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Intelligent traffic sign recognition method based on capsule network
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(1. College of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan Shanxi 030024, China;
2. Computer Department, Xinzhou Teachers University, Xinzhou Shanxi 034000, China)

Abstract: The scalar neurons of convolutional neural networks cannot express the feature location information, and have
poor adaptability to the complex vehicle driving environment, resulting in low traffic sign recognition rate. Therefore, an
intelligent traffic sign recognition method based on capsule network was proposed. Firstly, the very deep convolutional
neural network was used to improve the feature extraction part. Then, a pooling layer was introduced in the main capsule
layer. Finally, the movement index average method was used for improving the dynamic routing algorithm. The test results
on the GTSRB dataset show that the improved capsule network method improves the recognition accuracy in special scenes by
10. 02 percentage points. Compared with the traditional convolutional neural network, the proposed method has the
recognition time for single image decreased by 2. 09 ms. Experimental results show that the improved capsule network
method can meet the requirement of accurate and real-time traffic sign recognition.
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Fig. 1 Basic structure of capsule network
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Fig. 2 Main capsule layer
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Fig. 6 Role of pooling layer
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Fig. 7 Dataset examples
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Tab. 1  Accuracy comparison of original structure model and depth

feature extraction models
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Tab. 2 Performance evaluation of the proposed algorithm
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Tab. 3 Performance comparison of different algorithms
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