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Abstract: In response to the limitations of traditional optimization algorithms in addressing complex problems , such as tendency to fall into lo-
cal optima, slow convergence speed, and insufficient search capability, this paper innovatively proposes a hybrid optimization strategy that in-
tegrates the Grey Wolf Optimizer (GWO) and the Whale Optimization Algorithm (WOA). By leveraging GWO’ s strong global exploration ca-
pability and WOA s fast convergence behavior, the proposed strategy significantly enhances the overall search efficiency. Experimental results
on the CEC2017 benchmark functions show that the hybrid algorithm outperforms traditional optimization algorithms considerably. In cloud
computing applications, the method can improve task scheduling efficiency while reducing costs and enhancing the utilization of virtual ma-
chine resources.
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F4 4.03+02 3.8E+01 7.57TE+02 1.66E+02 1.16E+04 4.99E+03 5.7E+03 8.80E+02
F5 6.1E-03 8.2E-03 1.05E-03 1.54E-03 1.57E-03 5.06E-03 2.52E-02 3.697E-03
F6 3E+03 1.1E+03 3.2E+04 3.58E+05 2.6E+05 4.78E+03 1.85E+05 1.98E+05
F7 3.67E+02 9.90E+02 3.53E+02 9.5E+02 7.2E-02 2.83E-01 5.62E+02 5.4E+01
F8 7.2E-01 7.1E-01 3.14E+00 1.68E+00 1.7E+01 6.42E+00 1.4E+00 1.9E+00
F9 2.8E+03 3.72E+03 3.24E+03 7.3E+02 -1.32E+02 7.04E+02 3.64E+03 5.51E+02
F10 9.09E+04 4.59E+04 1.39E+05 2.3E+04 8.85E+05 3.41E+04 2.04E+06 1.4E+06
F11 1.13E+07 4.2E+06 3.3E+07 2. 7TE+07 1.12E+06 7.39E+06 4.7E+08 1.11E+08
F12 5.1E+02 2.2E+02 1.42E+02 3.1E+02 3.54E+02 1.22E+07 5.52E+02 1.37E+02
F13 1.9E+05 5.17E+05 6.07E+05 3.49E+06 3.76E+05 6.91E+05 6.67E+06 3.3E+06

Table 4 Comparison between TCGWOWOA and existing improved algorithms
*4 TCGWOWOA 5MEKHE LILE

Ff TCGWOWOA GWOWOA IGWO HI-WOA

P o R A R A R A R
F1 9.63E+07 1.22E+07 2.5E+09 1.66E+09 4.2E+08 4.71E+08 9.2E+09 4.8E+09
F2 2.03E+02 3.2E+01 7.55E+04 2.1E+03 2.1E+03 1.8E+03 4.06E+04 1.12E+04
F3 3.77E+01 1.9E+01 2.35E+02 6.2E+01 1.32E+02 7.3E+01 9.7E+02 5.74E+02
F4 4.03+02 3.8E+01 4.63E+03 3.11E+02 9.92E+02 3.4E+02 2.21E+04 6.94E+03
F5 6.1E-03 8.2E-03 4.59E-03 3.35E-03 1.75E-03 3.68E-03 6.98E-03 5.3E-03
F6 3E+03 1.1E+03 1.1E+05 1.01E+05 8.48E+03 6.9E+03 4.6E+05 3.59E+05
¥7 3.67E+02 9.90E+02 3.84E-01 4.9E+01 3.1E+02 1.46E+02 7.57E-02 3.4E+01
F8 7.2E-01 7.1E-01 3.5E+00 6.6E-01 9.3E-01 6.6E-01 2.6E+01 9.78E+00
F9 2.8E+03 3.72E+03 2.6E+03 5.24E+02 1.4E+03 2.2E+03 -1.3E+03 7.86E+02
F10 9.09E+04 4.59E+04 1.79E+05 3.89E+04 1.14E+05 2.5E+04 1.19E+05 3.8E+05
F11 1.13E+07 4.2E+06 1.3E+08 2.70E+07 1.75E+07 1.0E+07 2.7E+07 2.0E+07
F12 5.1E+02 2.2E+02 2.3E+02 7.1E+01 1.25E+02 1.08E+02 8.32E+02 5.9E+02
F13 1.9E+05 5.17E+05 7.4E+05 4.7E+05 6.13E+05 4.2E+05 2.21E+06 2.1E+06

