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Mobile robot multi-goal path planning using improved
particle swarm optimization

PU Xingcheng', LI Junjie’, WU Huichao’, ZHANG Yi’
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Intelligent System and Robot, Chongqing University of Posts and Telecommunications, Chongqing 400065, China; 3. Advanced

Manufacturing Engineering School, Chongging University of Posts and Telecommunications, Chongging 400065, China)

Abstract: To solve the problem of multi—goal path planning for mobile robots that pass multiple goals, a new path
planning method, based on improved particle swarm optimization (PSO) and ant colony optimization (ACO), is
proposed. In this new method, the first step is to use an improved PSO, which has high convergence, to optimize
the path between two goals among a sequence of goals. The second step is to use the ACO to obtain the shortest path
for all target points. The performance experimental result demonstrates that the improved PSO algorithm can
effectively avoid premature convergence and enhances search ability and stability. Simulation results show that the
improved PSO algorithm can make a mobile robot realize collision-free multi-goal path planning effectively .
Experiments in a real environment demonstrate that this algorithm has practical application for multi-goal path
planning.

Keywords: mobile robot; multi-goal path planning; ACO; improved PSO; opposition-based learning; inertia

weight; learning factors
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Fig.2 The diagram of mobile robot multi-goal path planning
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Table 1 The parameter setting of test function

PRI L 7 520N A
Sphere(f,)  [-100,100] (0,0) 0
Rastrigin(f,) [ -5.12,5.12] (0,0)

Grewank(f,) [ -600,600] (0,0) 0
Schaffer(f,) [ -100,100] (0,0) 0

OBLIPSO BiESE0 b R RER /N R 40,
2SR 2, 0= [0.4,0.9] ,¢,= [1.25,2.75] ,c, =
[0.5,2.25] , fe KRR ECH 100,

TEF 2 W, OBLIPSO -y 7€ Uil ik e %0 I 17
WE ) /INT HoA 3 FAE A, JUHLZTE Sphere B
M Rastrigin o8 £, AR 2w B8 w]
OBLIPSO 53 B A B4 A Wi Sk, 45 210 09 g 5848
72 3 e s R SR B R E M. OBLIPSO
5 IAPSO Bk 1PSO B M WPSO S k%t ke,
FERRETE RIS AT,

F2 THRMEZERITLL

Table 2 The comparison of average best values

PR%L  OBLIPSO IAPSO IPSO WPSO
h 0 0.132 790  0.020 476 0.034 939
S 0 0.066 379  0.066 331 0.298 488
fo0.002 153 0.031 692 0.017 342 0.018 080
fi 0.003 273 0.005 328 0.006 179 0.017 561

K3 IREFESRILL

Table 3 The comparison of standard deviation

PR%C  OBLIPSO TAPSO IPSO WPSO
/i 0 0.714 775 0.009 423 0.006 733
S 0 0.248 174 0.248 186 0.455 948
S 0.004 418 0.087 505 0.021 595 0.019 151
fi 0.004 560 0 0.004 699 0.004 650 0.032 801

I 2 R 3 BI0H T A5 . S n) 2 > SR w4t v T
FOEEAY ZREVE , B8 Tk 7 LR IR, 8 T
KT TR 1] 3 2 A8 A i 15 M AR DR B TR A
2R R B R R I S M S A, B TR
G 242 I F R A AR ARIE TR F BEAS 78 20 52 W A
B2E AT B TR A SIGHR
4.2 BEAXBERLE

ST SRR 1 S M A A, A
T R T AT S0, L A R R
TE 18X 16 [ HEAIE 23 [ P, FH-150 A 13 B R 5% A
EARIAEE , FEIRET A N L ) B A4, A A A
BEAAERRN, His b H AL FRR,

1) 4 1 RSEKh OBLIPSO B LSk E
Hiw, =09, 0. =04,8=10,c, =2.75,¢, =
2.25,¢,,.,=1.25,¢,,. =050 =190 =0 JF 1
2R d =2,k =2.7,1=0.25,u=0.25, f K
BEARURBON 100, K 4 (a) 4 THERIAIREL N 1
OBLIPSO 1E I # s Ml #% N 2 H ¥r s 8 s ke,
Bl 4(b) & IAPSO fEH iz sh ik, B 4 (c) &
IPSO YEH Bz sk



- 306 - B OE R & ¥ B12%

H 1 4 AE B AR B W] A H AR AL 3 B H AR
o4 FHBR A 6 B H bR 7 Z [, OBLIPSO #l
TAPSO (slEREERE EAOET 1IPSO, 7 28ad B AR A 4 Al
Hbr &5 5 B, OBLIPSO B fi% 42 8 o F 18, 1 H
OBLIPSO £ 72 WA A7 B i) 58 B AR R

2) TESR 2 WL v, SEOR BREE A XA 1 IR SE 5
M5, BT RER Y L K H bR S8, S S48
WEMT v, =20, B RERKECH 300, KRS
58 LR SHHE . T IR E A R
D11 EDS I A BB T YA s G 92 a8 O
5(a) JRAEE 22 IR 55 F A9 OBLIPSO 3115 195 shHL 2%
ANZ HbrEBEshEE, K 5(b) & IAPSO 31581115
s, 8 5(c) 42 IPSO VEF iz sk

6 8 10 12 1%.16 18
x/m

85

>g2

(a) OBLIPSO B{AZHIIT

&
(¢)IPSO FARHLIE
4 BRIMETHMALTRE (b)TAPSO #2513k

Fig.4 The motion process in the first environment



53 1

AL P L i A R i RPN 20 IR YNE AR L -2 s B | - 307 -

6 8101214 618

(¢) IPSO PEE%N
Bs5 SEZXFETERIE
Fig.5 The iteration process in complicated environment

XFECIE 5 3 A el A BE A B RS AN H AR
JEHEN 3 RPN T AR R T Ik, ARYEIA 5
HE FF ) B AR B T, e 20t H bR S 6 RTH R A5 9
B, OBLIPSO 8. % # 4l 19 4% 42 AH Lt F TAPSO Al
1PSO B A0 () i 42 30 A - . OBLIPSO 5.3k #1
R B ARE HAR S 5 5 HAR S 10 Z B A5 b F
IAPSO Al TIPSO # ¥k #L R B9 % 12 42 4 1 o 4
OBLIPSO % 3lifE B ( W38 4) , i 5 H AR K] i) 1%
LT,

3) BEAR LI PHEREXT e

FE 10 W ERBAT 55 15256, BOLFE M,
o shbLge N 22 B br A% H0 50 % st 6] 79 #E F RS o0
FEESPEREXRT AN 4 PR,

R4 BRI

Table 4 The performance comparison of path
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Fig.8 The motion process of robot in the obstacle

environment
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Table 5 The performance comparison of path in real environment
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