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Abstract : While the traditional aquaculture information statistics obtained through the field observation of the management department
is difficult to meet the needs of practical research because of the low time efficiency and information reliability, the method of remote
sensing technology combined with convolution neural network classification for aquaculture area extraction can address the problem. In
this paper, the structure of SegNet convolution neural network model is modified according to the characteristics of target objects on
Sentinel -2 images, and a simplified convolution neural network model S—SegNet is proposed to realize high—accuracy automatic recog-
nition of offshore aquaculture area. The results show that the classification effect of S—SegNet model is significantly improved compared
with SegNet model, and the average accuracy, average recall and average F1-score are 88%, 0.9 and 0.91 respectively, which pro-
vides important data support for real—time monitoring and scientific planning of Sansha Bay aquaculture area.
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Tab.1 The information of Sentinel-2 data

TR LA AR (] 23 [ 53 HF 2 (m)
Sentinel -2A 2017-04-29 10
Sentinel-2B 2018-04-19 10
Sentinel-2B 2019-03-30 10
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Fig.1 The network structure diagram of the SegNet
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Fig.2 The accuracy of the model at different depths
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Fig.3 The flowchart of model training
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Tab.2 The accuracy of classification result
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