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Shuffled frog leaping grey wolf algorithm for solving high
dimensional complex functions
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Abstract: Aiming at the problem of high-dimensional complex function, a shuffled frog leaping-grey wolf optimization
algorithm (SFL-GWO) is proposed. Firstly, in order to improve species diversity of the algorithm, the improved Logistic
map is used to initialize the GWO algorithm. Secondly, a new nonlinear adjustment strategy of distance control parameters
is proposed to enhance the population exploration and development ability. Thirdly, an improved random strategy of Frog
Leaping is introduced, which can change the worst position to let SFL-GWO algorithm jumping out the local optimum.
Finally, the performance of the algorithm is verified by the optimization results of 10 high-dimensional complex functions.
The performance results demonstrated that the SFL-GWO algorithm can not only improve the convergence accuracy but
also improve the search speed of the algorithm in solving high-dimensional complex functions compared with particle
swarm optimization (PSO), grey wolf optimization (GWO), wolf optimization algorithm (WOA) and several improved
algorithms.
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(KSR TERE, 7E1004E . S004E. 10004 1550 T, 8
IR AAI104 B8 B AT 30 ML I8 47, T &
PSO, WOA, GWO f SFL-GWOZE307/ iz 17 MR J&
P B

S4BT R A, X T 104 B AE DA BR B 2 AT
SR, ok R AR SIoRS B Bz & T PS O,
WOAFIGWOIX3fh 571k, v 78 283 v o $ i) 4
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J5 A 1008 3457 FALE 4T il , SFL-GWOX
BRI f1, fa, f5, fr, fo T AWCSH BN B ARABO; TER 1H
) B K 4 B 5004k i, SFL-GWOST 722 % bR 5 f1,
fos fas f5 fr. FolPIREE RARUCSL B R AAEO, f3Uk
SH B f A AE —418.9892; 4 K3 1) bR B 4E 5 14 F
5004k i, SFL-GWOSVEAK IH XS A2 f1, f4, f5, fr,
Jo B ZE SRIL 2B T AR B BRARAEO, fsishZ

e E—418.9892. f%Jim, 433 (1) R E 4L £ A Wb
N 310004E, SFL-GWOMR I T8 45 5 & Ao
() 5O, WSSO P ANEAR TH AT DA 2 R 1R )
TR, I BT H AR S, fa, f5, fr, fofKIHT]
DAY S B e LB, f3US sk 1) it fH —418.9892.
F30 M AT A, SFL-GWORLVETE T A2 FR AL 4
JEtie KT HIEPSO, WOAFIGWO R T,

% 2 GWOH 5, HGGWOH ik AR SFL-GWOH ik 3 13AMR /oy 3 6 28 R 3 b
Table 2 Comparison of results of 13 standard functions by algorithms GWO, HGGWO and SFL-GWO

GWOH HGGWOH: SFL-GWOZ%ii%:
FEME FrifEZE FEME FrifEZE SFHIME FrifEZ

f 1.03E—69 5.08E—69 9.56E—118 9.46E—118 0 0
fo 597E—41 8.36E—41 2.07E—64  3.49E—64 9.82E—229 0
f3 1.48E—18 8.03E—18 2.63E—30  3.88E—30 0 0
fa 1.83E—17 3.28E—17 2.54E—35  4.85E—-35 3.01E—271 0
f5 2.67E4+01  2.67E+01  2.52E+01  3.35E—01 0 0
fs 3.10E-01 4.00E—01 3.19E—-04 4.16E-04 2.58E—05 3.52E—05
fr 4.85E—04 5.71E—04 7.86E—05 8.25E—05 1.71E—04 2.50E—04
fs  —6.31E+03 5.93E+03 —3.12E4+03 3.50E+02 —418.9892 0
fo 2.60E—01  1.40E+0 0 0 0 0
fio  1.33E—14 1.37E—14 7.99E—15 2.33E—15 8.88E—16 8.88E—16
fiir  2.20E—03  6.60E—03 0 0 0 0
fia  2.60E—02 2.80E—02 4.57E—04 5.77E—04 3.06E—09 1.38E—08
fis  3.02E—01 1.15E—02 1.15E—02 2.17E—02 4.88E—10 1.32E—09

