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Abstract; Accurate monitoring and timely intervention of dairy cows’ prepartum behavior are of great
value for safeguarding the health of dairy cows, enhancing reproductive efficiency, and improving
breeding productivity. However, prepartum behaviors such as tail warping and pelvic relaxation are
characterized by small target sizes and overlapping features; they are also highly susceptible to
interference from environmental factors (e. g. , complex backgrounds and illumination variations) , which
often leads to misrecognition. To achieve rapid and accurate identification of dairy cows’ prepartum
behavior in complex barn environment, a prepartum behavior recognition method was proposed based on
improved YOLO v8n. Firstly, an optimized HGNet V2 model was integrated to enhance the model’s target
recognition performance in complex barn scenarios. This optimization not only improved the accuracy and
robustness of target recognition, but also maintained high inference speed. Secondly, a lightweight
efficient channel attention ( ECA) module was introduced after the C2f module in the model’s head
section. This module strengthened the model’s ability to focus on behavior-specific features while reducing

computational overhead, thereby balancing the model’s performance and computational efficiency.
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Finally, the MPDIoU Loss function was adopted to replace the CloU loss function. By enabling precise

bounding box localization and incorporating classification probability into loss calculation, this
replacement significantly improved the model’s detection accuracy and category discrimination capability
for tail warping and pelvic relaxation behaviors in complex barn environments. Experimental results
showed that compared with the baseline YOLO v8n model, the improved model achieved a mean average
precision (mAP@ 0.5) of 92.9% for the recognition of the four prepartum behaviors-representing an
increase of 1. 6 percentage points. Specifically, the average precision ( AP) for tail warping and pelvic
relaxation behaviors was increased by 5.6 and 1.7 percentage points, respectively, effectively reducing
confusion between the two similar behaviors. When compared with other mainstream detection models
(Faster R — CNN, SSD, EfficientDet, DETR, YOLO v5n, YOLO v7 — tiny, YOLO v10n, YOLO 11s
and YOLO 12s) , the improved model’s mAP@ 0. 5 was enhanced by 9.6, 10.5, 10.9, 6.5, 3.0, 2.8,
1.0, 1.0 and 1. 1 percentage points, respectively. In conclusion, the model constructed exhibited strong
robustness, enabling accurate identification of dairy cows’ prepartum behaviors under dynamic and
complex breeding environments as well as all-weather conditions.
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Tab.3 Cow prepartum behavior recognition

comparison results
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Fig.5 Comparison of recognition effectiveness

before and after improvement
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Tab.4 Comparison of ablation experimental results
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88.2 89.7 91.4 78.8 88.5
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Tab.5 Comparative results of attention mechanisms %
AP
Fot 7l p R mAP@O. 5 - -
i i A [m] 22 14
HG2 — CBAM - M - YOLO v8n 87.4 88.9 91.6 99.3 79.3 99. 4 88.3
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HG2 - ECA-M-YOLO v8n 88.9 91.2 92.9 98. 8 84.1 99.3 89.3
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Tab.6 Comparison results of different models
.- b R Fl - R W&/  mAP@O.5/ AP/%

kS (fs71) % SeEN AR EE G
Faster R — CNN 60.8 91.0 0.73 1.37x10®  8.70 x10° 4.3 83.3 93.9 56.6 98.7 88.8
SSD 82.7 70.6 0.76 2.62x107  5.80x10° 23.7 82.4 95.5 49.0 98.7 86.4
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Tab.7 Detection performance results under five

lighting conditions

AP/ %

y P/% R/% mAP@O0.5/% -

GEN BE EIE R
0.4 89.5 88.8 92.0 99.0 80.3 99.4 89.4
0.7 87.0 91.0 91.7 99.0 80.1 99.1 88.7
1.0 88.9 091.2 92.9 98.8 84.1 99.3 89.3
1.5 88.0 90.6 92.0 99.1 81.2 99.4 88.4
2.5 87.1 90.5 91.5 99.0 78.5 99.2 89.2
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Tab.8 Comparison before and after enhancement

%
[EiA P R  mAP@O0.5
(FR)
HG2-ECA-M-YOLO v8n  87.1 90.5 91.5 78.5
HG2 — ECA— M — YOLO v8n +
89.0 89.5 91.5 79.0
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Tab.9 Detection frame rate after model deployment
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