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Abstract

This paper presents a multi-strategy integrated enhancement of the gray wolf optimization algo-
rithm for image segmentation. Initially, various strategies such as Tent chaotic mapping optimiza-
tion, non-linear adjustment of convergence factor, reverse-learning based lens imaging, and posi-
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tion updating are employed to enhance the search performance and convergence speed of the gray
wolf algorithm, addressing issues like slow convergence speed and susceptibility to local optima.
The enhanced algorithm is validated through different benchmark test functions. Subsequently,
the improved gray wolf optimization algorithm is utilized to obtain initial clustering centers for
image segmentation, further enhancing the efficiency of the segmentation process. Finally, the
proposed method is applied to medical images in experimental settings. The experimental results
demonstrate that compared to traditional image segmentation algorithms and other optimization
algorithms, the proposed method significantly improves the quality and effectiveness of image
segmentation, exhibiting better robustness and stability.

Keywords

Image Segmentation, Gray Wolf Optimization Algorithm, Reverse-Learning Based Lens Imaging,
Tent Chaotic Mapping, Kmeans Clustering Algorithm

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

K5 SR N BB AL BT IR R 2 —, b TS e A IR R R . BB 1
O 2N TG A B[], Az R2]. HARRNIAERER . 5T Bh PR [T PR 5 I 4 2 A S
PG H0 B R ARYE B G AR E s 1, R R A BRSO it el XHE. B
RAKRNEI ISR B, T 9 Ja SR UG AL BEAN > A SR ARtk . PRI 20 B D PR A 2 AU 1 R i
155, HEEHW RGN G . Fik, B8RS E— BRGNSz —.

K EIEREFA A G El — i B G S5, e TRENEA, B REEPIGRER
TP AN RIS B TR, (A5 R — 20 A IR R R A LU RAAE S T AN /) K530 2 T PR A 22 57 e K
. Kmeans RRFIEEGAFINML LT RR, mAL H5 TREMMLIL. R, ZEEREELNE
PLATEEAL RS L, W RER SZBIMIURTRR LI M, SRS RARE H S TN RS IiE. H
U, 9 7 e RX A R EVE 2 22 HR Kmeans JRFLAIRE Re UL REMRSS &, 1R 1 Sk i BB 0 15
i TESCHR[S]H I BGH M IE RS R S0 Kmeans REH D, DLk G SRR . 7E3CHR[6]+
ENASKL T BRI AT Kmeans B H A4 G 9 H 7 DPSOK 592, 1ZHVEREARE T R R0 Sl it )
Mo SEiR 7 I G BN R R B Bk o A2 SRR 7] bR FH et g i st 8 £ D04 S0 4K Kmeans 583%
Fik, ARG EITER R T EIRE KR

IARMRACELIL[8] (Grey Wolf Optimizer, GWO)J& —Fh oo A IR, 5T B AR S b AR 45
SERAHEAST NI FE . GWO SRR B . S8Ub . Sife )i 8. SR i UF T, 2REER
REJIBRAEML R, FE AR, ML %2 2] . BRZAAAEME B S5V 2 QU B 21 i M . 2R, 5 HAb
BRESIERMEL, IORMMATIE AL AN S ISR AR B R ARSI IR
W, PEHFN RS T IRIAEE . AL SCHR[O] Ho#s A=A AR AR BT B “ I A A T 5]
ABIBOREEF, 27— R AR LR 0 S ORI S, 22Dk 7 AR S i
SIERE, P 7RSI . AESTIR[10DN IR R AR NI R BE 70, 6T REALIT & 1A, s 5L NFELIE
SKIEINARARAL R R 2 BEvE, BET0 208 FOERPERE . 72 SCHR[11] P o o3t T RER K o Ja A UL 5
SRR AT AR SRk = R GEVE R TR, B T8 AR R T S I N RE I SR B N AR R T K
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S8, R T HERMAORIACTIE, Rbgm 7 EIEREREAMRCR . A SCIR[12] P AR Sk 5N T
IERBARAE, FEARIE AR A IE N L R BE A A B O MR, R LN T 82 R AR IS Ja R

SV ESCHRMIR &, 25T GWO URF ML s, ACSCHEH 17— Fidk T et AR 5% Kmeans
KIG o E7i, BEE R K-means BI7E UG o &b (F B

2. SREARMBUHIINEE
1 FIREEE

Mirjalili [8]5552 % M IR IIAE AT N, W AR AL AT AR A AR AT B i, 8ok 1 AR
DAL . ARSI B o DUR JLAR 70 2H B
TRAR B BB R B A AR A R 8]«

