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Cloud detection in remote sensing images with multilevel scale fused network

Guo Yue, Yu Ximing, Wang Shaojun, Peng Yu

( Department of Test and Control Engineering, Harbin Institute of Technology, Harbin 150080, China)

Abstract ; When high-precision cloud detection is implemented on visible spectral remote sensing images, the variability of the cloud form
and the similarity between the cloud area and the earth object will reduce detection accuracy. To address this problem, this paper
proposes a weighted multilevel scale fused network (WMSFNet) , which can be trained end-to-end without manual intervention. Firstly,
the sensitivity to the cloud form is reduced by learning cloud area and earth object in turn. Meanwhile, WMSFNet can automatically
extract high-level spatial features through the fully convolutional network. In this way, cloud and earth object can be distinguished at the
pixel level. A multilevel feature fused structure is designed to combine semantic information with spatial information from different levels.
The detection of segmentation boundaries can be enhanced. Experiments performed on several real remote sensing images demonstrate
that the proposed method can reach pixel accuracy of 95.39% , which is better than other state-of-the-art semantic segmentation methods.
The error rate of cloud fraction is less than 1% , which provides a new solution for cloud-contaminated remote sensing images.
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Fig.1 Framework of the proposed cloud detection
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Table 1 Architecture of VGGNet and WMSFNet
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Fig.2  Architecture of WMSFNet for cloud detection
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Fig.3 Calculation process of deconvolutional layers
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Fig.4 Calculation process of bilinear kernel
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Fig.6  Visual comparison of different cloud detection methods on test data
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