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Fig.7 Comparison of extraction results with classic deep learning network model
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An improved double - branch network method for

intelligently extracting marine cage culture area
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Resources, Xi'an 710054, China; 4. Anhui Engineering Research Cenier for Geographical
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Abstract : For the traditional remote sensing image data extraction , the accuracy of the cage information is low , and
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there exist the problems of “different object with the same spectrum ” and “salt and salt” noise. Based on the
Gaofen -2 satellite (“GF —2”) data, this paper proposes an improved double — branch network model cage
information extraction method. The model uses the dense connection block to exiract the spatial feature information
of the cage on the spatial coding path , obtains the global context information of the cage quickly by using the global
average pooling on the global coding path , and finally enriches the detailed information of the cage space through
feature fusion. And deep discriminant feature information improves the extraction accuracy of the cage . The method
has achieved scores of 87.37% , 72.56% , and 82.47% on the three evaluation indicators of precision , IOU, and
F1, respectively, which are 7.82, 4.12, and 4. 64 percentage points higher than the traditional method with the
highest accuracy, respectively. The deep learning model has also achieved an increase of 8. 43 and 8. 69
percentage points in IOU and F1. Experiments show that the method can meet the extraction work of sea cage
culture area, and can provide technical support for the regulation and regulation of offshore sea cage culture .

Keywords: cage culture; remote sensing image ; double-branch network ; deep learning
(REHE: Bk B)



