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Lightweight model of pig face detection by fusing vision contextual
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[ Abstract] Pig face detection is one of the most important prerequisite step for pig individual identification, emotion status and
behaviors recognition in the field of smart pig breeding. To solve the problem of face occlusion and variety about visual angle in real
senses of breeding, a lightweight model of pig face detection by fusing vision contextual and cross—channel information is proposed
in this paper. Firstly, a lightweight feature extraction network, i.e., ShuffleNet v2, is used as backbone network of the proposed
model. Secondly, a nonlocal-PAN module is designed for fusing vision contextual information and cross—channel information of
extracted feature maps with different scales. Finally, a lightweight NanoDet head is adopted as the object detection module based on
those aggregated features. Experimental results show that the proposed model has achieved an accuracy of 96.98%, 81.16%, and 67.
44% at loU level of 0.50, 0.95 and 0.50:0.95 respectively with model size of 8.2 MB. The proposed model has an excellent ability
of deployment in edge computing hardware and superior detection performance, which can be applied effectively in the field of smart
pig breeding.
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Fig. 1 Illustrations of pigs in different breeding condition
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Fig. 2 Network structure of proposed pig face detection model
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Fig. 6 Convergence curves of different model loss on training set
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Tab. 1 Comparison of pig face detection performance between

proposed model and NanoDet model
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Tab. 2 Comparison of different pig face detection models
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Fig. 7 Pig face detection results of different breeding condition
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