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Abstract

The grey wolf optimization algorithm has certain shortcomings in terms of convergence accuracy
and local optimization. This paper proposes an improved grey wolf optimization algorithm. In or-
der to ensure that the grey wolf population has both ergodicity and randomness, this algorithm
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combines Sin chaos with a reverse learning strategy to initialize the grey wolf population. In order
to improve the global optimal retrieval ability, Cauchy mutation is used to update the grey wolf
population, thus avoiding the problem of local optima. At the same time, in order to improve local
search ability and convergence accuracy, a weight factor method is introduced for improvement. 7
standard test functions are selected to verify the effectiveness of the improved Grey Wolf optimi-
zation algorithm. The experiment shows that compared with the Grey Wolf optimization algorithm,
Whale optimization algorithm, and Dragonfly optimization algorithm, the improved Grey Wolf op-
timization method proposed in this paper has certain advantages in performance.
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1. 5|8

FESERRAETE T, AAAE R BRI . A% G Ak i U 7 iR A ARk . B Bk S, (Ha2
FE SR R TTHSEA G, AP REEL, CARRWCEAHRIER LR S BEAELFERBA
TR IR AR, Jo)a K R R AL S0 O R D AL AR ) A 70 TR . Jo )8 R aURE R RE AL AL SRk
FEPET ARAMSFIRER, OFRBENITRWAEB b S0, LR G2 R RIUE
HlE G N RS . TR B T B 5 AT, X HIAGE AU, S TN AR, fEA S, RREk .
PIGALER A= ihilid 5 R 2SS AR B 12 . SR e R REVE S ORRAL 5% (Gray wolf
optimization, GWO) [1]. I F#EH %k (Particle swarm optimization, PSO) [2]. FHiE & FIE @G M F L
(Giza Pyramids Construction, GPC) [3]. & Ht4l 4t 552 (Grasshopper optimisation algorithm, GOA) [4].
JAYA i 5% (Jaya algorithm, JAYA) [5]. #¢FEHE 575 (Tunicate swarm algorithm, TSA) [6]. HABEZZ X
5% (Crisscross optimization algorithm, CSO) [7]. KA FHIE(BSA). L1k 5% (Dragonfly algorithm,
DA) [8]%%.

BB TR BE R ML O TR P A S AR IR R, B BRI RO TR B9 AR, AR
PERE TR F 2 (No Free Lunch, NFL)EH, 7 EARIE SR IN08R R g8 Bk B R gE AN FF R BE 1101
BREFE IR H TR B ARSI AEY) . Ber sl E YRR 50, SZ BRI R BCA R . (E
fifp 2 () R AT R AUE, BH BRI &L . ESHRLERE LR N TR EIRMALR, BH
Gi— IR tE . B RE FIE AR SR N VA Ge T H R I S e VAT 0T 9 BRI BESVETE 2 HARRAL
LR BB EEAAACATR SR B IR FESISA G (1], /£2 HF0E A7 HIE/ERIE K
MG 2 HArife. IR B & 50 2 HAnIUt. 82 HARscbr R AN S 4E H A5 23 18] v] g pe 55
J7 AT FE[12]

2014 4, BIORBEFIE 277, Migalili 52 H 7 # o s kK REE GWO Bk, HEER
SRIRFL B, SHOTI AU, ERBARRIIT R . BAREEAR GWO SLIELEAL A -5 T B =
HERNH, AHRGHAN R RE L — R E A G B R, Ao ERg, @ inA & Tk
DA m AL VAR R . TRBT ISR NS T —FR A GWO RIABIR AL 5E12:(COA) I HCOAG %[ 13].
ZEEE N IE 5258 X 5K ICOA (Improved COA)A SGWO (Simplified GWO) A HLR & 7E —ild. W52
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NP GIABUE R 7 RS WA L B B E R e RN 7B RA I, 3=-HRABRNE
SRS RIS RIS AR I AR 2 FEIE[14]0 XUZE5E AR A Levy WATIHZRSRNG . 18 N5 BHE 2 SRME
FNASBUE 7 A SR HENE , (EAORFVETEN SO RSO B bk — B3 TH[15]. FRIRINEE ASR H —FhdE
LA 7 A3, BERS SR B AR & RHE R AE )T, ST 3 A BUE fE FE AR W S AR BE 8
PRELE KSR -

N T USRI HARPCAC ST F VRS EACEICE S, ASCR Sin IR 727 I W1 4R 4 55 ] 7 A2 57 55
WG, I SIABUER 7, SR T — Rk AR AL FA(SCGWO),  ESRE RN 34T 1 - IURE FEAN
WSS 2 L F) S 2 AR T

2. TR EE

IARAHIE(GWO) T ZZ BIMRBEAE H IR I b A WAT N R R T 7= A 1) — e i e AR 16]
0 1T FOR BRI & TR, RBEN I AU S, KU o, B, SR o JRe o T2
AT, BAREHANGSBIR, HRMESRRIEN o RIGIE: g IRZRITE, BAM
NE: BIFAGAE . 8 o RINBIT, pIRGATTR T — 2L 1E o WA IF A o JREEAT Bt 0 AL
Y=, RN o IRAN BRI i %o [N, DTN o /A B IREFEN 0 R, RERIGIFALRAE 6 ]
AREEMAT; o RAPIEEINES, WET A MK i rh RS R A MBS IR £ — S84 A
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Figure 1. Grey wolf level model
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Figure 2. Grey wolf optimization algorithm flowchart
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C > 1IN RIS 5 KR MERIFR B R B, C <1 MIPRISFE B R B . AR R BS % 2 B i 48 08 W 1) e
A E e R, X AR, 7 B S s P I BEN LR B I I 5 . CER R B ENLEIF, REHE C A5
17N R T AL, (AR R Y FE b 4 BE AN R 0 4 3k ey e OB SRl , 7R 592 il T Tk R
R EAC IS . BARRFEE W 2 Frw.
3. BUHBIRMEILEE
3.1. Sin B R [M5 S ¥R Rk