4% 3 PSO, WOA, GWOA=SFL-GWO - i34 10N 3K,y R A2 7R ) 42 S 0 T 48 R bt
Table 3 Comparison of optimization results of 10 test functions in different dimensions by PSO, WOA, GWO

and SFL-GWO algorithms

PSOH% WOAHRE GWOHE SFL-GWO& %

R4 2y s o N o
SFME brifEZE SFME bRtz SFEME FrifEZE PEME AeEE

100 2.55E+02 2.75E+01 4.13E—168 0 2.00E—34 2.64E—34 0 0

Sphere 500 2.14E4+04 8.59E+02 3.39E—165 0 2.44E—14 2.67E—14 0 0
1000 7.86E+04 6.20E+03 9.01E—169 0 4.73E—10 4.91E—10 0 0

100 6.57E+01 1.32E+01 7.77E—109 3.70E—108 7.82E—21 8.93E—21 8.30E—256 0
Schwefel’s2.22 500 4.97E+02 1.36E+02 4.78E—103 1.85E—102 5.17E—09 5.30E—09 0 0
1000 5.19E+03 1.61E+03 6.44E—109 2.33E—108 2.90E—05 4.72E—05 6.85E—268 0

100 —2.11E4+04 2.08E+04 —3.46E+04 3.46E+04 —1.76E4+04 1.72E+04 —418.9892 0

Schwefel’s2.26 500 —1.03E405 1.03E4+05 —1.73E+05 1.71E+05 —6.40E4+04 6.38E4+04 —418.9892 0
1000 —1.44E4+05 1.54E+05 —3.51E+05 3.56E+05 —1.09E+05 1.08E+05 —418.9892 0

100 2.48E+03 2.59E+03 1.76E+03 1.97E+03 7.70E—03 1.17E—02 0 0

Zakharov 500 7.29E+04 T7.40E+04 8.02E+03 8.03E4+03 2.69E+03 2.71E+03 0 0
1000 9.71E+03 5.32E4+04 1.60E+04 1.62E+04 6.83E+03 6.89E+03 0 0

100 3684577 380.3438 3.42E—30 1.87E—29 1.03E—05 1.53E—05 0 0

Powell 500 8.96E4+04 8.99E+04 1.60E—91 8.76E—91 1.19E—05 1.57E—05 0 0
1000 3.81E+05 3.83E+05 1.92E—126 1.056E—125 1.90E—05 2.70E—05 0 0

(F T
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100 6.02E+03 5.34E+402 1.40E—03 2.10E—03 1.70E—03 1.80E—03 5.56E—10 1.10E—09

Quartic

500 2.43E404 3.22E4-03 8.70E—03 2.80E—02 7.20E—03 7.60E—03 2.72E—05 3.51E—05

1000 5.04E4-05 4.91E+4+04 4.60E—03 5.10E—03 1.20E—02 1.23E—02 3.46E—05 4.57E—05

100 3.63E+02 6.38E+01 0
500 4.39E+03 3.24E+02 0
1000 2.77E+04 4.08E+02 0

Rastrigin

0 7.70E-01 1.17E-02 0 0
0 2.69E+03 2.71E+03 0 0
0 6.83E4+03 1.24E+01 0 0

100 2.36E+4-00 4.08E—01 5.50E—15 6.028E—15 6.91E—14 6.93E—14 8.88E—16 8.88E—16

Ackley

500 7.34E400 3.71E—01 3.26E—15 4.29E—15 6.82E—09 7.04E—09 8.88E—16 8.88E—16

1000 2.47E+01 4.23E+01 4.08E—15 4.69E—15 7.49E—07 7.61E—07 8.88E—16 8.88E—-16

100 2.44E+4-02 9.57E+402 0
500 1.37E+02 2.04E+02 0
1000 2.84E+03 1.93E+02 0

Griewank

0 1.10E-03 3.70E—03 0 0
0 1.30E—-03 5.30E—03 0 0
0 5.70E—-03 1.59E—-02 0 0

100 8.34E—-01 7.93E+400 6.30E—03 6.80E—03 1.83E—01 1.86E—02 3.44E—10 5.68E—09
Penalized 1 500 6.22E+4-03 5.77E403 1.51E—-02 1.15E—02 6.96E—01 6.96E—01 6.36E—10 1.60E—09
1000 2.57E+406 6.34E+405 1.86E—02 1.92E—02 8.45E—01 8.46E—01 1.92E—09 4.66E—09

SR, 23K BR BUIE 1004 . 5004EF110004E
if, SFL-GWO LK I 1k PSO, WOA, GWO
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10°

