Computer Science and Application HHEHLEIF 5 M, 2021, 11(5), 1445-1456 Hans Y
Published Online May 2021 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.115148

4
d
w

E TR HE M E s8N Fa B EhgfE
ARG

M 4, WhEF

JTARINKRZ, TR T
Email: 13202003145@163.com, genechen@gdut.edu.cn

ks HiH: 20214F4H25H; FHAHEM: 2021485 H20H; & HM: 202145 H27H

H E

ATRBEEE/DEE B EER B E, ASCRH T —Fh3E T kit £ ™ 4% (SNN) 8 i s R, %
AL RFARRIE TR, EREGEMANEFEHBNEDE L, EEFRBKTER . 4304
SAEE MR S S B E R AR F IR T — T STDPHU KA S M SO M R 454, 38 e i
E, ZEWARHBAD T MEHKVIZETE, FRTRE T ERNRRAERE. XHS AN EE A RS
WS, 5 BEd kM8 G, LT & R/NEX R R 2 RS . HR/N
EERBYMERSES. AEUNERITEEESSMBEN, SRR K ARSI EE I
BRI HEAT BRI AIE . AL HIXTZEEFSNN. X HFF R EHL(SVM)FIBP A T4 4% (BP-ANN) & B2
AT . SLOEE R SNNBH R HI AR T HAER A E R REFE SR T, e
AR 2R R T B R | VA TR A T — s O BB TR Ak 4 A0 B AN

XA
HWEEW, MK LML, STDPHYE, REKBHres, B H]

Research on Automatic Obstacle Avoidance
System of Smart Vehicle Based on Spike
Neural Network

Wei Chen, Jingyu Chen

Guangdong University of Technology, Guangzhou Guangdong
Email: 13202003145@163.com, genechen@gdut.edu.cn

Received: Apr. 25th, 2021; accepted: May ZOth, 2021; published: May 27th, 2021

SCEGIFH: BRYE, BReET. T Kol eh 2 0 2% 10 B RE N A 00 B shE R R G D] THSEHLRE SR, 2021, 11(5):
1445-1456. DOI: 10.12677/csa.2021.115148


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.115148
https://doi.org/10.12677/csa.2021.115148
http://www.hanspub.org

Wrdf, BT

Abstract

An obstacle avoidance control model based on Spiking Neural Network (SNN) was proposed in this
paper to improve the accuracy of the automatic obstacle avoidance control of the smart vehicle.
This neural network uses Poisson coding, which not only has a clearer biological meaning, but also
has powerful computing capabilities. This paper proposes a sparse probability connection net-
work structure based on STDP rules for the problem of a large amount of calculation caused by the
fully connected network structure. Through experimental verification, this structure effectively
reduces the training time of the network and also improves the efficiency and accuracy of the al-
gorithm. Multiple ultrasonic sensors are used to detect the orientation of obstacles. After the in-
formation is processed by the pulse neural network, the smart car realizes the safe obstacle
avoidance control of the obstacles. Considering the road conditions such as the distance and angle
between the trolley and the obstacle and the target point, as well as the traveling speed of the
trolley, the model adopts the gray correlation analysis method to select similar road conditions for
simulation verification. This paper tests and evaluates control models based on SNN, support vec-
tor machine (SVM), fuzzy neural network and BP artificial neural network (BP-ANN). The experi-
mental results show that the SNN obstacle avoidance control model has higher control accuracy
and applicability than other models, which provides a certain theoretical basis and application
value for the development of obstacle avoidance control algorithms for intelligent vehicles.
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Figure 1. Spiking neuron network framework
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Figure 2. Full connection STDP spiking neuron model structure
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Figure 3. STDP spiking neuron network structures with sparse probability connections
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Figure 4. Flow chart of network connection probability
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Figure 5. Sensors mounted distribution
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Figure 6. Obstacle avoidance controller settings
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Figure 7. Model of obstacle avoidance based on spike neural network
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Figure 8. SNN-based obstacle avoidance method process
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Figure 9. Vehicle trajectory under different network models
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Figure 10. Vehicle trajectory under different network models
when increasing the number of obstacles
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Figure 11. Results of SNN model schematic diagram
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