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Traffic Sign Recognition Based
on Multi-scale Convolutional Neural Network

SONG Qingsong’,ZHANG Chao, TIAN Zhengxin, CHEN Yu, WANG Xingli

(School of Information Engineering,Changan University, Xian 710064 ,China)

Abstract: In view of the improvement requirements for accuracy and real-time performance of traffic
sign recognition in natural scenes, an improved traffic sign recognition algorithm was proposed based on a
multi-scale Convolutional Neural Network (CNN). At first, the comparison experiments on image en-
hancement methods was carried out, and contrast limited adaptive histogram equalization method was cho-
sen as the preprocessing method to improve the image quality. Then., one kind of multi-scale CNN model
was proposed to extract global and local features of the traffic sign images. Finally, the traffic signs were
recognized after the combined multi-scale features were put into a fully connected SoftMax classifier. The
effectiveness of the proposed algorithm was examined on the benchmark dataset-——the German Traffic Sign
Recognition Benchmark (GTSRB). The examination results show that the proposed algorithm can achieve
98. 82% recognition accuracy and real-time processing with 0. 1 ms per image on GTSRB dataset, which
verified its superiority to some extent.
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Fig. 3 Comparison of two histogram correction methods
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Fig.4  Multi scale convolutional neural network structure
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Tab.1 Comparison results of different size
of convolution kernels

‘[g/‘ﬁ\ 5 HETh R
Convl Conv2 Conv3 gl ﬁ:, il Mk (ET{Q$
/s /%
3X3 3X3 3X3 4088 0.098 2 97.96
5X5 3X3 3X3 2 878 0.083 0 98. 24
5X5 5X5 5X5 4029 0.067 3 98. 82
TX7 5X5 5X5 3612 0,070 3 98. 66
TX7 TX7T TX7T 21792 0.087 4 98. 34

DREREMAE IR TR T 2EL R A
TOAN B L e L R B 28 T A B B B E O 128,
256 1 512, SLH A5 R ANER 2 Pion. REREM &
AR 256 I 5 dRe /0N U TE B R d
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Tab.2 Comparison results of neuron number
of the fully connected layer

RIS eI Bk (RS

M /s ) /%
128 2392 0.083 1 98. 62
256 4029 0.067 3 98. 82
512 7668 0.068 6 98.52
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Tab.3 Comparison of different weights initialization

. PlER . iR

R el ik s
/s /%

glorot normal 3194 0.072 2 98.59

glorot uniform 4029 0.067 3 98. 82

he normal 6 540 0.0718 98. 56

he uniform 6 326 0.070 0 98.63
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Tab.4 Comparison of different activation function

Wik E ﬁfkj ek i
Sigmoid 9.02 0.182 7 96. 45
Tanh 9.15 0.130 4 97.41
RelLU 9,22 0.067 3 98. 82
LReLLU(a=0.01) 8.90 0.128 6 97.78
LReLLU(a=0.1) 8. 80 0.098 7 98.08
PRelLU 8.90 0.094 1 98.17
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Tab.5 Comparison of different optimizers

% 3 P T
SGD Momentum=0. 9 8. 86 0.090 6 97.83
Adagrad - 8. 80 0.1291 96.83
Adadelta Rho=0. 95 9.19 0.074 8 98.42
RMSprop Rho=0.9 8. 80 0.099 7 98.41

Adam Betal =0.9,Beta2=0. 999 9.22 0.067 3 98.82
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Tab. 6 Comparison results of Dropout parameter

Dropout 24 BROE el
/ — 2 /
HIR B2 H3B H4R/G-RH : /%

0 0 0 0 8.43 0.144 0 97.21
0 0 0 0.3 8. 64 0.1015 97.97
0 0 0 0.5 8.56 0.114 3 98.21
0.3 0.3 0.3 0.5 9.16 0.075 0 98.39
0.5 0.5 0.5 0.5 9.22 0.067 3 98. 82
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Tab.7 Comparison results of different classifiers

IRz W R

e B AR i
SVM 2R VE M R AL 8.02 98. 21

SVM 72 1) Fo % o B 16.28 98.45

SoftMax — — 98. 82
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Fig.5 Model loss and accuracy curves
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Tab.8 Multi scale CNN and CNN recognition results

ZH kR

, . DNZRRK IR e 3
2 SER ek DR /s /%
AIHE 1.18 9.22 0,067 3 4029 98. 82

%RE CNN 0.92 8.08 0.093 5 703 98. 38
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Tab.9  Our method compared with other algorithms
SCiEk LTPN ik B
[12] Color Image Committee of CNN&MLP 98.98

— Color Image A 98. 82
[4] HOG.GABOR,LBP SVM 98. 65
[15] Gray Image CNN+GLP+BN+SVM 98,24
[1] HOG Random Forest 97. 20
[2] HOG SVM 96. 89
[16] HOG LDA 95. 68
4 &5 it

O E ARG b S AR R TR AR L B
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