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Improved YOLOV8-based method for non-motor vehicle violation detection

Li Qiang' Nan Xinyuan® Cai Xin® Yang Shiwei'
(1. School of Electrical Engineering, Xinjiang University, Urumgqi 830017, China;
2. School of Intelligent Science and Technology, Xinjiang University, Urumqi 830017, China)

Abstract: Addressing the issue of false negatives and positives in non-motor vehicle irregular driving behavior detection
with the current detection algorithm, an improved target detection algorithm, YOLO-CSSM, was proposed based on
YOLOvS. The Backbone and Neck were enhanced with an SPD-Conv network module, which improved the model’s
ability to learn from small targets and extract features under complex backgrounds. Subsequently, DCNv2 and SegNext
Attention modules were integrated into the Backbone and Neck networks, respectively, to emphasize important feature
information of non-motor vehicles and drivers, enhancing the model's feature fusion capability. The MPDIoU was
improved using the concept of the WloU loss function, replacing the original CloU loss function with Wise-MPDIoU to
mitigate the imbalance between positive and negative samples. Validated on a self-built dataset of non-motor vehicle
irregular driving behaviors, the improved YOLOvS algorithm demonstrated precision, recall and mean average
precision (mAP@0.5) of 89.4%, 90.0% and 93.6% ., respectively, showing improvements of 3.3%, 5.4% and
4.5% over the traditional YOLOvS8 algorithm, achieving better detection accuracy and effectiveness. And Based on the
non-motorized vehicle violation detection algorithm, a non-motorized vehicle violation recognition and detection system
was designed and developed using PyQTS5.

Keywords: YOLOvV8; DCNv2; Wise-MPDIoU ;non-motor vehicle irregular behavior;attention mechanism; feature fusion
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Table 3 Comparison of different loss functions

12K pR R P/% R/ % mAP@O0. 5/ %
WloUvl 87.6 85. 4 90. 5
WloUv2 88.0 84. 3 90. 2
WloUv3 90. 1 90. 2 92.7
CloU 86. 1 84. 6 89.1
SloU 87.2 85. 3 91.3
MPDIoU 87.7 85. 4 91. 6
Wise-MPDIoU 89. 4 91.5 93.6
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Table 4 Compare the results of improved structural ablation experiments

SegNext ) Params/
e C2{-DCNv2 SPD-Conv ) Wise-MPDIoU  mAP®@0.5/% P/% R/%
Attention 10°
1 89.1 86. 1 84.6 3.0
2 Vv 91. 7(+2.6%) 88. 1 83. 1 3.0
3 Vv Vv 92. 1(+3.0%) 89. 8 81.4 3.5
4 Vv Vv 92.7(+3.6%) 86. 6 85.4 3.2
5 Vv Vv Vv 93.1(+4.0%) 90. 1 80. 8 3.6
6 Vv Vv v 93.6(+4.5%) 84. 4 87.6 3.6
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Table 5 Different algorithm comparison experimental results

i P/ R/ mAP@ mAP@ Params/
- % % 0.5/% 0.5-0.95/% M
YOLOv3  83.5 87.2 87.8 58.0 103.7
YOLOv6  86.5 84.6 88.8 58.0 4.2
YOLOv8-ScG™ 81.4 83.5 83.4 65.5 2.7
YOLOv9 ~ 84.2 83.2 88.8 59. 8 2.0
RT-DETR  84.7 82.4 87.3 57.5 29. 2
YOLOvIO  83.4 82.9 88.8 58. 1 2.7
Faster-RCNN  37.5 40.2 39.5 10. 6 28.7
YOLOvlls  89.2 86.0 90.2 61.5 9.4
YOLOvllx  89.4 87.6 90.8 60. 2 56. 8
YOLOvl2n  88.7 86.7 89.2 59.5 2.5
Helmet-YOLO™ 85.8 83.9 88.5 60. 7 12.4
YOLO-CSMM  89.4 90.0 93.6 60. 2 3.6
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Table 6 Comparative experimental results of YOLOv8 and
YOLO-CSMM on different datasets

I gl mAP@0.5/% Parameters/M
YOLOvS 89.1 3.0
A ) .
YOLO-CSMM 93.6 3.6
YOLOv8 80. 6 3.0
TWHD
YOLO-CSMM 84.5 3.5
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Fig. 6 YOLOv8 model detection results
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Fig. 7 YOLO-CSSM model detection results
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