23 A LA, TCGWOWOA 5595 78 24Nk ok %
FHETESE GWO . WOA FIl ACO B35 R BT ML .
HAKI S e 22 B K IF F6 BRI, TCGWOWOA 48T
GWO FIWOA $&TF T — it ¢, 7 22 B fe /MY FO RS |
FFT 14%. M T ACO, HX L FT R LA T
31% ABTEH A pR L E (42 T T 0 1 3 ik B 2 gk, 3R
B TCGWOWOA 7 4= Ja) 48 2% il Jmy & 48 4% 5 1T HL A SE 4 1
S RE , AT AT R0k G B AR R SR A

M40 LLE M T GWOWOA, TCGWOWOA 7
F1 FF4 REL B3 T — A9, 78 Fo Rk L3 T T A~
Y, M T HI-WOA , TCGWOWOA 1E SR 1 e v
AN S i 45 22 TR BEFE b [ 25 0 35 00 -6 B3 e i)
JEFEF10 PREC EHETE T 26% . BERTEF7 FO FIF12 pRAL I

TCGWOWOA [ F- ¥ {E I AL T IGW O, {H 52 BR5CR L AH
. BRI BB A , TCGWOWOA AU IR+ 0 5

25 LIAE 1, TCCWOWOA M4 Tt S4E e & X
BAYERE A W R T UE I AR AL ) e T,
HEABRAGHEE. IBE RN 2R R
FIRIEBOL Ak T8 T 0T, 6 A DR SR % ) SRS B 35 4

AN, TCGWOWOA i it 51 A S5 A 15 1 JH AL,
WSRO A SR R AR ) R ) N R T R
WAL TRz ebERE . LRaS LR, KBRS RERYE
JREBIT & e S BRI TR A U HGE TR A
[i) 5

2 ik , TCGWOWOA fl & TR A 2tk i s B2,
AAAE 87 F i Ak T B W W A5 4 0, i B oK i 5l
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Table 5 Comparison between TCGWOWOA and meta-heuristic algorithms in the past five years
#5 TCGWOWOA H5iRs&ExRENERLE
HEiE TCGWOWOA SOA HHO SCSO SSA
PR FHME it 2= FHIME it 2 T {E Pt 2E FHIE bRt 22 T {E Frif 2
F1 9.63E+07 1.22E+07 6.4E+10 3.34E+09 1.7E+09 1.51E+09 4.9E+09 4.59E+09 1.20E+08 8.2E+07
F2 2.03E+02 3.2E+01 1.9E+05 7.74E+04 1.86E+03 4.06E+03 1.9E+05 5.7E+03 2.8E+05 5.06E+05
F3 3.77E+01 1.9E+01 1.81E+04 2.8E+03 3.15E+02 1.13E+02 5.98E+02 4.60E+02 6.35E+02 8.29E+02
F4 4.03+02 3.8E+01 8.2E+05 8.6E+03 4.8E+03 2.71E+03 3.60E+03 2.48E+03 1.16E+04 3.9E+03
K5 6.1E-03 8.2E-03 5.3E-02 1.06E-02 7.2E-03 5.8E-03 2.98E-03 1.44E-03 1.91E-03 1.39E-03
F6 3E+03 1.1E+03 3.04E+06 3.34E+05 9.2E+05 4.28E+05 2.648E+05 2.17E+05 2.78E+05 8.23E+04
F7 3.67E-02 9.90E+02 9.84E+01 5.0E+00 5.18E+02 8.1E+02 4.64E+02 5.08E+01 1.25E+01 2.74E+01
F8 7.2E-01 7.1E-01 4.7E+01 1.21E+01 1.29E+01 2.75E+00 1.5E+01 2.82E+00 1.37E+01 4.08E+00
F9 2.8E+03 3.72E+03 3.56E+03 1.46E+03 2.61E+02 1.28E+03 -9.67E+02 7.92E+02 -2/3E+03 1.12E+03
F10 9.09E+04 4.59E+04 2.6E+08 2E+08 1.77E+05 4.88E+05 1.48E+05 1.50E+04 1.8E+05 1.93E+05
F11 1.13E+07 4.2E+06 1.3E+10 4.31E+09 7.2E+07 5.50E+07 5.5E+07 3.2E+07 2.3E+08 2.88E+08
F12 5.1E+02 2.2E+02 1.67E+06 4.20E+03 6..48E+02 3.09E+02 5.51E+02 3.2E+02 4.79E+03 5.4E+03
F13 1.9E+05 5.17E+05 3.2E+07 2.4E+07 3.82E+05 1.68E+05 1.11E+06 1.8E+06 3.66E+06 2. 7TE+06
=R LY AN 7 el T E =y e 22 T Table9 Task parameters
*x9 EESHER
6 %ﬂ'ﬁ SR 5 ST ) JiC & & 1 KRG L&A
Mi 500~1 500 KB
Number 50~300 A~
61 RUHBELREE CloudLet InputFileSize 20~200 KB
AR SCAH FH R I W 88 IR AR R 2 A S 58 = I R I OutFileSize 20~200 KB
CloudSim # fl T. EL#E 475255 . CloudSim & — 72 [ 6.2 LHERENH

