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Abstract: In recent years, deep learning has been widely used in cloud detection of remote sensing images, but it relies on large-scale high-quality

manually labeled samples. Based on weakly supervised learning and transfer learning, we proposed a cloud detection method based on weakly

supervised pre-training CNN model in this paper. Firstly, we used a fast detection method to generate a large-scale weakly supervised sample,

which was used to pre-train the CNN model instead of manually labeled samples. Then, we used a small number of manually labeled samples to

fine-tune the pre-training model. Finally, we used the obtained model to conduct cloud detection of images. The experimental results show that

the overall accuracy of this method reaches 96.00%, with F1-score of 87.70%. On the premise of maintaining ideal detection accuracy, it signifi-

cantly reduces manual labeling costs, presenting good application prospects in industrial practice.
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