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Abstract

Convolutional neural networks (CNNs) have made a significant breakthrough in computer vision tasks and achieved

Traffic sign recognition plays an important role in driver assistance systems for traffic safety.

considerable success in traffic sign detection and recognition. However, existing methods typically fail at achieving
real-time recognition. Therefore, this study proposes a modified traffic sign recognition method based on a CNN,
wherein inception modules are added, the network structure is extended, and a new loss function is used to
overcome the original model's difficulty in detecting small targets. German traffic sign datasets are used to simulate

the effectiveness of the proposed method. Simulation results show that the proposed method can obtain higher
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detection rates than those of existing methods at the processing time of only 0.015 s for each image.
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Table 1 Precisions and recall rate values at different time thresholds

Threshold ¢ 0.10 0.20 0.40 0.50 0.60 0.65
Precision 0.7554 0.8699 0.9543 0.9648 09874 1.000
Recall 0.9568 0.9396 0.9102 0.8650 0.7959 0.6203
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Table 2 Comparison of different architecture performances

Method mAP FPS
YOLOv2 76.8 40.0
NYOLOv2 83.2 55.0
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Table 3 Comparison of classification results of three methods

Prohibitory

Mandatory

Danger

Method Precision /% Recall /% Precision /% Recall /% Precision /% Recall /% Time /s

YOLO 98.55 92.15 96.68 70.56 90.89 78.11 0.221
YOLOv2 99.06 87.64 98.24 69.06 97.65 75.03 0.154
NYOLOv2 99.13 91.23 99.12 72.66 98.00 80.21 0.015
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Table 4 Comparison of processing time and performance

of different methods

Method Precision /% Recall /% Time /s

Ref. [1] 89.17 92.15 0.280

Ref. [19] 91.00 94.00 0.190
NYOLOvZ (r=0.4) 95.43 91.02 0.015
NYOLOv2 (1=0.5) 96.48 92.50 0.015
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Table 5 AUC values and processing time for

different methods

Prohibitory / Mandatory / Danger / Time /

Method
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