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Fig.1 The structure diagram of Ghost-GE layer
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Fig. 2 The effect comparison of oil spill detection of

BiSeNetV2 and Ghost-BiSeNetV2
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Fig. 3 The structure diagram of position attention module
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Fig. 6 The detection effect comparison before and after adding the dual attention module
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Tab.2 The detailed operation of the module in Ghost-DABiSeNetV2
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55 LB B Ghost-GE 3 128 6 1 3 — 23X 30
CCAM 23X30

*

3 & X E 4 M R AT

Tab.3 The semantic segmentation network

performance comparison
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BiSeNet ResNet50 87.6 27.98 23.14

4 PRI EAT L EGR LW MEA L

Tab.4 The

performance

comparison

of the

network on the visible light image with and

without the improvement
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Fig. 7 The detection effect diagram on the visible light image before and after network optimization
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Research on bilateral segmentation algorithms for feature recognition

of sea surface oil spill images

DU Hongbiao', YU Wei®,

ZHANG Xu’,

CHEN Yuging™®

( 1.The 719th Research Institute of China Shipbuilding Industry Corporation, Wuhan 430064, China;

2.College of Marine Electrical Engineering, Dalian Maritime University, Dalian 116026, China )

Abstract: The frequent occurrence of major offshore oil spills poses a great threat to the marine

natural environment. Aiming at the problems of insufficient intelligence and accuracy of the traditional

feature recognition methods of sea surface oil spill images, a new intelligent algorithm of deep learning

semantic segmentation is explored. Firstly, the basic structure and functional modules of bilateral

segmentation network (BiSeNetV2) are analyzed. In order to further reduce the complexity of the

existing network parameters, the GE layer of the semantic branch is improved to enhance the

lightweightness of the network. Then, double attention module is added to the two branches of

BiSeNetV2 to solve the problem of similarity between classes, which enhances the accuracy of oil spill

image feature recognition.

Through experimental comparison and analysis, it is verified that the

recognition accuracy of the improved lightweight bilateral segmentation network for the characteristics

of sea surface oil spill image can reach 91.9%.
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