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existed in current pig posture recognition tasks, a lightweight pig pose recognition method is proposed in
this study. This method applies the performance-aware global channel pruning algorithm to the YOLOv5s
model, identifies and removes redundant or less contributions to performance in the original model, and
performs parameter adjustment compensation optimization on the pruned model. The results indicate that:
The YOLOv5s-prune model achieved an average precision value (mAP, ) of 94.7% at an intersection over
union (loU) threshold of 0.5, and reached an average precision mean (MAP, s, 4 Of 84.6% with multiple
loU thresholds set at intervals of 0. 05 between [0.5, 0.95], which were 0. 8% and 0. 4% higher compared
to the original YOLOv5s model, respectively. Furthermore, the number of parameters and the number of
floating-point operations per second (FLOPs) were 3.9x10° and 10. 9x10°, respectively, which were 3. 1x
10° and 5. 3x10° lower than those of the original YOLOv5s model; The model achieved an inference speed
of 3.6 ms, representing an improvement of 1.1 ms over the original model. Compared to other object
detection models including Faster R-CNN, CenterNet, YOLOv3-SPP, YOLOXs, YOLOv8s, YOLOv10s and
YOLOv11s, the model constructed in this study reduced the parameter count by 132.8x10°, 28.2x10°,
100. 8x10°%, 5.0x10°, 7.2x10° 4.2x10° and 5.5x10°, decreased the FLOPs by 143.9x10°, 79.4x10°,
272.9x10°, 16.3%x10°, 18x10°, 14.3%x10° and 11.1x10°, improved the detection time of each graph by
25.4, 20.4, 35.2, 1.5, 3.9, 4.2 and 1.8 ms, respectively. The detection performance of the model was
better than that of YOLOV5 s in the scenario of feeding 12, 8 and 6 pigs in a single column. In summary,
the proposed method not only reduces model parameters and computational complexity but also enhances
detection speed and recognition accuracy. Therefore, the new method presented in this study effectively

2025 4F 45 30 %

meets the requirements of pig posture recognition in practical pig farming scenarios.

Keywords pig; posture behavior recognition; deep learning; channel pruning
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Table 2 Test results of YOLOv5s-prune model after adjusting loss function parameters
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In?ijlnﬁijé ii)ss Ovcrzifcﬁoiilfni loss mAPoo/ % mAPoso w6 ;jrirfcfclr()s FLOPs/10 ?:[}C%fjcl? l/lrrrrll;
0.02 2 94.5 84.5 5.1 12.9 4.8
0.04 4 94.4 84.4 4.6 11.9 4.6
0.06 6 94.4 84.4 5.6 12.8 4.7
0.08 8 94.1 84.0 4.1 11.2 4.2
0.10 10 94.3 84.1 3.8 10. 8 4.3
0.12 12 94.4 84.3 4.0 11.0 4.3
0.14 14 94.3 84.3 4.0 10. 7 4.0
0.16 16 94.7 84.6 3.9 10.5 3.6
0.18 18 94.0 84.7 3.9 10.4 3.6
0.20 20 94.5 94.2 3.9 10.4 3.8
0.22 22 94.0 83.7 4.1 10.6 5.4
0.24 24 94.4 84.1 4.1 10.6 4.1
0.26 26 93.3 82.6 4.1 10.4 3.6

TE:mAP, s FImAP, 5, o550 31378 ToU BI{H 4514 0. 5F1[0. 5,0. 951 H-F- K5 BE B s FLOPs h 4 s I s ki, £ 30,

Note: mAP, ; and mAP, 5, o5 represent mean average precision of IoU thresholds of 0.5 and [0.5,0.95], respectively. FLOPs refer to the

number of floating-point operations per second. The same as Table 3.
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Fig. 4 The number of channels in each convolutional layer of YOLOv5s and YOLOv5s-prune models after global

channel pruning changes
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Table 3 Performance comparison between YOLOvS5s-prune and other target detection models

A58 70 24 T

mAP, /%  mAP, 5.4/ %

1 B 1) /ms

Z 80w /10°
B0 L) ope /107

Model name Parameters Inference time
Faster-RCNN 94.1 81.4 136.7 154. 4 29.0
CenterNet 95.3 83.2 32.1 89.9 24.0
YOLOV3-SPP 93.7 84.7 104.7 283.4 38.8
YOLOXs 94.4 83.9 8.9 26.8 5.1
YOLOVSs 94.2 84.8 11.1 28.7 7.5
YOLOv5s 93.9 84.2 7.0 15.8 4.7
YOLOv10s 94.4 84.0 8.1 24.8 7.8
YOLOvlls 94.5 84.4 9.4 21.6 5.4
YOLOvS5s-prune 94.7 84.6 3.9 10.5 3.6
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Table 4 Comparison of recognition results of YOLOv5s and YOLOv5s-prune in different scenarios

% Eﬁﬁ *ﬁﬂ %?S\ mAPU 3/ mAPU 5.0 95/ % Hﬁi *ﬁcﬂ %?‘L& mAPo_ 5/ mAPo 5-0 95/
Pig number Model Posture % % Pig number Model Posture % %
¥ 57, 99.0 85.0 3 57, 97.2 92.2
it Fip 98.5 82.9 it i 98. 2 91.6
YOLOvV5s YOLOVS5s
AR ST 47.9 36.6 AR ST 90. 6 84.3
i jsuan 81.8 68.2 ; B 95.4 89.3
3 57 99.0 84.3 3 57 95.7 89.9
YOLOv5s- S ib 98.8 83.1 YOLOv5s- i i 97.8 91.4
prune At 3T 58.1 46. 2 prune i %va 90. 6 86.3
Mt 85.3 71.2 Mt 94.7 89.2
ik 57 96. 6 88.8 3 57 93.3 82. 4
] inf Eip 97.7 91.7 - Sk P 98. 2 89.3
YOLOv5s YOLOV5s
At 3 93.2 85.5 AA ST 87.9 79.1
¢ Mt 95.8 88.7 ; ot 93.1 83.6
3 37 96. 1 86.5 I 96. 1 84.2
YOLOv5s- 5t b 98.5 91.9 YOLOv5s- 9 Fi 98.4 89.3
prune LA 93.9 87.5 prune LA 86.7 78.0
petas 96. 2 88.6 e 93.7 83.8
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Green boxes are the results of wrong posture recognition in the pictures, and red, pink, and orange boxes are the results of standing, lying, and

sitting posture recognition respectively.
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Fig. 5 Examples of error recognition results of pig posture by YOLOv5s-prune in different scenarios
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