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Pig Behavior Recognition Based on CBCW — YOLO v8 Model

TONG Zhimin' XU Tianzhe' SHI Chuanmiao' LI Shengzhang' XIE Qiuju’ RONG Lihong'
(1. College of Mechanical and Electrical Engineering, Qingdao Agricultural University, Qingdao 266109, China
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Abstract; With the rapid development of modern pig breeding industry, the demand for precise
recognition of pig behaviors is increasing. Aiming to address the issues of diversity of pig behaviors,
similarity of features, mutual occlusion and stacking, a pig behavior recognition method based on the
improved YOLO v8 model was proposed. Firstly, the ConvNeXt V2 was introduced as the backbone
feature extraction network to enhance the ability to extract semantic information of the detection target.
Secondly, the bi-directional feature pyramid network ( BiFPN) was added to the feature fusion network to
enhance the feature fusion ability of the model. Thirdly, combined with the CARAFE up-sampling
operator, the feature extraction ability of the model in the process of behavior recognition was further
improved. Finally, the WIoUv3 was used as the loss function to optimize the detection accuracy of the
model. The experimental results showed that the precision rate, recall rate, mean average precision and
F1 value of the improved model reached 89. 6% , 88.0% , 91. 9% and 88. 8% , respectively. Compared
with TOOD, YOLO v7 and YOLO v8 models, the mean average precision was increased by 10.9, 6.3
and 3.7 percentage points, respectively, which significantly improved the accuracy of pig behavior
recognition. The ablation experiments showed that all the improvements improved the recognition
performance of the model, and the ConvNeXt V2 backbone feature extraction network had the most
obvious improvement effect on the model. In summary, the CBCW — YOLO v8 model demonstrated
excellent overall performance in pig behavior recognition tasks and provided powerful technical support for
pig health management and disease early warning.
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Tab.2 Pig behavior annotation data
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Tab.4 Loss function comparison experiment %

i R AL P R F1{H mAP
CloU 88.9 88.2 88.6 91.6
DIoU 88.9 86. 8 87.8 91.3
GloU 87.1 87.6 87. 4 91.1
SloU 90. 2 86. 8 88.5 92.0
EloU 89.5 86. 1 87.8 91.1
WloUv3 89.6 88.0 88.8 91.9

Je B PR FN mAP B4 I TR, SloU #1
EloU J& , K5 B 43 i T 1. 3.0. 6 A~ H 445, A [l
RAHIFREL 4 2.1 NE DS, FREERK, #
JH SToU F1 WIoUv3 J5, mAP ¥ A 42T, 7 %M
WloUv3 itk sREL, FLARMBIR F1 {HH4 R e, WloUv3
BRI P OFT mAP 3 5 #2155 0.7.0.3 A 53 5,
WloUv3 SR H G 3 A6 B 38 25 S0 IO SR M, A R T4 5
AT IR B Wl R TR T
3.3.3 MR

R B UE AR SCH R AR AN [RAT Ry b 4 T8R4
BEXF AR T A TR 0 A 5 1) 25 S v ] BB 119 JL AT
SR EARIR 5 CBCW — YOLO v8 #5747 4 %of
b, SCER g SRR 5 fis

x5 THIRANKIWER
Tab.5 Experimental results of behavior recognition %
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Tab.6 Comparative experiments of YOLO v8 models

with different sizes

i P/% R/'% mAP/% 4w IRHBEE
YOLO v8n 85.6 83.4 88.8 3.01x10° 8.10x10°
YOLO v8s 85.2 839 89.2  1.11x107 2.84x10"
YOLO v8m 85.9 77.8 847  2.58x107 7.87 x10"
YOLO v81 86.1 77.1 83.6 4.36x107 1.65x10'"
YOLO v8x 88.3 68.0 78.4  6.81x107 2.57x10"
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Tab.7 Comparison experiments of different models
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