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Research progress of deep learning in the application of
individual recognition and daily behavior detection in sheep
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(1. College of Agriculture and Forestry, Linyi University, Linyi 276000, China;
2. Linyi Academy of Agricultural Sciences, Linyi 276000, China)

Abstract Accurate individual sheep identification and daily behavior monitoring are fundamental for achieving
intelligent sheep farming and improving animal welfare. Deep learning techniques based on sensor data have
been widely investigated for sheep identification and behavior recognition. However, there are still problems
such as challenges remain, including limited feature extraction capability, poor model generalization, and
insufficient research on lightweight model deployment. This paper reviews and analyzes recent research in this
field and proposes new approaches for optimizing deep learning-based sheep identification and behavior
monitoring. The findings indicate that: 1) The high similarity among individual sheep and complex environmental
conditions are major factors limiting recognition accuracy. Enhancing the feature extraction ability of deep

learning models is a primary solution. In addition to expanding datasets through data augmentation and improving
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model performance with attention mechanisms, future research may focus on multi-modal information fusion,

transformer architectures, and federated learning to further boost feature extraction and generalization. 2) When

developing lightweight models suitable for edge deployment, in addition to optimizing parameters and modules

during training, techniques such as pruning and knowledge distillation can be applied to compress trained

models, enabling the development and deployment of real-time sheep monitoring systems on embedded

devices. In conclusion, analyzing and optimizing deep learning models for sheep identification and behavior

monitoring is essential for constructing lightweight, edge-deployable, and real-time portable deep learning

solutions.

Keywords sheep; recognition; daily behavior detection; deep learning
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Table 1 Daily behavior categories and definitions of sheep
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Fig. 1 Sampling rules (a) and recording rules(b) in animal behavioral research
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Fig. 2 The schematic diagram of workflows of traditional computer vision (a) and deep learning models (b)
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Fig. 3 Deep learning models and neural networks used in daily behavior detection of sheep.
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