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Abstract: Aiming to address the problems of low detection accuracy and difficult tracking caused by
complex postures, high individual similarity and mutual occlusion of group-housed pigs, a lightweight
pose recognition and tracking method for pigs based on an EL. — YOLO v8n model was proposed. On the
basis of YOLO v8n, EfficientRepBiFusion (ERB) structure was introduced to enhance multi-scale feature
fusion, a lightweight LSDGCD detection head was designed to improve feature extraction capability, and
an optimized EloU loss function was adopted to enhance the learning effect of positive samples. In
trajectory tracking, ByteTrack was integrated to achieve identity maintenance and tracking continuity of
pigs, effectively reducing ID switches and missed detections caused by occlusion and pose switching.
Experimental results showed that in the pose detection of pigs, the recognition accuracies of the proposed
model for standing, lying, sitting and sprawling postures were 98. 7% , 93.2% , 99.3% and 92.3% ,
respectively. Compared with YOLO v8n, the average detection accuracy of the model was improved by
6.24% , the recall rate was increased by 7. 61% , the mean average precision (mAP@ 0. 5) was raised
by 8.49% , the number of parameters was reduced by 15. 28% , and the model memory footprint was only
5.45 MB. When combined with ByteTrack, the model attained an IDF1 of 90. 7% , with multiple object
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tracking accuracy (MOTA) and higher order tracking accuracy (HOTA) reaching 88.6% and 66.2%
respectively, outperforming that of DeepSORT and BoT —SORT. The model realized edge deployment at

pig farms by Jetson Nano, enabling continuous detection and tracking of the pig postures, which provided

technical support for group-housed pig intelligent breeding.

Key words: pig pose recognition and tracking; EL —YOLO v8n; lightweight; intelligent breeding; edge

deployment
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Tab.1 Details of description of pig’s posture
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Tab.3 Test results of different models performance
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LR KR/ % BEE/%  mAP@O.5/% SHa s EE BN HE/MB WER/ (fes!)
SSD 78. 56 76. 89 77.23 3.47 x 107 3.50 x 10" 90.0 68
Faster R — CNN 85.35 84. 54 85. 12 4.23 x 107 1.72 x 10" 106. 3 28
YOLO v5n 88.95 87. 68 88.21 2.51 x10° 7.20 x10° 5.2 110
YOLO v8n 90. 24 89. 14 88.95 3.01 x10° 8.20 x 10° 6.5 186
YOLO v10n 90. 58 87. 62 88. 60 2.71 x10° 6.50 x 10° 5.8 154
YOLO 11n 89.98 89.22 88.32 2.59 x10° 6.40 x 10° 5.5 153
YOLO 12n 90. 15 88. 89 88.30 2.57 x10° 6.30 x10° 5.4 112

3.2 HRNRIE

LI YOLO v8n Ay & EAS AL I i il i 4, 45 2R
=k 4 Frox, 51 A ERB SHe, K R A [ %K
mAP@O. 5 FEARANAL 0 SR T s B

AT 5 FH 2 I BRI 6. 64% 8. 54% I 9.23% , 3
HIRIRIAEANIUR PERE I DL T 12 AL RE T 38 58, 17 0
EHEE D EREM, Bt sk LSCD f =k #5 i
F FEPR mAP@O. 5 73l 0. 34 1. 64 1. 35 4>



4

AR 4F: JET EL - YOLO v8n HYFREHMERESR I LU0 5 BRER T7 7k

303

AT, SH0R s R BN & A 5
FEAIK 21. 26% ,20. 73% J 24. 62% , 3k W LSCD F| H]
FEEBFIHLE], VD T IR SEL, A B i Scale JZ
XPASTR) R B AR 64T REAE 40 0, 76 DR 51 g 1 7]
Bf A T AR HRRUAR b4k, 7E LSCD Al b 211
LSDGCD ¥ 3k | K5 i 3% . A B R mAP@ 0.5 %
LSCD 4354w 1.77 3. 13 2.4 DN E S, S5 .
T RIsE BRNAE G R AL LSCD AR kiU, 3

ERB 5 LSCD , Ki# % 3 % mAP@O0. 5 4 34 =
2.95.4.02 4.99 NAEN, SEE RS IEE
T PAE b P4 BRI 2.6 x 10° .8 x 10° 1.2 MB,
BRI RRER T, S 800 TR S B AR P A7
di A D RIS A AL, 455 ERB £
5 LSDGCD, 5 YOLO v8n A Lt , - 446 MRS # R 42
Tt 6.24% , 13 W R4 T 7.61% , mAP@ 0.5 42T}
8.49% , S KB AR 15. 28% , B I YA 5 JH Y

W20y 58 o s AR T TR LR IR AR IAE 1, 45 5.45 MB,
x4 HRBXBAER

Tab.4 Results of ablation experiment
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VvV x x X 3.01 x 10° 90. 24 89. 14 88.95 8.20 x 10° 6.50
Vv Vv x x 2.81 x10° 90. 18 90. 27 89. 56 7.50 x 10° 5.90
Y4 x Y4 x 2.37 x10° 90. 55 90. 60 90. 15 6.50 x10° 4.90
Vv x x Vv 2.56 x10° 92.32 93.73 92.55 5.40 x 10° 5.10
v Vv Y4 x 2.75 x 10° 93.19 93.16 93. 94 7.40 x 10° 5.30
Vv Vv X v 2.55 x10° 95.88 95.93 96. 55 5.46 x 10° 5.45
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Tab.5 Recognition results of pig posture and behavior
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Tab.6 Experimental results of group-housed pig tracking model
=RC 1DP/% IDR/% IDF1/% MOTA/ % HOTA/% Wi/ (f-s7")

YOLO v8n + ByteTrack 88.7 87.2 87.9 86.5 63.1 32
EL—YOLO v8n + ByteTrack 91.3 90. 1 90.7 88.6 66. 2 30
YOLO v8n + DeepSORT 87.1 85.6 86.3 84.8 61.0 28
YOLO v8n + BoT — SORT 90.2 88.7 89.4 87.5 64.9 29
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