TR SRR B 5 |, BEAT BB 22 T 3158
Y VA B AT 55 R L AR UL B AR R Y AR
B HC B AN 6—K 9 iR .

Table 6 Cloud computing experiment configuration environment

®6 ZITEXBREERE

AR SCE 5 B SR 2 7 B FEAS AT 45 50 5 18
PR T A PERE R . 05015 B 2 AT 55 80 43 3R 50
100,150,200 .250 F1 300, fE SIHLEC R 7300 4 8 Fl 12, 15
TS U0 25 SR UM R 4510 R 10 10 394, O 5 25k Bk
AT HHR . AR RI Bl 2 AT 45 A5t (0 39 o DU LA
AL, TCGWOWOA LRI TRk .

ARV AT 55 AT B ] LA n 6 10 FF i .

Table 10 Task execution time comparison of different algorithms

SR IREE T 5 Jm 1
CPU Intel (R) Core(TM)i7-7700HQ
AT 16G
(gL 1TB
TFRIHA IDEAJ
JDK JDK1.8
BAERGE Window 10 64137
15 BT 5 A Cloudsim4
Table 7 Virtual machine parameters
R7T EWMNMBSHIER
R i 5 Jm KNG s
Number 10 0
i Ram 512 Ms
Bandwidth 50 GB
Mips 50~1 000 bps
Table 8 Data center parameters
x8 BEHFLSHER
#FR L 5 1 K/NRER HLfi
Number 1 A~
Ram 16 384 GB
DataCenter Storage 1 000 000 GB
Mips 100 000 Ms
Bandwidth 10 000 bps