X(t+1)=X_,(t)-A-D 1)
b t M EnisfRREL X, (1) 5 X (1) 0 SR MR E, X (t+1) AT — M8 A AR
i D ARMAE. ENRERBR S TR AR S RN EESA. D heMIOMERE, ATLURYE
oA #
D=[C-X, (t)-X(t)| @
C=2., ?3)
A 1, AKX [0,1] BEHLAE K Al &
A=2a-r,-a (4)
a= 2—£ (5)
et WERKIEAREG t S ANAEL a BEESAREIE I 2 ZikiEmE] 0; & X H]

[0,1) BEWLAE el B, AR RE A v (BB BRI 72— AN X 1] [—2a, 28] 1. HLABIR R B 507 1 L0
PE, HEAXWT8]:
X, + X, +X

X (t+1) == (€)
g\:]:'j Xl’ XZ *D X3 E@i’l‘ﬁ&ﬁﬂu?:
,=X,-A-D,
2 =Xy =A-Dy )
,=X,;—A-D;
=|C,- X, - X|
D, =[C,- X, - X| ®)
D; =|C;- X — X|

2.2. Tent ;R FERRSHE LA 20 FhEF SR EE

£ GWO 1, HIUGFIE I £ Sk P BT SIGR BEA — € IS . ARifEf) GWO FHEIAA LT
208 A BENLAE B, (RIXR VA AT B = T ERIAG FRE I AR5, BLRCR R A A A2 T8 (1
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ALy, AT RRAR T R 2 REMERIIR R AE 1. SR, JRTHILE & —F B R N R et sh 7
R, HASEGURMEABENLYE, 1TOUAE R — R G R ERE L F 2 A5 . R 946
1k GWO IMIEEFRERESE B GWO 4 R REE 1. Rk, ASCRA Tent BVERLSSKAE MG FEE, B
HI PR IR Z AEME . Tent JEIH M [13] B2 XA R
; _{Zk/ﬁ z, €(0, 5]
k+1 —

(1-2)/(-8). z<(p1] ©)

A, e(01). AWM B=05.
XER AT Tent JRIERR HT4G 6 1T GWO_L 5% 5 BENLATAA 1 ) GWO SHHZHEAT S A6 568 H LLIRIE S50
T CHE A R, Ik 1R

Table 1. Experimental comparison of population initialization.

= 1 ¥R AR Saa X EE

f GWO GWO_1 f GWO GWO_1
f, 1.03E-29 3.58E-30 f, 5.66E-14 8.55E-14
f, 1.30E-17 1.89E-17 fs 7.90E-14 7.54E-14
fs 4.63E-08 6.04E-09 fs 5.46E-3 4.62E-3

M L RIS, FEAR ] AR IAEE RBR T fs A1 fs FOMELIE 2T GWO, AR B 5 - GWO_1 R fi#
K5 EE =T GWO IR RRS S

2.3. WA FIELR It AR R

GWO kil 24 a i A 1) FIENAEL KRR R AR . BRI a @A B TFRET2RER, B/ a
BN BT AT R IR . &4k a ZH00 DAE 2R AR IR R BE ) 2 B3RP . AR, MRPESE
(5), WeSIH 1 a BEAHIEAUIKE 2 B 0 bk T I, (HARAMALEAL RISV IR I F A R e AR A 1
FEARRVER . SRR R R, URSHEE T a (ZRIE T B E AN BE 56 4 I s B i A A48 R 7
U, 97 P GWO FUERHRRRE I NIT K AET), VFZ 2R T 1658 a Mk AR BRIt 0[14]
[15]c ASCH N BRI 250 [15], 40T UFR:

c (Y
a—z[l [TJ] (10)

A COVEANEAREL, T, BB

ME LT BLE H, BodfE R a’ 5 A R SERR LA Rl AR

Xt R F BSGE ARZ M CGEIR T (1 GWO_2 S S FnHE ) GWO SEBEAT SR EL LSS IE 25CAT 70 it Y
AR, Wk 2 For:

Table 2. Experimental comparison of convergence factors.

