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Intelligent traffic sign recognition algorithm based on residual network
WANG liaqi, LI Zhe, GAO Ruijie, XIE Bingjie, GU Dianyue, YU Huiling

(College of Information and Computer Engineering, Northeast Forestry University, Harbin 150040, China)

[ Abstract] Realizing L4 and higher level auto—driving technology in automobile manufacturing has become the most cutting—edge
development direction of the entire automobile industry. The identification of traffic signs on the road by smart driving vehicles can
effectively help drivers make timely decisions and reduce the incidence of traffic violations and accidents. At present ,the Intelligent
Traffic Sign Recognition System can only be used in a small number of designated vehicles with a low popularity. In order to enable
more drivers to use the Intelligent Traffic Sign Recognition System to complete assisted driving, this paper studies the China
Standard Traffic Sign Database (CCTSDB), and presents an intelligent traffic sign recognition algorithm based on residual neural
network. First, we use Gaussian smoothing and Canny sharpening to pre—process the experimental image, and then introduce the
residual neural network model ResNet-18 under the framework of Mxnet to classify and recognize the image. Under the experimental
environment, the traffic sign recognition rate can reach 91.87%.The results show that the algorithm can effectively identify traffic
sign information and has the distinguishing features of fast recognition speed and good portability. It proposes a new possibility for
the lightweight and popularization of the intelligent traffic sign recognition system.
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Fig. 1 China traffic sign detection data set
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Fig. 3 Residual module diagram
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Tab. 1 ResNet layer parameter values

Layer name Output size 18—layer
Convl 112x112 7x7,64,stride2
3%3 max pool , stride2
Conv2_x 56%56 3x3 64] 2
3x3 64
3x3 128
) X X
Conv3_x 28%28 [3 3 128] 2
3 x3 256
Conv4_x 14x14 3%3 256 X 2
. 3x3 512
Conv5_x Tx7 [3 3 512] X 2
1x1 Average pool,1000—d fc, softmax
FLOPs 1.8 x 10°
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Tab. 2 Comparison of recognition rates of algorithms

GiRPS IR/ %
SVM 81.47
ARICH 91.87
Human Performance 98.84
LDA on HOG1 93.18
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