107100

I R A

1020 —SFL-GWO 1
r —PSO
—GWO

— WOA

107300 F

200 400 6(I)0 S(I)O 1000
ERIRHL
(a) SpherepR%rS-f 2L

—SFL-GWO
—PSO
—GWO

— WOA

10° L
10

10° | -

07fF
10 Ll_‘_‘_l\—lL L l'

200 400 600 800 1000
IEARUE
(c) QuarticPRZFHiZE

R HUE

T SE I B 2L B4R R St R 7, i
WO VERR KL f1, fo, fo, frA 2 VERRH fs, fo, f10TE
10004 A1 LR AR o 3 B FE AR A il 28 34T
Xof bk, 38 AR A B 2 U P S T

10° &
fuu b
:g 107100 ““““
L 5
107 — SFL-GWO ]
t —PSO
r —GWO
i()a300 :— _ WOA L L 1 =
200 400 600 800 1000
EARIREL
(b) Schwefel’s2.22 %P2k
1071\, 8
o — SFL-GWO
& . —PSO
g 10°F < —GWO 1
§ —— WOA
10*10 \ -

2(I)0 4(I)0 6(I)0 S(I)O 1000
EARIEL
(d) RastriginBREF0 Hi2k



1664 B owo#H w5 N

37 %

: : :
| — SFL-GWO |
Wy —PSO
\ —GWO
LS —— WOA
107 S .
& \ -
i \
i \
= . \ ]
10*10 H \ -
\
F K\
10715

RIS
(e) AckleyBR%T-1t gk

1 1 1 1
200 400 600 800 1000

100 -_ “\L\ -

— SFL-GWO
\ —PSO

g ] b —GWO
= lov | ——WOA 1
Pl —

10*]0 H =

I \ ]
1

1051 \ ]
2(I)0 4(I)0 6(I)O S(I)O 1000
EARIREL
(f) Griewank BTt Hh £k

1010 N

10° l
it

100-_\

i R B fE

10°°

—SFL-GWO
—PSO
—GWO

— WOA

200

400
EL AN €

Iy 1
600 800 1000

(g) Penalized 1%L LR

5 PSO, WOA, SFL-GWO X GWOIX4FhFL 1 ith 2ext bt
Fig. 5 Optimization curve comparison of PSO, WOA, SFL-GWO and GWO

I B S 7 B ) TR A T DUR
W H7E SFL-GWOZE 3R fiff i 4 &2 2% bR B, AT
DATE B iU S0 B 1 [ B 4 B e A B SR Ak P
A DL A2 3R O R RIS SAORS B 25K, B T
PSO, WOA, GWOH % 1] DL 2. & H SFL-GWO .
TR U
5.4 BRHGHSERS 5 b

SFL-GWOZR IR T 3% 1) Sudk SR ms k4
TR SIS FE AR SO S, 2 1 Benik et SR 1A
RV, A3 T BRI S — AN SRS 1) B E 5 GWO B
HEATXTEL 0 HT; 24 S o A\ 503 Logistic B S 11 SR s
FE I BR 2 F AT AHR R0 40 bR ) S A, (2L
Fe A — SR AR B B S M R B
B ) SRR A R DU R B S RE A
BIRTHEZ TR A R, &5, AR
Bk e 22 6 B MO 4 SR A o] LA R 1
SR, BT LA3HH et o w8 mT LS S SR S

PERE, (IR A .

B 2%, 4 3k St ) SR WS [F I DN BIGWO R %
T I SEIR IR UE /3 B o] AR R 4518, SFL-GWOH.
VEALE M I R 2 ) S A SR B R R AR
3, BEE AERE 3G O, SRR A S H IR KMAR
1. B AT LLIEB, SFL-GWOSELE SR fif ik 5 2%
PR A —E TR
5.5 HVERRIEZREE T

BT R4S, X 10002 10N R %
G3 AT 30K M IZ AT HHC I Ia AT I (R 5 SR
Sy M AT LA%HAE, SFL-GWO SV 15 47 I 18] 45 )
TARKHFET, XT T2 B Bl DL R 22 el ko 2L,
SFL-GWOSR I # A8 AR H5 1 s [R] Py 48 21 S L. 45
A1, SFL-GWOSLATE 2 i v 0K FE 1 R
I i 1 SRS A ). B AE S I BR B
AERIEOL N BISATI A 738, GWOSRIERIE AT IN 18]
BT SFL-GWORYEIZ AT [A]. ATLA, SFL-GWO
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Table 4 Time complexity
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learning particle swarm optimization, OLPSO)- ;2%
T BRI 1 B 7% (hierarchical particle swarm optimi-
zer, HPSO). F A7 2 RAUE L SRS H & B 225y
AL 5T (differential evolution algorithm with strat-
egy adaptation for global numerical optimization, Sa-
DE). H & M 7 7 #4557 (adaptive differential ev-
olution, JADE) [ 1 W 47 fill 2 $ 1) 22 73 #E A0 53k
(selfadapting control parameters in differential evolu-

