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Abstract

Aggression among pigs adversely affects economic returns and animal welfare in intensive
pigsties. Recently, some studies have applied information technology to a livestock management
system to minimize the damage resulting from such anomalies. Nonetheless, detecting each pig
in a crowed pigsty is still challenging problem. In this paper, we propose a new Kinect camera
and deep learning-based monitoring system for the detection of the individual pigs. The
proposed system is characterized as follows. 1) The background subtraction method and
depth-threshold are used to detect only standing-pigs in the Kinect-depth image. 2) The
standing-pigs are detected by using YOLO (You Only Look Once) which is the fastest and most
accurate model in deep learning algorithms. Our experimental results show that this method is
effective for detecting individual pigs in real time in terms of both cost-effectiveness (using a
low-cost Kinect depth sensor) and accuracy (average 99.40% detection accuracies).
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