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Fig. 1 Study area
a WFFE KT TE AL b, M4 =5 DRV R o ik =5 LRV

a. Location of the study area; b. GF-2 satellite image; c. GF-3 satellite image
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Fig. 2 Image comparison before and after local regional fusion
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Table 3 Prediction accuracy for different datasets
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Table 4 Evaluation of the extraction result

for different datasets
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Table 5 Evaluation of the extraction result

of the weak signal areas

X Kt B RE % KappaZ2 4
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Extraction of the raft aquaculture area based on convolutional
neural networks and data fusion

Li Longkun', Cai Yulin', Xu Huiyu', Liu Zhaolei', Wang Sichao', Gao Hongzhen'

(1. 3S Engineering and Technology Research Center, College of Geodesy and Geomatics, Shandong University of Science and Technology,
Qingdao 266590, China)

Abstract: Accurate extraction of marine raft aquaculture area information is of great significance for marine re-
source management and environmental monitoring. But the raft culture area is often submerged in water with weak
data signal areas, resulting in low extraction accuracy based on optical images alone. Therefore, this paper takes
Weihai Rongcheng Bay as the research area, and improves the U-Net neural network by adding channel attention
mechanism to combine the spectral information of GF-2 optical image and the texture information of GF-3 radar im-
age, trying to improve the extraction accuracy of raft aquaculture area. The results show that: (1) Whether it is a
single optical image or a fusion image of optical and radar images, the overall accuracy of the prediction results of
the U-Net neural network with channel attention mechanism will be improved, with an increase of 2.21%—4.12%.
(2) Using the improved U-Net neural network to process the fusion data, the overall accuracy is 95.75%, which is
4.3% higher than that of only using GF-2 image. (3) For weak signal region, the overall accuracy and Kappa coeffi-
cient of extraction based on improved network and data fusion are 91.61% and 0.827 7, respectively. This method
can effectively extract the weak signal area of marine raft aquaculture area, and can provide technical support for

marine aquaculture area statistics and marine environment detection.

Key words: raft aquaculture area; weak signal area; channel attention mechanism; U-Net; image fusion
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