RNTERY KREERNERIEE . SRS, v DUE AR w1 is 2 fetk . didyRt
SEMS I AN 2 REE . TRIEAIAA SN I B Ve R il R 7E VR VAR 52 6] [0, 1] bl — e M o6 R AR TR
5, TR AL B ANMA A AR B2s 18] N o ZEVRVE SRS A, Sin YRV EL AT B A 3k g ek A0 BB AL £ g
T H A AT B PR . Sin Y@ 1 4Em it 2k R F .

X, =sin(2/Xn), n=0,1,---,N e
-1<X, <1, X, #0
Hrby, X, e (<L) BIAIAREAREBLE N 00 K Sin TR 51 W5 21 45 1] o
XMJ:m«wayhﬂJ;3NJ:LL~3Dm (8)
3 HURF S % 1 () BB A AT X, X LS IR X
XZ_/' = Xmin,j + Xmax,j _Xi,j (9)

SOl (X Ko, | RS S IR (X O X} . KRB B LT
HEFF, R N AR BRI ROR AL AR

3.2. REET

FEA (R IR SFE SR IORAL BRI T = A e O BP9, BARTE E R IR A R =
SIORAEFEAARSTINE S P DTRRE R R [17]. T o RIFA—E 2R, AT R o R
R=SRREE, XA S BANR BRI A T AEIURTTEREE, I — R BUE R 75 T AR IR S ) 0 RE
JI[13]e REUTE AR C EHRFZZNEHHL, AETF R ER 70N %2 LR . AT
PRUEBCE H P B A O, Wit 4, =4,=4,, C,=C,=C,, HWTF:

A =2a-rn-a,i=123 (10)
C =2r,i=123 (In
BUE T 53 35 A
o = 4G -1 (12)
|4,-C|+|4,-C,|+|4,-C;| 3

o |4,-C,| ___B 3B (13)

P +|4, C)|+]4,C| @ +B+B 1+6B
o |4,-¢,|  18B*+3B (1)

U o+, +|4,-Cy| 188’ +18B +1
Hot B=|4,-C|. EIL, FEIHHRE EH AR
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3.3. AT REREE

TV 73 A7 1 IR AR VEAR R A B R AT S, T o 3 PS8 /0, T A4 i ) 0 A1 EL A (170 PP RA,
IRARFRFELE 1] P42 S ] DAAE 24 AR A BT A CE R sl AR A S u B L), BRI, R
JRVAR] 6 22 S5 10 93 3 A 52 2 ik R A AL, BT AR SR 1 A At SR AR 231 R A, 78 23R A 7 7
AR SRR o 0P A7 BRI B AR 3T BRI R TR

- 1
F l(p;xo,;/):xo+7'tan[7r~(p—5jj (14)
1
x(t+1)=x(t)+x(t)~tan(7r~(r—5)j (15)
Table 1. Test set function
* 1. MXEERH
o i Ue S H AR s Foia
N
F(x)=>x 30 [~100,100 0
i=1
N N
£ (x) =X)L Tl 30 [-100,100] 0
i=1 i=1
N i 2
E(x)zZ[ij) 30 [~100,100] 0
i=l \_j=1
F(x)=max|x|1<i<N 30 [-100,100] 0
N
F,(x)=Y[ x? =10cos(27x,)+10] 30 [-100,100] 0
i=1
1 30
F(x)=-20exp| -0.2 %Z“xf
= 30 [-100,100] 0
30
—exp LZcos(27wcl.) +20+e
303
F(x)= 3 5 [ Teos| 2 |41 30 [~600,600] 0
T = ’
Table 2. Comparison of test results
2. MIREERXIEE
. DA WOA GWO SCGWO
W BR 2 - - SRR IR
TEME bRfERE CPIME P g 2 T bRtz CPIME bRdEGRZE
Fi(x) 356.66  1242.36  5.55¢-86  8.32e-75  4.53¢29  3.2le-27 0 0
Fi(x) 7.23 5.36 1.32e-52 5368951  4.67¢-17 15818  4.07e-311 0
Fy(x) 397191 1518456 1913584  20032.04  1.57¢-08  3.02e-06 0 0
Fy(x) 24.00 9.30 50.22 19.32 1.1667e-06  1.06e-06  1.03e-295 0
Fs(x) 123.99 36.18 0 0 0 8.03¢-14 0 0
Fy(x) 5.51 1.98 8.88¢-16  226e-15  7.54e-14  1.69e-14  8.88¢-16 0
Fi(x) 8.41 8.72 0 0 0 0 0 0
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Figure 3. Convergence curve. (a) Convergence graph of F1; (b) Convergence graph of F2; (c) Convergence graph of F3; (d)
Convergence graph of F4; (e) Convergence graph of F5; (f) Convergence graph of F6; (g) Convergence graph of F7
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