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Traffic Sign Recognition Based on Evolutionary ResNet

XIE Yirong,MA Yongjie
(College of Physics and Electronic Engineering , Northwest Normal University , lsanzhou 730070, China)

[ Abstract] Convolutional Neural Network (CNN) has better image feature extraction,performances and is widely used
in traffic sign recognition.However, existing traffic sign recognition algorithms are typically'based on expert experience
to design an improved image feature extraction network, requiring image preprocessing and model parameter
adjustments, which increases complexity of the model. This study proposes a traffic sign recognition algorithm based on
evolutionary ResNet. The construction parameters of ResNet are embedded into.the Evolutionary Algorithms (EAs).In
the architecture search space, the building block is the basic unitfand the network depth, number of convolution layer
channels, pooling layer type, and module construction order_are ‘variable parameters of the search space.In order to
ensure the effectiveness of evolutionary search, genetic operatorsissuch as crossover and mutation are used to perform an
adaptive optimization search, and a lightweight network “suitable for traffic sign recognition is designed. The
Experimental results on the German traffic sign dataset'show that the recognition accuracy of the proposed algorithm is
99.41% and using only 2.37x10° parameters. Compared with Multi-column DNN, MFC and MFC+ELM algorithms, it
can ensure the recognition accuracy and reduce the amount of network parameters.
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Fig.1 Convolution operation process
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Fig.4 Procedure of evolutionary ResNet algorithm
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Table 1 Variable parameters setting of evolutionary

ResNet algorithm
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Fig.6 Operation process of genetic operators
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Table 2 Parameter settings of the proposed experiment

x 100% (P

ZH ZHUl
FRRE RS 20
HEAL AR 10
2 0.9
TS 0.2
T N BEPPAS I 2 A 20

32 HEE

AR SCHE GTSRB B4 461 L b 175056 o 1% 5048
£ JZ 7F IJICNN2011 E & 43 25 Bk i #€ I i INIRTCV
AV NT o IZEE A BRI T A 0 g b A2 4
T T PR AR Sk T LA, A 43 AR AR AR, a0
K7 R os o Ho 2R 42 39 209 0@, Wik 4 A
12 630 i, B131 51 839 W& {5 . A BMR A& 10%
() A5 I DX ek K ] R X3k, R/ A (15%15) ~ (250
250)18 % . Z ARG FOLE B R REMAEAEL
SRR PR Y A 2 AR ) R T R S 25N 5T S
2R £ TT LG 56 58 3 A R AR TR 0 5 o S P
e,

%< m vem1-m A MEe

B s O e i
NP\ TNCUPY A A |

7 GTSRB HEEM 3 XZBEIRE
Fig.7 43 types of traffic signs in the GTSRB dataset

3.3 HUHTESH
Ak ResNet B ik 28 3o 28 S A S5 R0 0 5 45 it 1%
P, LIHFE 6 h 45 min, 8 R 3 153 Fl /0 25 2844 - %

FEHEATPERE VAL o 153 Tl 9 26 ZR 4 7 T b v 1) 23 A
LA — AP AR 9 A AT RO DX 1) 40 3% 3 T s
R3 MWEEANESH

Table 3 Distribution of population individuals
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Fig.9 Training curves of the proposed model
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comparison among different algorithms
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Table 6 Parameter quantity and accuracy comparison

among 20 different networks in the first generation population
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Table 7 Comparison of the number of output channel and

parameter quantity of the 15 layers network residual block
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Table 8 Building block order and parameter comparison among 15 layers networks
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