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Fig.2 Improved YOLOVS structure
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Table 1 Individual identification results of Angus cattle with different models

R H M|/ % R A 5 T/ MB HHEE/(X M /(i/s)

Model Punso/ % Puso s/ Recall Memory size 10") FLOPS Frame rate
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YOLOv8s 90.8 67.1 81.2 22.60 28.70 210.0
YOLOv8m 90.7 67.9 83.7 49.70 79.00 75.9
YOLOvV9t 87.5 61.2 80.2 8.30 16.30 266.4
YOLOv10n 88.7 66.4 80.7 6.10 6.90 421.4
Mamba-YOLOt 90.2 66.5 81.3 13.00 15.10 102.0
RT-DETR 88.9 63.8 80.0 17.70 78.10 84.5
23t Improved YOLOv8n 92.6 68.3 85.1 2.60 1.90 729.4
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Fig.7 Comparison of facial recognition performance of partial Angus cattle among different models
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Fig.8 Comparison of heatmaps from YOLOvS8n and improved YOLOv8n for cattle detection
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Table 2 Comparison of 4-fold cross validation experimental results for different modules of improved YOLOv8n

R L ZE Y AL J&Z WF LT A Sk Py P /5% MR 5 i /MB B RE/(X
Model Group Taylor ERFFU LPCDH mAsO" 7 A5/ 70 Memory size 10) FLOPS
X 89.5 66.2 6.60 9.6
X X X 88.9 66.6 6.60 9.6
YOLOv8n
X X X 89.7 67.0 6.60 9.6
X X X 89.1 65.8 6.60 9.6
X NG X 89.6 67.4 6.84 10.2
X NG X 89.8 67.4 6.84 10.2
Model 1
X NG X 90.2 67.8 6.84 10.2
X Ni X 90.0 67.6 6.84 10.2
X X Ni 91.1 67.9 4.91 5.6
X X N 91.5 68.1 4.91 5.6
Model 2
X X NG 92.1 68.5 4.91 5.6
X X NG 90.7 67.9 4.91 5.6
X NG NG 92.6 68.3 5.72 6.4
PR ] X v v 93.0 68.9 5.72 6.4
Model in this study X N/ N 93.2 68.8 5.72 6.4
X NG NG 92.3 68.1 5.72 6.4
N N N 92.6 68.3 2.60 1.9
AT B J J J 92.8 68.9 2.60 1.9
Prune model in this
study J NG NG 92.9 68.8 2.60 1.9
N NG NG 92.3 68.1 2.60 1.9

Al P N R, R Al k< X " #6R . Note: Using "~/" to indicate improvement applied, and "X " to indicate no improvement

applied.
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Facial recognition of Angus cattle based on the improved YOLOvS8n

HU Lijun', L1 Xu', LT Guoliang”

1.Ministry of Education Key Laboratory of Tarim Oasis Agriculture/
College of Information Engineering , Tarim University,Aral 510642, China;
2.Ministry of Agriculture and Rural Affairs Key Laboratory of Smart Farming for Agriculltural Animals/
College of Information , Huazhong Agricultural University, Wuhan 430070, China

Abstract An improved YOLOvV8n method was used for facial recognition of Angus cattle in captive
environments to solve the problem of difficulty in distinguishing facial features caused by Angus cattle’s
unique black fur and to achieve the accurate and non-contact recognition. A dataset containing 11 000 facial
images of 200 Angus cattle at different stages of growth was constructed. Introducing an innovative and en-
hanced receptive field feature fusion module was introduced to enhance the model’s focus on key features. A
novel lightweight detection head (LPCDH) was designed for recognizing the facial feature of Angus cattle.
The group Taylor pruning method was used to eliminate irrelevant neurons by estimating their importance ,
thereby reducing computational costs and memory usage, and improving the deployment efficiency of the
model. The results showed that the improved model achieved an average recognition accuracy of 92.6%,
which was 11.5, 3.8,1.8,1.9,5.1, 3.9, 3.7, and 2.4 percentage higher that of commonly used models in-
cluding SSDs YOLOv5n, YOLOvVS8s, YOLOv8m, YOLOvIt, YOLOv10n, RT-Detr, and Mamba-YOILO
model, respectively. The designed model was improved by 3.1 percentage in 4-fold cross-validation com-
pared with the original YOLOv8n model. It is indicated that the constructed model is optimized for light-
weight memory consumption and computational requirements, making it particularly suitable for real-time
recognition on mobile devices and in practical applications, significantly improving the accuracy and efficien-
cy of recognizing the facial feature of Angus cattle. It will have immense potential in individual recognition
in the livestock industry.

Keywords Angus cattle; YOLOvS8n; pruning; cattle identification ; facial detection model
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