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Abstract: Cloud detection is of great significance for the application of remote sensing images. However,
as for the existing cloud detection methods, there is limited research on the polarization information of

remote sensing images, and their performance and generalization ability are also limited. To effectively
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utilize the polarization information of remote sensing images, a multimodal fusion remote sensing image
cloud detection method based on depth learning is proposed and its preliminary experimental evaluation is
conducted. In the method, the network is a three-parameter input stream architecture with an encoder-
decoder structure, and the channel-spatial attention module is used to perfom multimodal fusion of
reflectance and polarization features in remote sensing images. In the upsampling stage of the decoder, the
iterative attention feature fusion method is used to fuse the high- and low-level feature maps. The
evaluation experimental data set comes from Directional Polarization Camera (DPC) cloud products and
cloud mask products. The evaluation results show that the proposed network model achieves good cloud

detection performance, with a recognition accuracy of 93.91%.

Key words: cloud detection; polarization information; multimodal fusion; channel-spatial attention;

iterative attention feature fusion
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Table 1 Characteristics of DPC data bands

P Be/mm % B B /nm RS %
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490 480~500 2
565 555~575 5
670 660~ 680 &
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765 745~785 i
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910 900~920 i
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Table 2 Cloud detection accuracy of different methods

SBT3 PJ% P /% R_,/% M, /%
FCN 88.64 84.53 88.51 79.16
SegNet 86.23 80.58 90.91 75.74
DeepLab v1 91.89 88.70 91.78 84.62
U-Net 92.13 94.10 93.67 84.31
DANet 90.12 86.22 90.10 81.58
BiSeNet 91.29 88.04 90.93 83.55
This work 93.91 95.54 94.99 87.62
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Fig.5 Comparison of visualization experimental results of different methods
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Table 3 Cloud detection results of ablation experiments

SEI A 5 SIS T PJ% P, /% R_,/% M, /%
(a) 3DU-Net + R 90.84 90.61 94.89 82.26
(b) 3DU-Net + R+ P 92.13 94.10 93.67 84.31
(©) 3DU-Net + CSAM + R 92.56 91.57 91.70 86.01
(d) 3DU-Net + CSAM +R +P 93.09 92.05 92.03 86.33
(e) 3DU-Net + CSAM + iAFF + R 93.33 92.52 92.48 87.36
() 3DU-Net + CSAM + iAFF + R + P 93.91 95.54 94.99 87.62
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Fig. 6  Visualization of cloud detection results. (a) Remote sensing imagery of thin cloud areas; (b) ground truth; (c) the results

using reflectance information as input; (d) the results using reflectance and polarization information
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