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Research on improved small target traffic sign detection algorithm

Xie Yufei
(School of Intelligent Science and Technology, Beijing University of Civil Engineering and Architecture,Beijing 102616 ,China)

Han Dongxu

Abstract: In order to address the issues of missed detections, false positives, and low accuracy in small traffic sign
detection, this paper proposes a detection model for small traffic signs, named YOLOv8-Faster-Ghost-GAM. The
algorithm introduces a global attention mechanism (GAM) into the last C2f module of the backbone network,
enhancing key features and suppressing irrelevant information to significantly improve the detection of small targets and
the recognition capability in complex scenarios. Additionally, each C2f module in the backbone network is replaced with
FasterNet to reduce the number of model parameters, and standard convolutions are replaced with Ghost convolutions,

Finally, the WiOU loss function is

employed to effectively improve the recognition of low-quality samples, resulting in a 1. 6 % increase in precision and a

which use inexpensive linear transformations to reduce computational effort.
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3. 2% increase in recall, thereby demonstrating the effectiveness of the proposed improvements,
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Table 1 Training parameters
SRR SHE
image 640
epochs 100
Batch size 16
works 8
Lr0 0.01
optimizer SGD
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Table 2 Comparison of ablation study results

LG GAM FasterNet  Ghost  WiOU  Precision/ % Recall/ % mAP50/ % mAP50-95/ % FPS
1 84.0 72.3 81.6 61.5 279. 97
2 J 90. 2 76.6 85. 6 67. 8 61.33
3 J 65. 8 58. 7 63.9 47.5 392. 34
4 N/ 80. 1 73.0 79. 2 63.1 299. 58
5 J 83.0 74.3 80.5 63.0 250. 32
6 J J 87.2 74.3 82. 6 65. 4 225. 45
7 N J J 86. 3 71.5 80. 2 62.0 253. 56
8 N N/ NG N 85. 6 75.5 79.5 62.8 150. 84
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Table 3 Comparison of experimental results between different models

Z B Precision/ % Recall/ % mAP50/ % mAP50-95/ % FPS

Yolov8 84. 0 72.3 81. 6 61.5 279. 97
Yolov5s 81.9 70.9 78.1 57.9 178. 16
Yolov8-c2f-EMA 81.0 62.7 73.4 55.9 255. 05
Yolov9t 77.1 66. 8 73.5 54.7 180. 08
Yolovl0n 78. 8 69.1 75.5 57.2 294.12
SC-YOLOvS 82.0 65.3 76. 1 59.1 252.03
Ghost-YOLOv8 76.9 67.9 75.5 56.9 189. 32
it i YOLOvS 79. 4 64. 4 75.3 60. 4 260. 57
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Table 4 Comparison of different attention mechanisms

£ Bk Precision/ % Recall/% mAP50/%
CBAM 83.7 65.7 75.9
GAM 90. 2 76.6 85.6
ResBlock-CBAM 82.6 66.9 76.7
ECA 79. 4 64. 4 75.3
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(a) I YOLOVS R U BUR
(a) Original YOLOvS detection performance

(b) AR ICH AT BOCR
(b) The detection performance of the algorithm in this paper
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Fig. 10 Detection performance comparison chart
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