tion, jDE). 524 A iU MATE T 10N IR 505 (gbe-

TEEAT /s
GWO  SFL-GWO

Sphere 0.3 1.29
Schwefel’s2.22  7.63 1.33

Schwefel’s2.26  8.46 1.29 st-guided artificial bee colony algorithm, GABC)#H!
Z;f\:::ﬁv ;2 i;; B3k ) N T B 5T 72 (improved artificial bee colony
Quartic 9:43 1'3 algorithm, CABC). M3 1 B BR £ sk BRI pR 2K f1,
Rastrigin 8.12 131 fas fu, fo, FrUARRZVER AL f, fo, fro, FE304EMIIE UL
Ackley 8.08 1.33 IR EEFIGE AT 70 A, 8P et A LS
P(e}rrllael‘izaercllkl 182.5327 12421 AFDRE TR (26).

MRS A LLE H, SFL-GWOH L 1) F- LM A

5.6 SHAE R EXTHHT

N T 3B H G IF SFL-GWOSE 1A %5k, itk
ESCHiR [26] 7 1 8 cdeist Sk idt AT SR 45 IR b
Je o i, 8PS IL Ay A G55 2 DR T BRI

AR 7 b SR UE A DA S BE A A0 LA
(¥ St SRRt R AL AR R AR PE BE. X s
BREf1, fas fr, fo AT LAIE BB ALAEO; X+ T T EA
BEIR P AR ) pR St BEAS 1 LE LAt 70 2 S 4 1

g vx b Al LLIEBSFL-GWOE A R e 4 5
7= BRI A

% (comprehensive learning particle swarm optimizer,

CLPSO). 1E 52 %% =) ki ¥ B AR 4k 52 (orthogonal

k5 SM At ik st ey B ok F A R

Table 5 Comparison of optimization results of 8 improved algorithms and improved algorithms

BRI HPSO CLPSO  OLPSO GABC SaDE JADE jDE CABC SFL-GWO
Sphere 2.83E—33 1.58E—-12 4.12E—-54 1.92E-22 3.28E—-20 2.69E—56 1.46E—28 5.41E—35 0
Schwefel’s2.22 9.03E—20 2.51E—08 9.85E—30 3.23E—12 3.51E—25 3.18E—25 9.02E—24 1.43E—18 9.82E—229

Rosenbrock  2.39E+401 1.13E401 2.15E401 1.15E400 2.10E401 3.20E—01 1.30E+01 1.96E—01 0
Quartic 9.82E—02 5.85E—03 1.16E—02 8.94E—02 4.86E—03 6.14E—04 3.35E—03 4.98E—02 2.82E—-05
Rastrigin 9.43E4+00 9.09E—05 1.07E+00 1.15E—15 2.43E+402 1.33E—01 3.32E—-04 0 0
Ackley 7.29E—14 3.66E—-07 7.98E—-07 2.15E—11 3.81E—06 3.35E—09 2.37TE—04 3.07E—14 8.88E—16
Griewank  9.75E—03 9.02E—09 4.83E—03 2.08E—03 2.52E—09 1.57TE—08 7.29E—06 4.93E—03 0

Penalized 1 2.71E—29 6.45E—14 1.59E—32 3.07TE—24 8.25E—09 1.67E—15 7.03E—08 1.57E—32 1.54E—-17

6 it
ARSCHIFFT T SRk v 4 2 2% R 500 i) @, I

W SFL-GW Q%1% AN 1 72 78 SR iff BRI pry oA /2 22 U
PR ML, AR I HY LS 5 ik S50k B R IR SR AL 3,

FILogistic MU W Ma L MM EE, R Rl N rgE B SEAFI A R st
B S HBOV AR LMK R BRI IR R 5T A fE
1, B JE AL IRV B I SRR IR PRISFLASL I (M S35 SCik:
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3 Ik AR BV ) 2 SR LG A, et I R VR AR W SO
JE WS R 5 AR 3 T AR KR T, WAk 7 AER
R = 4 R B | BV ESFL-GWOSHL I & 2. & [2] HUANG Peigiu, LIU Jianchang, TAN Shubin, et al. Application of
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