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Sheep behavior recognition based on improved convolutional neural network
LI Xiaodi, WANG Tianyi
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[ Abstract] According to the characteristics of different behaviors of the sheep, a sheep behavior recognition method based on
improved convolutional neural network is proposed in this paper. Firstly, the paper constructs convolutional neural network (CNN)
with convolutional kernel size of 3x3, and using scaled exponential linear units ( SeLU) as the activation function, the network has
the function of self normalization. Then, max pooling is used as the down sampling. After that, in the full connection layer, the
Alpha dropout operation is used to improve the generalization ability of the network, and the cosine annealing dynamic learning rate
is used for dynamic fine—tuning. Finally, the sofimax classifier is used as the network output, and the sheep behavior recognition
network model is constructed. The experimental results show that the accuracy of this method for sheep eating behavior recognition is
90.30%, and the accuracy of standing behavior recognition is 94.16%. The recognition accuracy of sitting and lying behaviors
reaches 91.90%. The model could monitor different behaviors of the sheep with high accuracy, which is helpful to improve the
efficiency of animal husbandry management and the level of intelligent breeding.
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Fig. 1 Structure of convolutional neural network
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Fig. 3 Network recognition effect under different discarding rates
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Tab.1  Effect of sheep behaviors recognition with or without

occlusion
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