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Pig behavior recognition method based on skeleton features
YIN Zhaoyang' , YE Junhua®,XU Aijun'’* ,ZHOU Suyin', LIANG Ziyuan'

(1.School of Mathematics and Computer Science,Zhejiang A&F University , Hangzhou 311300, China;
2.School of Environmental and Resource Science,Zhejiang A&F University , Hangzhou 311300, China;
3.Zhejiang Key Laboratory of Intelligent Sensing and Robotics for Agriculture , Hangzhou 311300, China)

Abstract ; [ Objectives ] The health status of live pigs is closely related to their behavior,and their behavior is directly related to their
skeletal features. Therefore,a pig behavior recognition method based on skeletal features was proposed in this paper. [ Mothods ] The
YOLOv8s-Pose algorithm was used to detect key points of pigs and extract skeleton features of pigs,and then input the features into a
graph convolutional network ; residual structures were introduced into graph convolutional networks to accelerate the training and
optimization process of the model; a weighting strategy was introduced to weight the distance of keypoint information at different
locations , which further enhanced the feature expression of neighboring nodes while retaining the information of distant nodes , thereby
improving the behavior recognition performance of the model. [ Results] The experimental results showed that the model achieved an
average accuracy of 87.30% in recognizing the behaviors of pigs standing, sitting, and lying, which was 6.53 percentage points higher
than the YOLOv8s model. At the same time, the inference time for 100 times was only 0.19 seconds. [ Conclusions ] The pig behavior
recognition method proposed in this article could achieve accurate and rapid classification of daily pig behavior, providing technical
reference for monitoring and health assessment of group pigs’ daily behavior.

Keywords : pig ; behavior recognition ; pose estimation ; graph convolutional network ; keypoint detection
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Fig.1 Examples of side-view images of live pigs taken from different positions around the pig pen
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Table 1 Definition of pig behavior
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Fig.2 Schematic diagram of key point
annotation for pig skeleton

1,57 Nose ;2.3 Head ;3.J87 Shoulder;
4. 75410 Backbone; 5.8 Hip; 6. )87 Tail;
7Hi 25 5 Front left elbow; 8. fj 22 B Front left
hoof;9. i #7 )i} Front right elbow; 10. B #7 i
Front right hoof; 11. J& Z2 /i Hind left elbow;
12. J5 728 Hind left hoof;13. J57 /I Hind right
elbow; 14. J574 5 Hind right hoof.

174 Behavior

17 48 Behavior description

i il BRI HE b s AT, B K BT, S B TR — e B B
Stand Both forelegs and hind legs are in contact with the ground,and the body remains upright.
A BBR S, AT 2, S A it T
Sit The forelegs are straight, the hind legs are folded,and the tail touches the ground.
i PR — W b T , SRR A B2 B 7 A1 wl N A At T , TR 7 28 T B AT 7
Lie One side of the body or the abdomen is in contact with the ground, with the forelegs folded beneath the body.
- ."4-!" T i L
e B —_ -
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_. e X
A. ¥l Stand

B2. JJii Lie }
B3 EBEITAHNRE

Fig. 3 Pig behavior annotation
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Fig. 4 Overall process of pig behavior recognition method
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Fig.5 YOLOVS8s-Pose network structure diagram
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Fig. 6 Graphical convolutional network structure
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Fig.7 Schematic diagram of distance weighting using two nodes as an example
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Table 2 Performance comparison of attitude estimation models

R BT M FEEE(RIfE 50)  FEEE(EI(E 75)  KSEE(IIME 90) T IBS Eieiy

Methed Backbone AP50 AP75 AP90 GFLOPS Params
Deeplabcut! 2] ResNet 82.2 43.9 32.1 3.80 25.60
AlphaPose! ") ResNet 83.9 60.0 19.2 12.80 5.17
YOLOv7-Pose! %% YOLO 81.2 47.6 18.3 9.20 3.30
YOLOv11s-Pose YOLO 83.7 56.9 34.2 23.20 9.90
Hrnet-w32[%! Hrnet 81.1 44.1 21.0 28.54 7.70
RtmPose-m!*] CSPNeXt 75.9 18.5 6.6 2.54 13.51
SimCCY MobileNetV2 71.9 19.0 9.9 0.31 2.29

YOLOv8s-Pose YOLO 83.2 57.9 36.4 30.20 11.60
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TEHE ARG FE RS R AU H . Yellow boxes indicate pigs with detection errors.
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Fig.9 The results of the attitude estimation error
FHE AR FE RS R A9 H . Yellow boxes indicate pigs with detection errors.
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Table 3 Precision of different behavior recognition results %
Fe AEHHEE Precision S 1

Model % Stand 9 Lie A5 Sit Average precision
YOLOv8s 83.6 76.7 81.9 80.7
YOLOv7w6!?! 77.1 67.7 68.1 71.0
MLP[32] 89.2 53.1 51.6 64.6
XGBoost[ ¥ 83.5 76.2 60.0 73.2
ST-GCN 88.4 72.6 83.4 81.5
ABEA! This model 93.2 74.5 94.1 87.2
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Fig. 10 Behavior recognition results of pigs from different perspectives
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Table 4 Behavior classification results of graph convolution with different layers

A Layens KB43R/ % Precision XFiijﬁﬁﬁ%i/% R/ s
¥l Stand 1 Lie A Sit Average precision Inference speed
2 70.8 74.5 82.4 75.9 0.10
3 93.2 74.5 94.1 87.3 0.19
4 86.5 78.4 91.2 85.4 0.27
5 83.2 90.2 71.8 81.7 0.28

4.4 HRRIE
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Table 5 Ablation experiment

R HIREER 5)%%2%1"&] E‘E%‘ﬁ”*}( P i i K512/ % Precision SERIRE R %

Experiment Extended . Residual Dlrstan.ce Graph da}ta — — - Ave'ra'ge
graph convolution structure weighting augmentation vl Stand i Lie A Sit precision

1 v 85.3 69.8 82.1 79.1

2 Vv Vv 87.4 72.6 84.2 81.4

3 Vv vV 85.6 71.4 81.9 79.6

4 VvV vV 86.1 70.6 82.8 79.8

5 2 vV 2 88.9 72.2 86.5 82.5

6 Vv Vv Vv 91.6 73.0 91.8 85.5

7 VvV VvV VvV 84.0 72.0 83.1 79.7

8 2 vV vV 92.1 73.8 93.4 86.4

9 v 2 vV Vv 93.2 74.5 94.1 87.3
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