network ( Chengdu) ,
Lid. ,Chengdu 610000 China;3. Sichuan Meteorological Detection Data Center,Chengdu 610072, China)

Abstract; Human activities are often affected by weather conditions, and automatic weather recognition-based image is of
great importance in practical applications. However, existing methods all use convolutional neural networks, which fail
to effectively utilize the global information of images and the long-distance dependency between pixel points, and recog-
nize fewer weather types with low recognition accuracy. To solve these problems, we try to apply the visual Transformer
to the field of weather recognition, and also propose a model based on the residual Swin Transformer and use the ad-
vanced optimizer Ranger to improve the weather recognition rate. The model is validated on WEAPD, a publicly availa-
ble dataset containing 11 weather phenomena, and the results show that its overall performance is better than other ad-
vanced recognition networks, with a 93.6% correct recognition rate. It can benefit the research of weather image recog-
nition and weather forecasting.

Keywords : weather phenomena; image recognition; deep learning; Swin Transformer