F10 REEEESHITHE LS (ms)
Ejum - miES

(e 50 100 150 200 250 300
GWO 28.28 53.34  85.78 115.82 148.87 172.14
IGWO 23.02 4636  70.72 9275 117.38 141.79
4 WOA 20.80 41.84 62.14 8256 10440 126.27
GWOWOA  19.68 38.07 59.16 79.35 101.27 122.28
TCGWOWOA 17.16 30.05 51.06 71.89 9247 113.27
GWO 48.52 104.58 162.64 22296 283.44 346.65
IGWO 3343 8539 138.24 189.74 244.86 299.48
8 WOA 3358 50.12  76.03 107.43 128.92 208.88
GWOWOA  31.06 4996 7239 96.85 12248 195.55
TCGWOWOA 28.55 4257 6344 85.08 108.86 168.38
GWO 5324 131.94 217.60 301.65 392.47 478.07
IGWO 56.68 122.16 196.44 264.94 339.98 413.83
12 WOA 58.40 137.09 223.62 329.54 399.96 483.49
GWOWOA  57.18 13639 216.03 318.44 39479 481.83
TCGWOWOA 48.04 118.50 200.23 281.09 358.35 433.91
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HH & 10 AT, 7R SCORV A AT 55 AT Hh 1 #E 19 B ] 4
Ao HARSEUL, Y EBINLE R 4 B AT GWO L 1-
GWO . WOA FIl GWOWOA Bk , A SCH 1k 1 - 2 $0 A 7 B[]
3 SFEAR T 37.78% .23.60% 14.18% H110.45% ., 4 R HIAL
Bt 2 8 B, BEAIC L ik — 2D P T+ 2 57.48% . 15.19% .
17.86% 1 12.56% . 4 Mg fUHLEL 5 12 B, ~F- 3 P4 7 ) [
Iy IR T 8.56% . ~3.33% . 11.73% F1 10.37% , H A 4 1-
GWO AR B, (045 AR T

N TR B AT 55 e R e W ) Fe A an 26 11 fF s . i

Table 11 Maximum completion time of task comparison of different

algorithms
11 AEHEEEERATHAELLE (ms)
HEIHL , ZES K
pen Rk
l 50 100 150 200 250 300
GWO 3431 4789 52.03 56.05 61.04 68.83
IGWO 30.12  35.68 47.1 47,01 4942 62.29
4 WOA 3337 4883 5848 62.04 71.85 71.41

GWOWOA 30.39  39.17 5623 59.27  70.09 65.28
TCGWOWOA  27.56 32.16 4685 5093 4921 58.72

GWO 3393 36.11 3899 46.66 49.81 54.74
IGWO 29.83 33.05 36.85 3598 39.15 43.67
8 WOA 37.55 3652 39.17 4128 46.16 48.79

GWOWOA 27.79 3196 3524 3843 43.0 46.15
TCGWOWOA 2373 27.23 33.07 3452 3849 41.55

GWO 2098 21.58 23.89 27.15 3415 3834
IGWO 18.35 1877 20.18 2577 32.81 3421
12 WOA 19.52  20.44 21.73  26.37 327 36.23

GWOWOA 18.11 18.67 20.78 2436  30.72 3542
TCGWOWOA 17.67 1648 18.59 2257 26.82 29.33

F 1T A SO AR e R S8 U TR R IR . Y
PAHLECE R 4 B, TCCWOWOA % T GWO . IGWO , WOA
I GWOWOA , £ K 58 B 8] F- B REAR T 17.10% .2.27% .
23.48% 1 17.16% . 4 i Bl AL 5k 2 K 8 i), - 35 B A%
23.68% . 6.99% .20.39% 1 10.77%. >4 iz AL E & H 12
i, P REAK 20.85% . 11.82% .16.26% 1 11.80%

ARV BB AT 55 A LA N R 12 s . & 12 7]
AL ARSCRRAEAT 55 WA R . SRR N 4
B, TCGWOWOA A% F GWO . IGWO . WOA F1GWOWOA ,
AR T 6.05% .2.34% . 12.18% F110.06% . 4 Hz
LA N 8 I, SE IR T 7.1% .2.36% . 10.86% F19.90%
B MLE G R 12 8F, FIREAE T 6.14% .3.21% .6.55% Fll
3.79%.