= 2. WS ETHISCIE T EE

f GWO GWO_2 f GWO GWO_2
fy 1.03E-29 8.32E-37 f4 5.66E-14 7.57E-15
f, 1.30E-17 1.17E-21 fs 7.90E-14 2.22E-14
fa 4.63E-08 7.97E-10 fo 5.46E-3 8.20E-4
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Figure 1. The convergence curve of parameter a

1. 2% a KU Sh L

M 2 it AEA RIS T ER T fs RI(EIL T GWO, GWO_2 HISRAgHRS W] & i T GWO
SRIGRERE . W HIER A ARZR MRS T, SEMEISUA T LE S AR GFIRCR, X MU H] 1 AR U s Al

T AR
24. ERBBREF SR
BRSO SHEN, E B WL S E B R SR AN A s A AR RN T

SRR B 5 g A A AN IO ) S Im) i, J8 ek S5 R S A B B, e B AR A IR AR T AR AT . FE SCHR[16]
fE GWO H 5] NigE i S [ 2 =) SIS RE 4K 1 SE A RIA RGEE, T RS 1 SRR N R B AR
A, BBkt R ROt . B R W R [16]:

_aj+bj a; +b, X

S B T ()

e XA 0 xR X BOES § dear i, ag Al 20 N PR SRAS R R SER § 4RO
XERAE B 5 ST H K] GWO_3 5k SARHER) GWO St A7 St bt LA IE S5 il 7 et (R 47
Rk, ek 3 prs:

Table 3. Experimental comparison of lens inverse learning strategies.
3. BREREF I SKEIIEE

f GWO GWO_3 f GWO GWO_3
fy 1.03E-29 0 fa 5.66E-14 0
f, 1.30E-17 8.95E-216 fs 7.90E-14 8.88E-16
fa 4.63E-08 0 fe 5.46E-3 0

M3 oL EM IR T, £ A fs RRARBIES RIS, (HR R =T GWO,
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EH AL R - GWO _3 A RIF S IAL . Ui 51548 GWO BiEAHLEL, GWO_3 B Hefg 5 i b 50 iR 35
B AU )R, B e 2RO P AIUACSIGE FE &

25. (LEEME

b 20(6) A B T A R T LI, WOA B8 T AMAAL BRI R RO B, DARAMAE SRR T (1
5 BA e, (HZRE T AMAZRIE S5 B WM. Rk, 76078 TR A% kRS 1 [17]5] N PSO itk
PRI B R, DMEMARE R B AS B . KRB B B (e A T S SO [17]:
X (t+1) = ¢ (W, X, () + W, X, (1) + W, X4 (1)) 461, ( Xipes — X (1)) (12)
Xl
TX X, X,
sz—xz
X+ X, + X,
X3
TX X+ X,
e ¢, ¢, 7 Al k22 S B AN A 2 S R (AR SO EL e, = ¢, =2) 0 BT ARER ANk s AR B R
TR RAE I X TR AR 2 T B BIRL B Wy, Wy, Wy AL E R 5L
of K FH T (K67 B 5B GWO_4 S0 SHRAER) GWO S3EHEAT SEI et b DABGHIF e 0543 5k (A R
W 4 fios:

Wy

(13)

W;

Table 4. Position update strategy comparative Experiment

4. (LB EHRBAIIIELSIR

f GWO GWO_4 f GWO GWO_4
fy 1.03E-29 4.93E-317 fa 5.66E-14 0
fa 1.30E-17 2.01E-201 fs 7.90E-14 4.44E-15
fa 4.63E-08 5.95E-221 fe 5.46E-3 0

M 4 R g, EARERINRIAEE T, GWO_4 Bikaekstisk it fs, fo FFRICRAUMR, 75 HAh I &
B SRERS FE Y =T GWO. BB S5FRUAER) GWO M EL GWO_4 113K ik B B3 Tt .

2.6. BUEBIRR L EZRIMIR

ity BRGSO AR A L (IGWO) S 1 S B 3R U R

Stepl HAIKIRFIHEE N; B RKIEARRHL s T IISERE Ds 4EZRIEH [Ib,ub] ;

Step2 F|H Tent VEVE LS ()T UH AL K IR TR

Step3 M4 F- 0L oR M FAF AN SORAMAIBERE (X)), FE&GE RN A THEE, E B =1
TR, AL X, X AT X

Stepd FIFR(LL)X X, SHEATIE B ARG 2 S ems, PeAE IR IR X IRV X BIEREE (X))

Step5 Fllk £ (X, )< (X)) EWAL, KR X, FHh X, AR 51%ER;

Step6 HR 4 (10) T H A=A T a';

Step7 R4 (3) 4)itHSH A, C;

Step8 M5 (12) SEHT A IR A7 B 5

Step9 FIWr 2 il R 2 k24, e, WISBEA R, Fisiiig; S0, 2t=t+1, 1&[ Step5 #k
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ZPIR 5 BT RUA B B A IR
T BUE IGWO FERITERE, A SCIEEL T 6 ARG s FoR IR Fr e Hh Bk i FOutERe . MR
B 5 s, Hop i~y 2 RIS E R AL, f~fo 2 ZIEERK . FEH 0 IGWO kS HAR VY LT L
B, BIJRAAH GWO Hik[8], fmtailib5y%:[18] (Whale optimization algorithm, WOA), BREEEALHI%[19]
(Sparrow Search Algorithm, SSA)ARL FEE AL 5i2:[20] (Particle Swarm Optimization, PSO). A T #4174
SPECA, B FREVELEA R FR R USRI R AR RS R 3T 5258, BRI 30, IEARIRECH 500.

