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Abstract: Aiming at the slow speed of trzwtional freshwater fish image recognition methods and the need to manually

extract features, this paper propos oved freshwater fish image recognition algorithm based on improved Res2Net

model. The proposed improvem is as follows: first, CELU activation function is used instead of ReLu. Then, the
residual block is combine hybrid attention network. Finally, three 3 x 3 convolution kernels are used to replace
the 7 X 7 convolution ke the first convolutional layer in Res2Net model. At the same time, an average pooling
layer is added to the down-sampled residual connection. Experimental results show that the improved network achieves
96.34% accuracy in freshwater fish image classification, which is 3.67% higher than that of Res2Net. It has more excellent
performance and provides a reference for freshwater fish recognition.
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image recognition model for freshwater fish)
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