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Key words

The traffic sign recognition ( TSR) system is an important research direction in the field of intelligent
reduction

transport system. Due to traffic complexity, large scale of traffic signs database and other reasons, the feasibility of
TSR design must take computational complexity and recognition rate into consideration. An efficient and fast traffic
sign algorithm is proposed based on the improved principal component analysis (PCA) and extreme learning machine
extracted from traffic sign database.
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as known as PCA-ELM. Firstly, the histogram of gradient direction (HOG) features for each TSR are
=]

HOG dimensional features are reduced by the improved PCA algorithm. ELM
trained ELM model. Experimental results show that the recognition algorithm based on PCA-HOG and ELM mode
can get a high recognition rate of 97.69% and perform low in computational complexity

extreme learning machine

model training is presented based on the HOG after dimension reduction. Image recognition is tested based on the
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Table 1 Recognition rate of different traffic signs by each method

Method Total /% Derestriction /% Mandatory /% Unique /% Danger /%
Committee of CNNs 99.46 99.72 99.89 99.22 99.07
Human performance 98.84 98.89 99.72 100.0 98.67

Multi-scale CNNs 98.31 94.44 97.18 98.63 98.03
CNN 6HL 97.56 98.33 92.22 99.75 96.42
HOG+LDA+VQ 96.87 99.33 96.72 99.90 95.39
2LDA+5SVM 96.42 99.67 96.94 99.40 94.26
Random forests 96.14 87.50 99.27 98.73 92.08
LDA on HOG 2 95.68 85.53 97.18 98.63 93.73
PCA-ELM 97.69 94.26 99.79 99.85 96.82

M T AT LUE W R IR ] 99.46 96 A1 98.31 %0 B A CNN's B3k H AR SCRE IR 5% & L fH /& CNNs
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Table 2 Recognition rate and training time by different methods

Method Recognition rate /% Time /s
HLSGD-CNNs 99.65 25200
MLPs+CNNs 99.15 86400
HOG+ LBP+SVM 98.65 2063
RIBP+ ANN 98.62 1800
PCA-ELLM 97.69 813
4 & i
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