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Abstract: Aiming at the problem of misidentifying building and water body as cloud by traditional method and the extracted edge contour

discontinuity, we proposed a cloud detection method based on multi-scale semantic segmentation model. Firstly, we marked, cut and data augmented

each band of remote sensing image to form multiple data sets. Then, we sent the data set to the U-Net++ network for training until it converged,

and carried out pruning through in-depth supervision to reduce the parameters to be saved, so as to obtain the cloud detection models of each

band. Finally, we obtained the cloud detection results with higher overall accuracy and better subjective effect by multi-model weighted fusion.

The experimental results show that the overall accuracy of this method is 91.04%, which is about 6% higher than that of OTSU, and the method

improves the effect of cloud contour extraction.
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