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Recognition of sheep individual based on GooglLeNet combined
with attention mechanism
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[ Abstract] With the rapid development of artificial intelligence technology, the demand for intelligent sheep breeding technology is
also increasing. In order to solve the problems of large workload, low work efficiency and strong artificial dependence on sheep
individual identification, this paper proposes to use GoogleNet combined with attention mechanism to identify sheep individual. This
model introduces the channel attention mechanism in SE-Net ( Squeeze—and-Excitation Networks) to screen and amplify the useful
signals in the channel to reduce the influence of noise. During the training process, the learning rate and optimizer parameters are

adjusted. The experimental results show that compared with the original network, the improved network has higher accuracy and

better generalization in the sheep individual recognition task.
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Fig. 1 GoogleNet network model architecture
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Fig. 3 Inception module parameter comparison
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Fig. 5 Structure diagram of attention mechanism
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Fig. 6 Examples of sheep data set
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Tab. 2 Model accuracy under different optimization algorithms
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Tab. 3 Comparison of model accuracy and model memory capacity
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Fig. 7 Comparison of validation set accuracy and loss value curves

of GoogLeNet network on sheep images before and after

improvement
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