Table 5. Benchmark test functions

F 5. FEMR R

f; (X) = Z:leiz

o (%) = 220, 6+ T

fy (X) = ZL(ZLIX] )2

f,(x)=> [ % —10cos(2nx )+10]

fs(X):—ZOEXp(—o.sz

—exp(%Z::lcos(ani )] +20+e

1 n n X
fo(X)=——> xX*—J] cos| =& |+1
ﬁ( ) 4000 j=1 i i=1 [\/l—J

30

X [i]
[-100, 100]
[-10, 10]
[-100, 100]

[-5.12, 5.12]

[-100, 100]

[-600, 600]

B AR

PR BIMSLIEAT 30 IR S h 45 RO iR {E (Best). 22 {H(Worst). -1 {E (Mean) AlARifE %
(Std). sEIRSIRINE 6, &7 P,

Table 6. Comparison of test results on Single-peak function

6. BUERH AN RITEE

Fun Algorithm Best Worst Mean Std

GWO 2.6867e-29 4.3984e-27 8.9291e-28 1.1261e-27
WOA 1.1478e-31 2.8704e-30 2.6882¢e-30 7.0868e-30

f SSA 1.1478e-55 2.6161e-55 8.7204e-57 4.7764e-56
IGWO 0 0 0 0
GWO 2.4416e-17 4.1886e-16 1.0329¢-16 9.4679e-17
WOA 1.1527e-22 6.1338e-20 2.1244e-21 1.1185e-20

P SSA 4.6396e-111 4.5959¢-29 1.695¢-30 8.3909¢e-30
IGWO 0 0 0 0
GWO 3.1621e-08 3.9815e-4 2.0729e-05 67.4362e-05
WOA 1.23¢-08 0.00012959 1.2007e-05 2.865e-05

k SSA 6.4139¢-180 1.0538e-24 3.5148e-26 1.9239¢-25
IGWO 0 0 0 0
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Table 7. Comparative analysis of test results on multimodal functions
7. ZIERH EHNREERRTEL

Fun Algorithm Best Worst Mean Std
GWO 0.310521 20.7612 2.8483 4.3607
WOA 0 5.6843e-14 1.8948e-15 1.0378e-14
f SSA 6.7587e-08 1.1369-13 3.7896e-15 2.0756e-14
IGWO 0 0 0 0
GWO 7.1942e-14 1.6431e-13 1.0392e-13 1.9923e-14
WOA 8.8818e-16 1.5099-14 4.4409e-15 3.4909e-15
s SSA 8.8818e-16 8.8818e-16 8.8818e-16 0
IGWO 0 0 0 0
GWO 6.839%e-04 1.5721e-03 1.0392e-03 2.0883e-03
WOA 1.23e-08 1.2959e-04 1.2007e-05 2.865e-05
P SSA 0 0 0 0
IGWO 0 0 0 0

MRAEZE 6 AT LIS H IGWO S A e (i pf KB P ME RE BOLA SR B 38, IGWO SiA e s $k 2 2
W M 7 AT LLA ) IGWO SEikAe 2 (g Nl pr B BRI AL i SO0, BR T fe, HAtRRAL
EISRER BB AU . — R YL, P XS N RO T iR ME, E RS SIORS FER R T AR v 2
Ny FERIRRE A SRV RRLT . IGWO SIRAE V- 10d N L AN FR A 272 77 1 45 SRAR T Hefh ALk SR . 3
SEZE RGN, SR DU R S SRS Y IGWO X ik S MR RESRTH i B35

K 2 JoR T ANRISEIAAE 6 MR VESEE o B B i Sl 26 . AT 2 R e] AW Y IGWO s
FESE A B P e R . REAR X T 2 IR s 4, IGWO BRI T SEARIICSICE B2, 7E A3 50 1%
(VDT 6/ T

