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Path planning of mobile robots using grey wolf algorithm with

artificial potential field fusion
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Abstract: In order to solve the situation that the gray wolf algorithm is easy to fall into the local extreme value during
the path planning process, this paper proposes an improved gray wolf algorithm incorporating the artificial potential
field. Firstly, the convergence factor is improved by a nonlinear strategy to ensure the diversity of populations in the
search process; secondly, the gray wolf position update strategy is improved by combining with the beetle antennae
search strategy update method to improve the searching ability of the algorithm; finally, the gray wolf algorithm and
artificial potential field are fused to improve the searching efficiency of the algorithm as well as the security of the

paths. The experimental results show that the improved gray wolf algorithm reduces; the number of robot steering
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while ensuring a shorter path length.
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Fig. 2 Comparison of convergence factors

2) o7 ' TR it

TEJEUIG B ARG E o TR R R T OR 2332
S A8 AR S DA i 2 LA T 1 AR SR L S B B
PRI DAY A A o O AR SCER I 5 LK AR 2503 R SR 3
TR R R 2 R L R G R B R B

B IEXT 3 A SKARA IR R I 1 HEAT YR A KRB ko

o 45



#5048 % W a

T # K

ARCA YERBH R T S K AR SO o R LB
(NI YU ST W L

X r=X—A,-D
) 10)

X, ., =X+A, D
X, =X —AD «sign(fit(X, ) — fit(X, ) (1D

A X, X, AEFHELEAPNA KRN E , sign(s)
K osign PREL, fit (o) RIE N REL.

3) 3 N7 B R RO Ak

T AR MR R R R Y B AR A AR SCHE T AT B AR 1Y
N7 BE BRI PR A e 1 A T o B, BRI ﬁf‘EHﬁl%&ﬁi
Wr

fit(X) =S+S, 12)
K. S TR B AR, vy L 2 8, T LA fil
i 0 R B AR A BE Y 3 I BE L R O 0. 01, 0 ST AR o
B, BARSR AT

1, 0| 0] 45

S, = {0.5, 45 <] 6 << 90 (13)
0.05, 90 <C| 6 |<C180
2 AIRiG
N T3 3R QAR R K AL A B2 sh & Bie H As 7 &

XFHIL g AR 51 R R R B XL A R T SR RIE B &
SR SR PR ) A AR LA A E T RLAE R
Ty A ol 4R A 19 B0 T 22 A ikl AR
2.1 5lh#G

AT 2L A NI E R p = (oay) s HARRLE
W51 3 4 R K nT LA RN A

1 ,
| U.. = 5 Kd (pprnd

Xrp: K, NI HEGREG d(p o p ) HEETHLE ANLE
5 HAR L E Z A AR . WIHLAS A AE 510 5 BT 2 51 1 i

= (x goal %Y goal ),

(QED)

Al RKIRN

Fo=K.d(p,—p) (15)

K15 FHHLA NI Z 5] 1 5ae 5P A F B bR
Z BB B A
2.2 FRAhBH

FHRG R R

1 /1 1y’
lu.,, | {21{<dw_d¥>’ (16
0.

Rofs K, OBR B RB d R BT 1 (e S
d SRR LA ) B UL 28 A 4 3

SR F R
1 1 1
T e ’ <
I: rep - KY <d/’“ d ) ) d/mz d/’” d (17)
0, d, >d
L7 AT A, 2 A5 4 5 ML As N 22 1) B B g AT e

o 46 .

B0 (9 FH A BB B AS 2 X HL 38 N 938 sl = AR R, AR
SR E K, K, 4850 5 F 1,
2.3 BMERREEEAIREGE

[Fi] B Ay 4 P35 1) SO0 BB 7 L TR AROR B3R 1 B it - b
A N3G 3 3o A ROR B 2 B A sy Rl B RN T
PGy AT IRy BB AR AL R, T DL ORI 7E B AR AR A 00 1 L 4R
TR MRtk S . BB NE 3 fiR.

Frig

| s

v
FIFLA T G474 51
IR LR

v

| mmmome |
v

‘ HHEA. a. C ‘
v N

| m#ia. p. omintiz |
v

| mwwmme |

I

3 ki
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Table 1 Performance comparison of path planning
on 10X 10 map
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Table 2 Performance comparison of path planning
on 15X 15 map
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Ak AR KB ek
GWO 33.31 8
APF 30. 96 11

GA 31.55 17
CHOA 31.18 10
SSA 35. 66 4
IGWO 30. 96 6
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