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Research on a Beef Cattle Posture Recognition Method Based on ResNet Deep

Learning Networks

Gao Jingru', Zhao Yongcai', Li Man', Guan Manyu!, Li Guangbo'”
ISchool of Electronics and Information Engineering, Huaibei Institute of Technology, Huaibei, Anhui 235000, China

Abstract: Accurate recognition of beef cattle postures and behaviors serves as the core foundation for large-scale
intelligent livestock farming, enabling effective monitoring of cattle health status and intelligent management of farming
behaviors. Currently, there is a lack of standardized datasets and simple, reliable baseline models for beef cattle posture
recognition; furthermore, most existing studies have not investigated how network depth affects recognition accuracy in
scenarios without data augmentation, which hinders the practical deployment of such algorithms. This study constructs
an image dataset encompassing nine common beef cattle postures—including drinking and feeding—with 500 samples
selected for each category, which are then divided into training, validation, and test sets in a ratio of 8:1:1. A
classification model is developed using ResNet50 as the backbone network, employing only basic preprocessing (scaling
and normalization) and training the model using the Adam optimizer combined with a cosine decay learning rate strategy.
The model achieves an overall accuracy of 92.00% on the test set and a macro-F1 score of 91.86%; it demonstrates
excellent recognition performance for drinking, lying, and climbing/leaping postures, whereas recognizing standing and
walking postures presents greater challenges. Experiments demonstrate that the recognition accuracy of ResNetl8,
ResNet34, and ResNet50 increases significantly with increasing network depth., with the highest accuracy on the test set
reaching 92.00%. This study clarifies the enhancing role of network depth in beef cattle posture recognition under
conditions without data augmentation; the constructed dataset and experimental benchmarks can provide valuable
support for optimizing recognition algorithms in complex livestock farming scenarios.

Keywords: beef cattle posture recognition; deep learning; ResNet;
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	实验一以ResNet50为骨干网络完成100轮训练，总耗时约83.1分钟。训练过程中，训练损失从第1
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