#40% 110 &/ L F O M Vol. 40 No. 11
2019 4F 11 H Chinese Journal of Scientific Instrument Nov. 2019

DOLI: 10. 19650/j.cnki.cjsi.J1905574

ET BP MEMEYF ANLHBEREREE"

B 3RS ) M-I R v S A

(1. PHLAEERFME MR FEBE VIS E SR ERHE S LIE UL 710049;
2. PHEATIERAE BRI ZS LR Z5 A R sh4a il TR PEE 710049)

T E AT RS TR BRALAR kR S AR R R ) R 4R T T BP R K R BLER SRR R, B,
AN B X R B AR R BB R 3R R R OTG 3R AR I A B DX PN B 0 (9 B S 4 L, DA B DX P B AR ) B BE 5 5 B A, )
FH BP 128 0 28 11512 b X AR 43y sl 55 1) RO AS 0 5 SR, R P45 Bt DX v e A s 5 244 i ) 220 B s 8 40 e 30 X a5 Al A 22 [
PR BR EC R S TR MLAS A LE T 28 25 A T 4% DXt v A Sy sl sy [l ) 25 PR3 S )i I A9 A 00 5 5 R 2 BRI R I
i XA MRS A RGBT [, SEBR25 SR B B0 0 A e e 10 LA O B AR T 50% LA HLAS A f e R0 5 N T 33
Tk AR HL A AR N T B AR A R,

KB PLERA IO [ F MR ; BP M 4% ; m iy

FE4#S . THI66 TP24 XHEFRIRTE: A ERREZRSERKE: 510.80

Real-time obstacle avoidance algorithm for robots based on BP neural network
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Abstract:To address the problem of obstacle avoidance and path planning of intelligent robots in two-dimensional static environment, a
real-time obstacle avoidance algorithm based on BP neural network is proposed. Firstly, multiple sectors are used to represent the
environment around the robot, and lidar is utilized to detect the distance information of obstacles in each sector. With the distance
information of obstacles in each sector, BP neural network is used to calculate the score of the sector selected as obstacle avoidance
direction. Then, the Euclidean distance between the mid-point coordinate of each sector and the mid-point coordinate of the closest sector
to the obstacle at the current moment is used to calculate the conditional probability. Each sector is selected as the direction of obstacle
avoidance under the current pose of the robot. Finally, the sector with the largest product of score and conditional probability is taken as
the obstacle avoidance direction of the robot. Experimental results show that the convergence time of the proposed algorithm is 50% less
than that of the grid method, and the obstacle avoidance trajectory of the robot is shorter than that of the artificial potential field method.
It can be better applied to complex multi-obstacle scenarios.
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Fig.1 Flowchart of the obstacle avoidance algorithm
based on the probability model
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Fig.2 Point cloud information of the robot’s surrounding
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Fig.3 Diagram of the environment sector partition scanning
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Fig.4 Diagram of BP neural network structure
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different algorithms in continuous multi-obstacle scenarios
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