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Research on segmentation algorithm of underwater fish image
based on ARD-PSPNet network
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Abstract ; Underwater fish images are affected by ligt scattering and absorption, water impurities and oth-
er factors,resulting in low underwater fish image quality. This article uses improved automatic color e-
qualization (ACE) algorithm to enhance underwater fish images to effectively improve image quality,and
lay a good foundation for the subsequent underwater image segmentation. Aiming at the problems of
poor segmentation effect and low real-time performance of underwater fish images, this paper proposes
the ARD-PSPNet network model, using the ResNetl01 network model as the feature extraction net-
work,and using the pyramid scene parsing network (PSPNet) network model with good segmentation
performance as the basic image The segmentation model reduces the amount of calculation by introducing
deep separable convolutions. Through the R-MCN network structure,it makes full use of the rich loca-
tion information and completeness of the shallow network feature layer,and improves the loss function to
make the segmentation position more accurate. In experiments and completed on the Fish4knowledge da-
ta set. Experimental results show that the new model has an increase of 2. 8% in mean intersection over
union (MIOU) and about 2% in mean pixel accuracy (MPA) compared with the original model.
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ARD-PSPNet 94. 85 96.12 96 0.051
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Fig. 12 Effects of different networks with or without enhancement
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