3. BUHIRESERE & E
3.1. IGWO-Kmeans El{& 4l

Kmeans RIS H& — i A I3 TR I B 22 21073, T2 MR T EUg o Bk [21]. %A%
(1) o5 P g UG R A BARE AT TR AE (L B BRR ) TR k A2, AT S G 4

WAL PO HEERN T Kmeans BE I RBHAR BAA EE g, 1 FEALE RS0 077 T g
S-SR IORE BONTAR, HAE RS, [FI, Kmeans k7 KI5 70 28 FH b B 2 bt (R B B 42 5
me UG IR . T GWO A RUFMSHRae 71, HIC RIEFIWILEIEF L, Nt BHE &
IRCHR . B, AL ETOER GWO HikAl Kmeans 5325, @it IGWO K/ ME RS o FIEdE sz
AV EE 25 00 H bR R B (14), FTLAERTS “Hef:” RIhly, o3 Kmeans Hikffe tEMMERE, MMt m EE
SrEIRE. BI(14)1EN IGWO (1 H br ki %L :

f= ZLZL”Xi =Y ”2 (14)
b XONEBRIE T DR, Y N5 R L.
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Figure 2. Function curve convergence diagram
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Step2 i IGWO 14 A R Be ST WIaE K LT Ak, HRBIRAERVIME R L,
Step3 K IGWO #2112 OB N Kmeans BRFIL IR RIS O

Stepd T IR ZE

Step5 FEHT R

Step6 % EUG G = AE AT K

Step7 HIWHE IR RN Z b4, WRE AW EKE Stepd, Steps;

Step8 it A L DL - #I1E.

3.2. FHAfiERR

Bl M S WA G A I TG T R A B AR =5, N T DA BT I R A S A B R G R
WS LE R ABENLME, A PSNR. SSIM A1 FSIM =ANEFRR 4T 2015 (1 14 .
PSNR: fii& s #IEG IS, B F[22]:

255
PSNR = 20lg ~VISE (15)

M N I .’ . —S ., \\2
RMSE:\/Z"lzJ‘l(( 1\(/: ‘L eq i J)) (16)

{: RMSE R¥771R2%: 1,Seg 7l ARG S 73 EIE: M <N BB
SSIM: 4G EHE A 7 BB 2 M AR FE &, B 08 T SR X b BE AN S5 M A AL P 55 2 Fil R 22
AAas A r[23]:

(Z/ﬁﬂs‘eg + Cl)(zal,Seg + Cz)
(/'ll2 + Iuszeg + Cl)(o-l1 + O-Szeg + CZ)
R 15 pageg P BN G Seg I 1] 15 4, 31 55 Seg 7 %1 0,6, 79145 Seq 17 2% ¢
G5 oy NYERFRE IR, ARSI L ¢ = ¢, =6.5025 . SSIM F it i fH B B 47 A 1k g

FSIM: PEA 46 BGRN 2 21 4% 2 1] OREAE AR AR Sk & B A i &, BRGS0 R [23]:

SSIM(1,Seg) =

(17)

erQSL(X)PCm(X)
FSIM :—ZXEQPCm (X) (18)
i
S (%) =Spc (x) S (x) (19)
S (x) = 2 (( )) ((XX)):TT (20)

2G (x)G (x)+T,

=G (6:
G=,[GI+G? (22)

pC(x)=— =) 23)

g+zmA1(x)
X Q FREBIVBEAXIE: S (X) FontiEsr, PC,(x) Fom BRI — 8 S (x) Fom: G

1)
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Figure 3. Comparison of Segmentation Results from Different Algorithms
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Table 8. Comparison of objective evaluation indicators for various algorithms
= 8. BEAEVITMIEARXTEL

Image Th Kmeans GWO_Kmeans SSA_Kmeans IGWO_Kmeans
PSNR 47.4672 50.6255 50.7019 54.8024
Imagel SSIM 0.8461 0.9367 0.9348 0.9710
FSIM 0.8879 0.9456 0.9574 0.9661
PSNR 49.6232 50.4530 54.8963 50.3691
Image2 SSIM 0.8383 0.9486 0.9324 0.9725
FSIM 0.8906 0.9525 0.9646 0.9653
PSNR 48.6209 51.2975 51.5929 53.5768
Image3 SSIM 0.8621 0.9459 0.9662 0.9651
FSIM 0.8697 0.9552 0.9523 0.9623
PSNR 47.3548 49.8529 51.8586 55.4496
Image4 SSIM 0.8822 0.9402 0.9228 0.9755
FSIM 0.8304 0.9457 0.9614 0.9728
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