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Traffic sign detection algorithm based on improved YOLOv8n
Zhu He, Wang Qingyu, Wu Weilin

( College of Electronic Information, Guangxi University for Nationalities, Nanning 530006, China )

Abstract ;. Traffic sign detection plays an important role in intelligent driving. Aiming at the problems of low detection accuracy of small
targets in complex scenes and complex image background, a traffic sign detection algorithm YOLO-EMDE based on YOLOVS8n is proposed.
The algorithm replaces the backbone with the lightweight EfficientFormerV2 network to enhance the network feature fusion capability. By
introducing the C2f_MPDCN module, the receptive field is dynamically adjusted to improve the receptive field range and enhance the target
detection capability. The original head of YOLOVS is replaced with the DyHead detection head, which integrates three attention mechanisms
of space, scale and task, making the model more accurate when detecting traffic signs in different backgrounds. Finally, in order to further
enhance the classification ability and training stability of the model, the algorithm uses EMA-SlideLoss as the loss function. The test results
on the TT100K traffic sign dataset show that the YOLO-EMDE algorithm improves the precision, recall and mAP@ 0.5 by 8%, 5. 5% and
6.5% respectively compared with the original algorithm. At the same time, the detection speed of the algorithm reaches 83 frames per
second, fully meeting the needs of real-time applications.
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Fig.2  YOLO-EMDE network structure
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Fig.9  Comparison of dataset enhancement effects
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Tab.2  Ablation experiment related model structure
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Tab.3  Ablation experiment results
KR ZE P/ % R/ % mAP@0.5/%  mAP@0.50:0.95/% FPS ZH/M

B4 74.6 65.7 72.7 55.0 164 3.15

| 78.5 68.5 76.1 57.5 93.5 5.11

| 77.3 66.3 74.3 55.4 156 3.06
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EN| 76. 1 65.9 74.2 55.7 176 3.15
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55\ 81.3 71.1 78.3 59.1 86 5.59

£yl 82.6 71.2 79.2 59.6 83 5.62
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Fig. 10  Performance comparison
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Tab.3  Comparison of results of different detection algorithms

GRS P/ % R/ % mAP@0.5/% FPS

SSD 69.7 67.5 67.3 63

Faster R-CNN 67.2 70.3 70.5 35
YOLOv3 69.3 4.5 46.3 242
YOLOVSs 82.3 64.6 73.8 106
YOLOv7s 73.1 56.2 61.8 79
CGS-Ghost-YOLO! 80.3 61.3 68.2 69
YOLOX-tiny - 76.3 74.1 75.6 44

YOLO-EMDE 82.6 71.2 79.2 83
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Fig. 11  Comparison of detection effects
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