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Individual Pig Detection using Fast Region-based
Convolution Neural Network

Jangmin Choi*, Jonguk Lee”,

ABSTRACT

Yongwha Chungw,

Daihee ParkHH

Abnormal situation caused by aggressive behavior of pigs adversely affects the growth of pigs, and
comes with an economic loss in intensive pigsties. Therefore, I'T-based video surveillance system is
needed to monitor the abnormal situations in pigsty continuously in order to minimize the economic
demage. Recently, some advances have been made in pig monitoring; however, detecting each pig is
still challenging problem. In this paper, we propose a new color image-based monitoring system for the

detection of the individual pig using a fast region-based convolution neural network with consideration

of detecting touching pigs in a crowed pigsty. The experimental results with the color images obtained
from a pig farm located in Sejong city illustrate the efficiency of the proposed method.
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Fig. 1. System architecture for detecting individual pigs using Fast R—CNN,
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Fig. 2. Overall structure of Fast R—-CNN network,



Fig. 3. Kinect sensor installed in a pigpen.
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Fig. 5. Successful result of individual object detection using RGB Fast R—CNN,
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Fig. 6. Partially failed result of individual object detection using RGB Fast R—CNN,
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Table. 1, Performance evaluation of the RGB Fast R—CNN
Recall (%) Missing rate (%) Precision (%) False alarm rate (%)
92.9% 71% 98.6% 1.4%
Table, 2. Performance comparison with other pig detection methods
. Proposed
Kashiha et al. [6] Guo et al. [7] Method
Input sensor RGB(mono) RGB(mono) RGB(color)
Image preprocessing Morphological operation Morphological processing None
) ) Image binarization/ Histogram equalization/ B
Object detection method Ellipse fitting Maximum entropy threshold Fast R-CNN
No. of pigs 10 7 21
Touching pigs processing No Yes Yes
Detection accuracy (%) 89.8% 92.5% 92.9%
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Fig. 7. Filters of the first convolution layer,
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