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Abstract The cloud detection method of ZY-3 satellite remote sensing images based on deep learning is proposed to
solve the problem of the images with few image bands and limited spectral range. Firstly, we obtain the feature of
remote sensing images measured with the unsupervised pre-training network structure of principal component
analysis. Secondly, we put forward the adaptive pooling model, which can well mine images in order to reduce the
loss of image feature information in the pooling process. Finally, the image features are input into the support vector
machine classifier to obtain the cloud detection results. The typical regions are selected for cloud detection
experiments, and the detection results are compared with that of the traditional Otsu method. The results show that
the proposed method has high detection precision and is not limited by the spectral range, and it can be used for the
multi-spectral and panchromatic images cloud detection of ZY-3 satellite.
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Fig. 1 Schematic of convolution neural network structure
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(b) other feature mapping
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Fig. 3 Flowchart of the proposed cloud detection method
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(a) Multi-spectral image; (b) panchromatic image
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Fig. 5 Comparison of cloud detection results between

proposed method and Otsu method.
(a) Proposed method, multi-spectral image;
(b) Ostu method, multi-spectral image;
(¢) proposed method, panchromatic image;

(d) Ostu method, panchromatic image

M 5 Ca) FIE 5Ch) a] LA HY . 78 B 2 = 4 I 7
R ZTE R K25 R b, = 10 B O, BE
W AR 25 Otsu J5 36 B 2 6 25 . i 17 7 TR AG B
Sk E R Y (R IRE N, N
B 5o FE 5D RTRLE H - BT = 40 7 5t T =

0128005-4



ot %

% {5

EOEAREANA AR AN O 78 Otsu I 5
SO AR K IN 45 2R A7 AR B IR O L X
T5 1 S5 AR A B s AN ) T B A ) R
Kz HALBTEE PP A O 3 AT R0, 2 0 2 2R T A
IR LG A B2 R AR i Rl A BR ] T
TR =5 DR Z IS M4 QRN s,

RV T s R vk RN T H A
itk eI AW = K AE B, ASHEN R =
RSO IR A 2K BE /N T 3 pixel, 2 31 i I IX
WA RS BN 1 pixel, FIFTRVE FEBFETHEE 2 W52
BRI 25 R SRR BE COA), | OA Fl Kappa
REBOE B = kil 25 1 PE Fs A in sk 1 s .

R 1R A I 5 2 T 2 8

Table 1 Parameters of different cloud detection methods
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