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Fig. 1 Data collection platform for pig images
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Fig. 2 Example of data set annotation for pig posture
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Fig. 3 Overall workflow of the algorithm
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Fig. 4 Architecture diagram of YOLOv11 network
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Fig. 5 Size calibration diagram of the sampling
platform from a top-down perspective
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Table I The deep learning training environment

for this experiment

2501 Categories A/ 281 Version/Parameters

Tg,gﬁz,%ﬁ Ubuntu 18.04
Operating system
th e b2 CPU Intel(R) Core(TM) i9-9920X CPU @ 3.50GHz
PR b B g GPU TITAN RTXX3
BAF VRAM 24 GBX3
M RAM 128 GB
SERIF LR EE IDE Visual studio code
R 1
LREETA Remote-SSH
Remote access tool
Jp1 T 2
ﬁ*i.ln o Python 3.7.3
Programming language
VIR RE 2% S HE S0
HEEEIER Pytorch 1.8.1
Deep learning framework
CUDA Hﬁz}s 10.1
CUDA version

2 ZER54H5H
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Fig. 6 Training and validation of loss plots
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Fig. 7 Performance evaluation metrics of YOLOv11 model
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Table 2 Test results of YOLOv11 model %

432 Classification Hrdt Number BOX(P) BOX(R) BOX(mAP@0.5) BOX(mAP@0.5:0.95)
HA Total 60 79.9 94.6 96.0 79.8
Az, /—rjs
IE#ES 30 77.2 96.9 95.6 78.6
Normal postures
Az, /—rj\(\
ARES 30 82.7 92.3 96.4 81.0

Abnormal postures

B8 AHERFEMMRER
Fig. 8 Plot of test results without confidence

Txpre_Eis, W
= e

Normal 0.7

9 HERFEMIKER
Fig. 9 Plot of test results with confidence
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Fig. 10 Comparison of actual and predicted values of pig body size
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Table 3 Comparison table of pig body size measurement

PRRAAE/ cm

Body measurement values
A=)

Y X {4y iR 2E/ %

Absolute percentage error

Pig - WK AR RS e . Wi
True body  Predicted body Trule hip Predlgted hip Trué chest Predlctled chest Body length  Hip width  Chest width
length length width width width width

9635 123.00 122.05 28.00 31.51 26.00 27.00 0.77 12.54 3.85
9124 124.00 121.30 30.00 31.94 28.00 27.65 2.18 6.47 1.25
9365 125.00 125.79 29.00 32.03 28.00 28.70 0.63 10.45 2.50
9003 120.00 122.61 31.00 31.62 27.00 28.40 2.18 2.00 5.19
9782 123.00 126.42 31.00 31.24 28.00 27.66 2.78 0.77 1.21
9115 126.00 124.66 33.00 32.29 31.00 28.74 1.06 2.15 7.29
I Mean 123.50 123.81 30.33 31.77 28.00 28.02 1.60 5.73 3.55
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YOLOvVI11 and SVR based detection of back posture and
estimation of body size in breeding pigs

LI Zipeng', XU Dihong”, LI Xuan®, LI Lianghua', SUN Hua',
HUANG Jiangdong', WANG Qifan*, MEI Shuqi', PENG Xianwen'

1.Institute of Animal Husbandry and Veterinary, Hubei Academy of Agricultural Sciences,
Wuhan 430064, China;
2.College of Engineering/ Ministry of Agriculture and Rural Affairs Key Laboratory of Smart
Farming for Agricultural Animals, Huazhong Agricultural University, Wuhan 430070, China

Abstract A non-contact image data collection platform for pigs was designed to solve the problems
of the response to stress, large errors, and low efficiency caused by the manual contact measurement of
body size in breeding pigs. A method of detecting back posture and estimating body size in pigs was pro-
posed based on YOLOvI11 and support vector regression (SVR) algorithm. The YOLOv11 model was
used to detect the back posture in pigs and the SVR algorithm was used to process the information of body
size from the results of detection to estimate the body size in pigs. The results showed that the recall and av-
erage precision of the YOLOv11 model reached 94.6% and 96.0% , respectively, indicating that the model
has a good robustness of detection. The mean absolute percentage errors between the estimated and mea-
sured value of body length, chest width, and hip width obtained through the SVR algorithm was 2.78%,
2.55% , and 2.88%, respectively, indicating that the algorithm has high accuracy in measuring the body
size. It is indicated that the method of detecting back posture and estimating body size in pigs based on YO-
LOv11 and SVR algorithm has the characteristics of lightweight and high accuracy, providing an efficient
and reliable tool for breeding selection in pig farms while reducing human error and the response to stress in
pigs.

Keywords breeding pig; YOLOv11; support vector regression (SVR) ; posture detection ; body size

estimation
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