25 I, TCGWOWOA B L7 AE 558 FE 0% LA R
HLUFEIR A AR R R . 456 GWOo 2R R
it 1R WOA i Jrp B A AL E 1, TCGWOWOA SEHE T 4 Jy 48
K5 R R, R T SR st . Bk
M5, TCGWOWOA 454 T GWO 4 Ja i & il WOA 1Y )=
TR, B AR . T Tent W1 4R 0T 2
PRI AT R R R, SR T 4RI R e Il R

L MBI 7 R PG A% S48 P 488 17 AT JBE FIORS 2

Table 12 Task costs comparison of different algorithms

®12 TEEFESHARLE (L)
HEFABL mAES
Sk
A EK
50 100 150 200 250 300

GWO 110.16  200.41 338.24 463.88 589.62 693.19

IGWO 96.01 193.16 329.63 448.44 563.39 674.79

4 WOA 133.67 263.76 383.15 49431 598.92 688.93
GWOWOA  121.63 220.88 353.2 484.24 590.44 681.84
TCGWOWOA 9439 18490 317.63 452.69 547.50 653.31

GWO 118.97 243.76 407.62 557.41 70451 832.66

IGWO 89.02 227.23 372.68 53328 687.93 815.37

8 WOA 142.89 276.16 428.59 583.17 702.03 852.63
GWOWOA  136.29 265.12 421.72 569.0 690.82 842.84
TCGWOWOA 7598 219.70 349.84 528.86 681.4 805.24
GWO 101.43 22295 364.65 516.02 644.53 771.36

IGWO 89.75 217.54 36329 490.02 630.65 750.44

12 WOA 104.72 2322 363.55 514.05 649.08 769.04
GWOWOA 9323 220.57 355.61 499.97 631.83 75594
TCGWOWOA 81.41 202.71 336.44 48235 616.2 740.88
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R i P GWOWOA B3 75 78 Ab 31 A2 2% [ A0 s i S50k 3
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THAS B T R A

R TCOWOWOA 5T 2 > Jrik A2 &, LA
i R 5 A RIS ESH  02 2 MR S B p Ab Inl R, $2  B3 vk
TERBE AT 55 FIERE . RN, % JEOK By e i 1
Z RS ), G A BV BIF 53 1 R LR FH Sk, i FC R
fiff PSR AL Ak I 881 R 25K T S A AR

S 3Lk -

[1] 1 Q, ZHENG X. Overview of cloud computing research status[J]. Com-
puter Science, 2011, 38(4): 32-37.
A, Fo . mHAAT R ARG R[] S EALA 4, 2011, 38(4):
32-37.

[2] JUNZ, JIN J H, SONG A B, et al. Cloud computing: architecture and
key technologies[J]. Journal of Communications, 2011, 32(7): 3-21.
B EEE RER,F. ZHE hARME XEHA)] @155
., 2011, 32(7): 3-21.

[3] LAIH, LIAO H, SAPARAUSKAS J, et al. Sustainable cloud service pro-

vider development by a Z-number-based DNMA method with Gini—coeffi-



126

BAE 5 A

2025 4

[4]

[5]

[10]

[11]

cient—based weight determination [J]. Sustainability, 2020, 12 (8) :
3410.

GARG D, KUMAR P. A survey on metaheuristic approaches and its evalu-
ation for load balancing in cloud computing [ C]//Proceedings of Advanced
Informatics for Computing Research, 2019: 585-599.

PRITY F S, GAZI M H, UDDIN K M A. A review of task scheduling in
cloud computing based on nature—inspired optimization algorithm [J].
Cluster Computing, 2023, 26(5) : 3037-3067.
OBADINA O O, THAHA M A, ALTHOEFER K, et al. Dynamic charac-
terization of a master—slave robotic manipulator using a hybrid grey wolf-
whale optimization algorithm[J]. Journal of Vibration and Control, 2022,
28: 1992-2003.

MIRJALILI S
vances in Engineering Software, 2014, 69: 46-61.

MIRJALILI S, LEWIS A. The whale optimization algorithm[J]. Advanc-
es in Engineering Software, 2016, 95: 51-67.

