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Abstract

Aiming at the problems of high complexity, large amount of computation and difficulty in effective
deployment of traffic sign detection network, a traffic sign detection algorithm based on improved
YOLOvS5 was proposed. Firstly, the lightweight convolutional neural network Mobilenev3 was used
to replace the main feature extraction network of the original YOLOvV5 network. And the standard
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convolution was replaced by depth-separable convolution to reduce the computational cost of the
model. To ensure the accuracy of model detection accuracy, the attention mechanism CBAM mod-
ule is introduced. The experimental results show that the size of the improved lightweight net-
work model is only 61% of the size of the original YOLOv5 model, the mAP on TT100K dataset
reaches 89.2%, and the FPS reaches 25.1 frames per millisecond. The algorithm proposed in this
paper can greatly reduce the number of model parameters and the calculation amount, and im-
prove the detection speed under the premise of ensuring the detection accuracy.
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Figure 1. YOLOVS network framework
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Figure 2. The structure of CBAM
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Figure 3. The improved YOLOVS5 network
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Figure 4. The result of the dataset target visualization
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Figure 5. Traffic sign detection renderings before and after improvement (1)
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Figure 6. Traffic sign detection renderings before and after improvement (2)
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