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A BP-NN based cloud detection method for FY-4 remote sensing images

GAO Jun®, WANG Kai,

TIAN Xiao-Yu,

CHEN Jian

(College Of Information Engineering, Shanghai Maritime University ,Shanghai 201306, China)

Abstract: In this paper, normalized difference cloud moving index (NDCMI) is put forward by analy-
zing the remote sensing data every 15 minutes. By applying NDCMI, the detection of low cloud, thin
cloud and the edge of moving cloud can be enhanced. We proposed a dynamic threshold method with
NDCMI for preliminary cloud detection, and then through the preliminary results, we proposed a novel
cloud detection method based on back propagation neural network ( BP-NN). The experimental results
show that the proposed method can eliminate the subjectivity in threshold selection, and can achieve
better cloud detection results for remote sensing image in complex situations.
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Table 1 Channel information for multi-channel scanning
imaging radiometer (AGRI) of FY-4A

18 44 B WIS PR EIE P BY um (OA7N
1 10992 x10992  0.45 ~0.49 12
3 21984 x21984  0.55~0.75 12
5 10992 x10992  0.75 ~0.90 12
6 5496 x 5496 1.36 ~1.39 12
7 5496 x 5496 1.58 ~1.64 12
8 5496 x5496 2.1~2.35 12
9 5496 x5496 3.5 ~4.0(high) 16
10 2748 x2748 3.5 ~4.0(low) 12
11 2748 x2748 5.8~6.7 12
13 2748 x2748 6.9~7.3 12
15 2748 x2748 8.0~9.0 12
18 2748 x2748 10.3~11.3 12
19 2748 x2748 11.5 ~12.5 12
20 2748 x2748 13.2 ~13.8 12
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Fig.3 Moving clouds and cloud edges detected using NDC-
MI
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Fig.4 The generation process of threshold images
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Fig.5 The generation process of threshold
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Table 2 Features extracted from the remote sensing images

of FY-4A
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