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Beef Cattle Posture Recognition Based on ResNet-18 and Data Augmentation:
Implementation and Teaching Application

SUN Shuai, ZHAO Yongcai, LI Man, GAO Jingru, GUAN Manyu, LI Guangbo

(College of Electronic and Information Engineering, Huaibei Institute of Technology, Huaibei 235000, China)

Abstract:Beef cattle posture recognition is a critical component of intelligent livestock farming. It provides essential
data support for health monitoring, behavior analysis and welfare assessment, and is of great significance for improving
breeding efficiency and enabling early disease warning. However, traditional manual observation methods suffer from
shortcomings such as low efficiency, strong subjectivity and difficulty in continuous monitoring. Existing deep learning
methods generally face problems including large model parameters, high deployment costs and limited generalization
ability in complex breeding scenarios.To address the above issues, this paper proposes a beef cattle posture recognition
method based on ResNet-18. Transfer learning is adopted to initialize the model with ImageNet pre-trained weights. Data
augmentation strategies including random horizontal flipping, random rotation and color jitter are combined to improve
generalization performance, and the model is trained for 100 epochs using the SGD optimizer with cosine annealing
learning rate scheduling.Experiments are carried out on a self-built beef cattle posture dataset, which contains 9 posture
categories: drinking, feeding, fighting, licking, lying, mounting, exploring, standing and walking. There are 500 images
per category with a total of 4500 images, and the dataset is divided into training set, validation set and test set at a ratio of
8:1:1. The results show that the ResNet-18 model achieves a test recognition accuracy of 94.00%, which is further
improved to 95.33% with the introduction of data augmentation. Compared with AlexNet (92.22%), ResNet-50 (91.56%)
and MobileNet-V2 (93.33%), ResNet-18 delivers competitive recognition accuracy with only 11.2M parameters,
featuring both light weight and high efficiency.This method provides a lightweight solution for accurate and efficient
beef cattle posture recognition, and holds important reference value for promoting the practical application of posture
recognition technology in intelligent livestock farming.

Keywords: Beef cattle pose recognition; Residual network; Transfer learning; Data augmentation; Smart livestock
farming
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