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Traffic Sign Recognition Based on Combination of CNN and SVM

WANG Xin-mei,DING Ai-ling,LEI Meng—ning , KANG Meng
(School of Information Engineering ,Chang’ an University ,Xi’ an 710000, China)

Abstract : Aiming at the problem that the traditional convolutional neural network tends to over—fit the classification of small samples, we
propose a new method to normalize the features extracted from CNN network structure based on the model of CNN and SVM
combination, so as to improve its generalization ability and apply it to traffic sign recognition. The method builds a CNN-SVM model
which combines convolutional neural network and support vector machine,and fine—tunes the network initialized from ImageNet dataset
on specific domain and intercepts its inner layer to extract the image features from traffic signs. The features are normalized and finally i-
dentified by SVM, which effectively solves the over—fitting problem toward traffic signs’ classification. The simulation results show that
the feature mapping model established through the inner layer of CNN, after the transmitted features being normalized, have a superb
feature presentation ability in traffic sign classification tasks,improve the SVM classification performance, and show better classification
accuracy and generalization performance.
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