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Network for ZY-3 Satellite Remote Sensing Imagery
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Abstract To improve the accuracy of cloud detection, we propose a multi-scale dilation convolutional neural
network method. Combining with the characteristic of satellite images, we design the deep convolution network
structure, which includes a deep-feature coding module, a local dilation perception module, and a cloud-dense
decoding module. First, the deep-features of cloud are obtained by the basic convolutional layer in conjunction with
the coding module. Second, multi-scale dilation convolution layers jointed with pooling layers are used to perceive
corporately. A nonlinear function is employed in each block to improve the effectiveness of network model
expression. Finally, the cloud-dense decoding module integrate the features corresponding to those included in the
coding module and then utilize the L1 regularization upsampling algorithm to accomplish the end-to-end pixel-level
cloud detection task. Cloud detection experiments are performed in the typical cloud mask areas; the results are
compared with those of the Otsu algorithm and the FCN-8S method. The results indicate that the accuracy of
proposed method is higher and the Kappa coefficient is effectively improved.

Key words remote sensing; neural network; dilation convolution; cloud detection; ZY-3 satellite imagery; fully
convolution network
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Fig. 1 Convolution kernel with different dilation rates. (a) r=1; (b) r=6; (c) r=12; (d) r=18
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Fig. 2 Schematic of deep multiscale dilation fully convolutional neural network architecture
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Fig. 3 Visual analysis on cloud area for different pooling layers
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Table 1 Multi-spectral image parameters of ZY-3 satellite

Index

Parameter

Resolution /m

5.8

Band 1: 450-520; Band 2: 520-590

Wavelength /nm

Width /km

Single scene /km’

Band 3: 630-690; Band 4: 770-890

52
2704

upper left:30.5633N; upper right: 30.4678N

Latitude range

lower left: 30.1186N; lower right: 30.0234N

upper left: 113.7162E; upper right: 114.2382E

Longitude range

lower left: 113.6103E; lower right: 114.1299E
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Table 2 Comparison of the accuracy of different

network structures

Method Accuracy /% Training time /h
FCN-8S 86.9 36
Proposed 96.8 14
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Table 3 Quantity evaluation parameters of different algorithms
Fig. Detection algorithm OA Doa Fl-measure Kappa D Kappa
Otsu 0.9444 —0.0458 0.9668 0.7990 —0.1687
Fig. 5Ca) FCN-8S 0.9661 —0.0241 0.9793 0.8867 —0.081
Proposed 0.9902 0.9936 0.9677
Otsu 0.8413 —0.0895 0.8412 0.6869 —0.1705
Fig. 5(b) FCN-8S 0.9096 —0.0212 0.9150 0.8189 —0.0385
Proposed 0.9308 0.9416 0.8574
Otsu 0.8580 —0.1075 0.8837 0.7075 —0.2106
Fig. 5(c) FCN-8S 0.8841 —0.0814 0.9076 0.7544 —0.1637
Proposed 0.9655 — 0.9755 0.9181 —
Otsu 0.9731 —0.0146 0.9855 0.8100 —0.0686
Fig. 5(d) FCN-8S 0.9789 —0.0069 0.9886 0.8440 —0.0346
Proposed 0.9858 — 0.9928 0.8786 —
Otsu 0.7649 —0.2275 0.1277 0.0987 —0.6152
Fig. 5(e) FCN-8S 0.9767 —0.0157 0.5386 0.5279 —0.0186
Proposed 0.9924 — 0.7175 0.7139 —
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Fig. 5 Comparison of cloud detection results at different areas using different algorithms. (a) Area covered by thick cloud;

(b) area covered by middle-thick cloud; (c) area covered by thick and thin clouds; (d) area covered by thick cloud

and haze with the a complex scene; (e) area covered by a large range of thick cloud
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