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Development of an All-Day Cattle Estrus Monitoring System
Using IR and RGB Camera-Based Behavior Detection Algorithm
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ABSTRACT

In this paper, this research presents an effective system for real-time monitoring and detection of cattle
estrus behavior, utilizing IR and RGB cameras. The study also demonstrates the improved performance
achieved through the generation of IR images using a GAN-based RGB to IR conversion. The system’s
reliability and stability were validated across different environments, further affirming its potential as a
day/night cattle estrus monitoring system.
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Table 2. Number of acquired data.

Normal Estrus Behavior

RGB Camera 6275 4271
Image

IR Camera 5361 038
Image

Generated IR i 4271
Camera Image

Total 11,636 9,530
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Table 3. Results by training data type.

Precision (%) Recall (%) mAP.5 (%)
Used Data

Day Night Day Night Day Night
RGB only (Day) 87.08 - 87.2 - 79.6 -
IR only (Night) - 85.16 - 86.82 - 77.1
RGB + IR 82.85 77.88 86.30 81.13 77.4 67.8
RGB+ RGB based GAN (Our) 83.79 71.22 87.14 74.07 76.5 64.2
RGB+ IR +RGB based GAN (Our) 85.93 83.36 86.07 83.05 77.7 72.9
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Fig. 5. New extemal experimental farms for demonstration.
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