REN J X, DU Z Z, WANG X K. Cloud task scheduling based on im-

, MIRJALILI S M, LEWIS A. Grey wolf 0pl]m17er[ﬂ, Ad-

proved artificial bee colony algorithm [J]. Journal of Henan University of
Science and Technology (Natural Science ), 2022, 43(4): 55-60.
Eaf, I E, ZXR. RRATHRE RO ZESALL] Th
AR F FIROH AFFNR), 2022, 43(4): 55-60.
CHEN J R, GUO Y J. Cloud computing task scheduling based on com-
mutative improved particle swarm optimization [7].
tions & Software, 2023, 40(6): 223-228.
Mididz, S—db . AT R T RSk ey St STE SRR
A bLE A 5 #2023, 40(6) : 223-228.
CHEN X R, ZENG B Q. Cloud computing multi-objective task schedul-

Computer Applica-

ing with improved squirrel search algorithm [J].
and Design, 2022, 43(7): 1990-1997.
Mo, 82, Bt R E ALz =+ 2 B4R RL ]
AT A L&, 2022, 43(7): 1990-1997.

MENG Q Y, WANG J J. Task scheduling optimization in cloud comput-

Computer Engineering

ing based on hybrid firefly genetic algorithm[J]. Microcomputer Applica-
tions, 2021, 37(5): 158-160, 164.

FRE, EqS. ATRETKRAHLH = FES5AE
RACLT]. #A b G R, 2021, 37(5): 158-160, 164.

YANG X G, ZHANG Q S, ZHANG Y M, et al. Research on cloud com-
puting task scheduling problem based on improved hybrid particle swarm
algorilhm[ﬂ. Journal of Inner Mongolia University (Natural Science Edi-
tion), 2019, 50(6): 674-678.

ek, Kaa, KARK, . A TRERASETHL =T

[14]

[15]

[16]

[22]

[23]

SRR AEEXFFROAAFFM), 2019, 50(6) :
674-678.

ZHANG Y, CHEN F. An improved whale optimization algorithm [J].
Computer Engineering, 2018, 44(3): 208-213.
TR, HRF. —AP Rt s s AL (T
(3): 208-213.

WANG L D, WANG X C, LIU G. An improved algorithm for conver-

M A, 2018, 44

gence factor nonlinear decreasing multi-objective whale optimization

based on angular penalty distance[J]. Computer Application Research,

2022, 39(5): 1395-1401.

ERIA, ER, A EB . AT ARSI IE R 6K AE T 3E &b
% AR SR AL B R ()], AL R AT, 2022, 39(5) :

1395-1401.

VAN T N, MIRJALILI S. MEALPY: an open—source library for latest
meta—heuristic algorithms in Python [J]. Journal of Systems Architec-
ture, 2023, 139: 102871.

SOCHA K, DORIGO M. Ant colony optimization for continuous domains
[J]. European Journal of Operational Research, 2008, 185(3): 1155-
1173.

KAVEH A, ZAKIAN P. Improved GWO algorithm for optimal design of
truss structures[ J . Engineering with Computers, 2018, 34: 685-707.
TANG C, SUN W, WU W, et al. A hybrid improved whale optimization
algorithm [ CJ//Proceedings of 2019 TEEE 15th International Conference
on Control and Automation , 2019: 362-367.

DHIMAN G, KUMAR V. Seagull optimization algorithm: theory and its
applications for large—scale industrial engineering problems [J]. Knowl-
edge—based Systems, 2019, 165: 169-196.

HEIDARI A A, MIRJALILI S, FARIS H, et al. Harris hawks optimiza-
tion: algorithm and applications [J]. Future Generation Computer Sys-
tems, 2019, 97: 849-872.

SEYYEDABBASI A, KIANI F. Sand cat swarm optimization: a nature—
inspired algorithm to solve global optimization problems[J]. Engineering
with Computers, 2023, 39(4): 2627-2651.

XUE J, SHEN B. A novel swarm intelligence optimization approach:
sparrow search algorithm [J]. Systems Science & Control Engineering,
2020, 8(1): 22-34.

BUYYA R, RANJAN R, CALHEIROS R N. Modeling and simulation of
scalable cloud computing environments and the CloudSim toolkit: chal-
lenges and opportunities [ C/Proceedings of 2009 International Confer-
ence on High Performance Computing & Simulation, 2009: 1-11.

(AR S fE)



