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Individual Identification Method of Simmental Cattle Based on
Improved YOLO v8 Keypoint Detection

TIAN Zhenjiang' HAN Cheng' ZHANG Chao' LI Yueying' YU Fudong® ZHONG Xinhui’
(1. School of Computer Science and Technology, Changchun University of Science and Technology, Changchun 130012, China
2. Jilin Sino Agri Sunshine Data Co. , Lid. , Changchun 130022, China)

Abstract; With the intelligent development of animal husbandry, computer-vision-based individual cattle
recognition is playing an increasingly important role in modern cattle farming. However, in practical
applications, the rapid changes in the angles of cattle faces, frequent fluctuations in the number of cattle,
and limitations in model recognition speed severely affect the accuracy and efficiency of recognition. To
address these challenges, an individual recognition method for Simmental cattle was proposed based on
improved YOLO v8 keypoint detection. The method consisted of two stages: in the cattle face detection
stage, the improved YOLO v8 model automatically detected keypoints in cattle face images and performed
correction alignment and background cropping to make the angles of the cattle face images more
consistent. In the cattle face recognition stage, depthwise separable convolution was firstly introduced to
reduce the number of parameters, and then residual connections and attention mechanisms were utilized
to enhance the model’s feature extraction capabilities, thereby improving recognition accuracy and speed.
To validate the effectiveness of the method, a dataset of cattle face images containing 159 Simmental
cattle was constructed. Experimental results showed that the proposed model had significant improvements
in the number of parameters and inference speed, with processing time for a single image reduced to
within 39 ms and a recognition accuracy of 95. 8% , an average improvement of 4. 8 percentage points
compared with that of other models. Additionally, the proposed method supported real-time updates to the
cattle database, maintaining high accuracy even after adding new cattle face images.
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Fig. 1 Cattle face data collection environment in cattle farms
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Tab.3 Comparison results of cattle face recognition with different network models %
o) £ AT A BRLEEIES W LIRS FEILES R IE=R F1 438
MobileNetv2 CowTe + CowF 91.3 94.9 91.9 10.0 93.4
Inception — ResNetv2 CowTe + CowF 91.8 92.8 95.1 14.8 93.9
VGG16 CowTe + CowF 86.7 89.9 90.2 20.5 90.0
Vision — Transfomer CowTe + CowF 90.7 94.0 92.0 11.8 93.0
Swin — Transfomer CowTe + CowF 94.0 98.4 92.5 3.0 95.4
ResNet50 CowTe + CowF 91.1 95.1 91.3 9.5 93.2
ARSI CowTe + CowF 95.8 97.2 96.5 5.7 96. 8
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Tab.4 Comparison of accuracy of cow face recognition with addition of new cattle data %
GES e MRAEGEE  FEERMETR 50 R 100 fEEMER 250 PR 350 IR 600 hEEI&
MobileNetv2 CowTe 91.9 91.9 91.7 91.7 91.7 91.7
Inception — ResNetv2 CowTe 94.4 94.2 9.1 94.0 93.9 93.8
VGG16 CowTe 89.5 89.5 89.5 89.5 89.5 89.5
Vision — Transfomer CowTe 91.8 91.5 91.5 91.4 91.2 91.1
Swin — Transfomer CowTe 92.4 92.4 92.1 91.8 91.7 91.5
ResNet50 CowTe 90.9 90.9 90.9 90.9 90.9 90.9
AR CowTe 96. 4 96.2 95.8 95.7 95. 4 95.3
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Tab.5 Comparison results of ablation experiments for cattle face recognition models

Inception — ResNetv2 DSConv ~ CBAM  #EWiR/%  FEWHHR/% HEE/% BIEFR/% Fl 550/% ZHch EE])/ms
Y4 x x 90.9 92.1 94.5 16.3 93.3 2.26 x 107 57
vV Vv x 91.0 91.3 95.6 18.5 93.4 1.54 x107 35
Vv Vv Vv 95.8 97.2 9.5 5.7 96. 8 1.95 x 107 39
TE VIR R B | x FR AR R b,
PR E 2T, R B DSConv BT ABRURAL TR BEEE,
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Tab.6 Cattle face recognition performance evaluation

\/T\w'“ T 1+ I \El . 105 » l‘__fl“ . 1Hs N
AR S K0 BRES ]/ P P PUNSERET R, A B A R/
ms ms ms
MobileNetv2 3.21 x 10° 22 47
Inception — ResNetv2 3.04 x 107 35 60
VGG16 1.47 x 107 39 64
YOLO v8 4.03 x10° 25 Vision — Transfomer 8.56 x 107 43 68
Swin — Transfomer 2.75 x 107 135 160
ResNet50 2.35x107 48 73
AR SCAEAY 1.95 x 107 29 54
MobileNetv2 3.21 x10° 22 32
Inception — ResNetv2 3.04 x 107 35 45
VGG16 1.47 x 107 39 49
AR Y 1.95 x 10° 10 Vision — Transfomer 8.56 x 107 43 53
Swin — Transfomer 2.75 x 107 135 145
ResNet50 2.35 %107 48 58

AR SRR 1.95 x 107 29 39
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Fig.8 Actual cattle face occlusion image with

cow face occlusion dataset
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Tab.7 Average precision of cattle face keypoint
detection under different occlusions %
WP LB/ %

5 10 15 20 25 50

PR BAAS XHREERS 95.7 94.3 91.4 90.9 85.7 81.5 41.7
MR AR 95.7 94.3 92.9 91.4 85.1 83.7 47.8
AP X I 95.7 95.7 95.7 95.7 94.3 92.7 82.9
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Fig. 9  Recognition performance in different environments and for various cattle breeds
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