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Inverse Kinematics Solution of Redundant Manipulator Based on
Hybrid Learning Fruit Fly Optimization Algorithm

SHI Jianping' LI Peisheng’ LIU Guoping” ZHU Lin'
(1. School of Elecironic & Communication Engineering, Guiyang University, Guiyang 550005, China
2. School of Mechanical and Electrical Engineering, Nanchang University, Nanchang 330031, China)

Abstract; In order to effectively solve the inverse kinematics problem of redundant manipulators, an
inverse kinematics solution based on improved fruit fly optimization algorithm was proposed. The
improved algorithm adopted a linear candidate solution generation mechanism, which overcame the
shortcomings that the fruit fly optimization algorithm could not search negative space and could not search
uniformly in the specified area. Through the construction of hybrid learning olfactory search strategy, the
global exploration and local exploitation of the algorithm were effectively enhanced and reasonably
balanced. In addition, through the introduction of the real-time visual updating strategy, the search
efficiency of the algorithm was improved, and the convergence rate was also effectively accelerated.
Taking the inverse kinematics solution of a 7-DOF redundant manipulator as an example, the results
showed that the proposed algorithm was superior to the comparative algorithms in terms of convergence
rate, convergence accuracy and results stability, which indicated that the method can be used to
effectively solve the inverse kinematics problem of redundant manipulators.
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Tab.2 Performance statistics of different algorithms ( given desired pose)

T { FOA LGMS - FOA AE - LGMS — FOA IFOA SFOA HLFOA
e 1 5.21425 2.07373 x10 7" 3.42399 x10 2 5.426 41 6.149 15 2.22045 x 10 '
S 4955 I 5.27143 5.407 88 x 10 ! 3.495 14 x10 ! 5.514 90 6. 93508 4.03677 x10 "¢
i 25 55 I 5.35291 1.205 66 7.83828 x 10" 5.58521 7.77175 5.07372 x10 '
brif 22 4.57435x1072  2.65285 x 10! 2.150 70 x 10 ! 5.848 45 x 10 2 5.82956 x 10 ! 8.02196 x10 "7

3 AEABEENNLERE
Tab.3 Pose errors of different algorithms
e FOA LGMS - FOA AE - LGMS — FOA IFOA SFOA HLFOA
nt -n 7.738 88 x 10 =3 0 0 -1.106 71 x10 ™" —1.29045 x 10 " 0
n' -n —1.364 46 x10 2 0 —2.22045x107"  2.31742x10"! 2.01339 x10 ! -1.11022 x 10"
n' -n, —4.807 43 x10 72 0 -5.55112x10°"  3.90141x10"" 3.77202 x10 7! 0
o) —o, -6.71826 x10™"  1.66533 x107°'°  -2.77556 x10""7  —1.78401 x10~" -2.16649 x 10! 0
o) -o, -2.94436 x10 ' 0 -1.11022x107'*  -5.17092x10""  -5.05455x10"" 0
o} —o, 2.954 16 x10 ! -1.11022 x10° "¢ 0 3.43851 x10 ! 3.29993 x10 ! 0
a —a 1.496 60 x 10 ! 0 0 -7.95666 x10 "% —8.709 00 x 10 ~* 0
a’ —a 3.53791 x10 ! 0 0 3.11985 x10 ™! 3.44441 x10 7 1.11022 x 10 7'
a’ -a, 6.89891 x10 ™! ~1.94289 x10°" -2.77556 x10~"7  3.27017 x 10 ! 3.29555x10 7! 0
Pl =D, —-2.68224 x10? -1.70412 x10°% 2.13163 x10~ " —-3.360 45 x 10? —3.804 84 x 10? 0
Py - p, 2.52649 x 10 ™' 2.07373 x 10" -3.15385 -1.788 78 x 10" 1.24107 0
p.) -p, ~5.00489 x10~" —5.68434x10""  2.70134x10"" -1.57061 x 102 -1.958 61 x 10' 0

HLFOA

200

400 600
R

B2 AL sl 46 (45 8 B %)

Fig.2 Average convergence curves of different

800 1000

algorithms ( given desired pose)

H1 3% 2 nl 0, HLFOA 55 3% 30t fiff iz 35 50 3d B
{61 P S 4E L e DA L fie 22 6 DA B o o 22 A0 T
HoR Bk, Ho S 007 ¥ 3& B A 38 D {6 A9 A ofE 22

Ay B 5E 10 A 10 T B B 4, Ui B HLFOA &
BEAW TR E S S a Rtk m
omio MNFR 3 AT J1, HLFOA %5 3k fe {306 fif X 1 i)
1¢§ﬁ'é§rj:/\ 10 R g%, LGMS — FOA
FlAE —LGMS — FOA S5 {396 fif X5 Ny 1) o7 8 1R 25 f
F Ay A Ak 10" 10° ¥ & 2%, FOA [ IFOA %
SFOA Bk S5 Mt 306 fige Xof o7 1) A7 ‘8 35 2 e K 4o 2
B3Ik 107, W] HLFOA 55 3 1) 5 1t 36 figt R 0% (i 15
BUBH R 2K i $OAT 8 DLAR = AOORG B e 85T 10 22 A
5T A Rk Y A AL AR A A R B A A R

1 2 A1, HLFOA 5303k % ~F- 345 3 17 i Wi 84 it
REA BT B T RS T R AR MR
[FIFE L] 7 HLFOA B89 3R 45 1 b o Ath 550 32 HT PR )
WA S5 R 0 T e ) AT SR B



59 1)

AT S JE TR A2 R AL R I ST AR LB 39658 3l 2R A 415

3.2 FEHEMENEHEER

Shy iHE — 5 K B 05 SR iR 38 Bl 2 1A 2 L RE
77, %% YuMi 14000 ABB %1 XU Tk #L 25 A 228
IR PAT RN 23 (] () 10 ST 2 B0 300 B8 437 8 46 [

PR 45 530k BE AT -0 SR ik 14 385 17 {6 4n 3% 4 iR
(BRI SHOR B RS AT B 5 AR AR R |, & 50k
P2 3 A A WSS 2 R 3 T

AR 4 AT, X AT 4 AL R i AT

*4 TREFEBIRERFT T (EEHEME)

Tab.4 Performance statistics of different algorithms ( arbitrary desired poses)
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Fig.3 Average convergence curves of different algorithms
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