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Abstract: In response to the challenges posed by the varying phenological characteristics of rice paddy during different growth stages and the
limited sample size, we put forward an extraction method of rice paddy based on high-resolution UAV images and accounting for seasonal
variations. Taking UAV images as the data source, we analyzed the image characteristics of rice paddies at different growth stages, and established
their seasonal characteristic sample library. Combined with the convolutional block attention module, the atrous spatial pyramid pooling and the
residual block, we improved the U-Net model to enhance its ability to obtain important features and contextual information of target objects in
complex backgrounds. We used the seasonal characteristic sample library for model training and validation to improve the feasibility of model in
different seasons. Experimental comparative analysis demonstrates that this method can precisely extract rice paddies from high-resolution UAV
images across various seasons. In each season, the improved U-Net model achieved the average recall and average loU exceeding 95.54% and
91.20%, respectively, surpassing the original U-Net, DeepLabV3, and other models.
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