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Quality Detection Method of Crayfish based on Improved YOLOv5

LU Hao', WANG Shuqing', LU Donglin', ZHANG Zipeng’, TANG Lu'
(1 School of Electrical and Electronic Engin., Hubei Univ.of Tech.,Wuhan 430068 ,China ;
2 Wuhan Fenjin Intelligent Machine Co.,Ltd » Wuhan 430074, China)
Abstract: The quality detection of crayfish is an important link in its production and processing. Aiming at
the problems of poor fitting performance and redundant errors of the current target detection model on dif-
ferent data sets, a method for quality detection of crayfish based on the improved YOLOv5 network is pro-
posed. . First, the DP-Conv convolution is used in the backbone network to improve the CNN convolution,
and high-dimensional over-parameterization is used to improve the fitting effect and detection speed. Sec-
ondly, the SENet module is embedded in the residual block Res_unit to strengthen the semantic connection
of the context and reduce the interference of redundant information. Finally, a data collection method for
crayfish is designed. Comparing the proposed algorithm with three kinds of target detection algorithms,
the results show that the improved algorithm has a detection accuracy of 97% , a speed of 60 frames/s, and
the model performance is better than the other three algorithms, having high testing accuracy and applica-
tion effect.
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