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Cloud Computing Task Scheduling Algorithm Based on Improved Particle
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[ Abstract] The traditional particle swarm optimization ( PSO) algorithm still has shortcomings in terms of performance and efficiency
of cloud computing task scheduling, such as low local search efficiency and limited search accuracy, which often makes it difficult to
find the global optimal solution and easily falls into the local optimal solution. To solve this problem, an improved particle swarm
optimization task scheduling algorithm (IPSO) was proposed. Firstly, a opposition-based learning strategy was used to create a more
homogeneous initial population and the Rate of convergence of this algorithm was enhanced. Secondly, in the particle update process,
the sine cosine algorithm (SCA) was introduced to enhance the optimization ability of the particles and balance the two processes of
global search and local development. Finally, a search behavior based on average fitness was added to further expand the search
solution space to find better optimal solutions and prevent falling into local optima. Experimental verification was conducted on the
CloudSim simulation platform. The experimental results show that the improved particle swarm algorithm has significant advantages in
reducing the cost and maximum completion time of system tasks. In particular, when the number of tasks reaches 500, IPSO improves
the total cost by 10% , 4.6% , 8.6% , 9.2% , 8.2% , 10.4% and 11.3% respectively compared with adaptive particle swarm

optimization ( AAPSO ), sine cosine algorithm-particle swarm optimization ( SCA-PSO ), simulated annealing particle swarm
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optimization ( SAPSO ), enhanced phagocytosis genetic algorithm ( EPGA ), competitive crossover mechanism genetic algorithm

(C2PGA) , opposition based learning-particle swarm optimization (OBL-PSO) and PSO, and improves the maximum completion time
by34.1% ,27% ,41.7% , 28.5% , 21. 6% , 50. 3% and 54. 8% respectively, which verifies the feasibility and effectiveness of IPSO

in solving cloud computing task scheduling problems under different task scales.
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Table 2 Virtual machine configuration

. MIPS/ Ram/ Band Width/ it/
s GB (GB-s™") JG

1 100 512 1 0.19

2 200 512 1 0.27

3 300 512 1 0.43

4 400 512 1 0.51

5 500 512 1 0. 62
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Table 3 Performance comparison of IPSO algorithm and
other algorithms

PATEN BORZET ENJE

B 3 o
R RkAK /5 - .
IPSO 8.16 14793.78  11.70

AdPSO 9.41 17 063.51  11.99

SCA-PSO 9.39 17257.55  11.99

SAPSO 9.24 16 632.76  11.94

MBHES gy 9. 66 17750.14  12.05
C2PGA 9.60 17771.72 1205

OBL-PSO 9.50 17 106.84  12.00

PSO 9.75 21572.02  12.25

IPSO 34.80 62203.84  14.59

AdPSO 39.09 82224.00  14.98

SCA-PSO 37.02 70 633.12  14.77

SAPSO 37. 80 81256.29  14.93

TREAES  ppoa 38.29 70117.08  14.80
C2PGA 37. 89 69 689.03  14.79

OBL-PSO 37.62 83562.40  14.96

PSO 39.28 97960.72  15.16

IPSO 89.02  158952.78  16.47

AdPSO 98.82  241287.30  16.98

SCA-PSO 93.26  217726.08  16.82

SAPSO 97.40  272866.40  17.09

KHBES ppea 98.07  204233.44  16.81
C2PGA 97.01 202 735.05  16.79

OBL-PSO 99.32  319761.53  17.27

PSO 100. 35 351290.27  17.38

T IR R TR/ oh R 3 LR S5 AT F)HEHJ.B/J 1P-
SO FEEAREL T FoflxT LBk 7E AT BURAS | B K 58 T[] A1
R BUH 3 bR L MEREIIAL The .

x4 HEFESHIKLE

Table 4 Algorithm main parameter settings

E2 E
PR/ N 100
d, 50,200,500
M, 200
M peea [ -3.3]
M o [0,number of vm —1 ]

7 . number of vm 78 CloudSim W HEIIAL A ECHEE

R R4 B0 e A R AT LA R R R ik
SGHEFE , (AR TR BEAS 00 4 Mo PR R T AE 10 it
(], 5 A Ak b R 30 4 Ry A 10 A, DAL T kit i B 9%
N i, o R 1) %% 2 (OBL) 91 iR 4k 5K
WS R EACHE I -2 2T AT R DR AR SR , (145 TPSO BES
TR R E R B 4 R B

B 4 R T1E 50 AR5 UG T, AR B AT
= IREE T PATAT 55 V8 B2 119 45 K 5 T[] RN FRUA T A6
AT TR R, 4550 8K, IPSO 7E A~ F8br 4
S T i ROR, Hol K58 TR R 14 793.78 s,
PAT LA N 8. 16 Jo, TEBA b IPSO M T
AdPSO . SCA-PSO . SAPSO . EPGA . C2PGA . OBL-PSO

473

—— EPGA

<+— C2PGA
—4— SCA-PSO —»— OBL-PSO

—=— [PSO
—e— AdPSO

1234 —v—SAPSO  —e—PSO
o 12.2
g 12.1r i B B EDED EDED ED S B ES S
’%120- “a-.__g._;

9 11.9
11.8\¥
1.7}

0 20 40 60 80 100 120 140 160 180 200

IERRH

K3 50 H 55 USRS Bl
Fig. 3 Convergence of 50 tasks

26 000

24000

T

22 000

20 000
18 000

16 000

14 000

Fe K 5E T TAl/s

12 000
10 000
8 000K

6 000

e
&) & L L F 3

NS Fgys 8
Bk

(a) R 5E LI A

1.0p

105}

10.0F

951

9.0

8.5

8.0

PATAESS WA/ 76

7.5H
7.0
6.5H

6.0

(] O O O \ad \ad o (o]
R G P S P R
L4 %CY’ B <

Sk
(b) HUT i
4 50T 55 B AU PRI AT O

Fig. 4 Indicator optimization of 50 tasks
1 PSO > W &R T 13.3% . 13.1% . 11.7% .
15.5% 15% 14. 1% 1 16. 3% , {¥ % K58 THHA] |-
S BEAR T 13.3% . 14.3% . 11.1% . 16.7% .
16. 8% 13.5% 1 31. 4% , iX &K 8 3 T 7 Y58 L
FEAE I BE AL 25 1 T AN Fh e 9 - 35738 1 B /K

¥ Mk . www. stae. com. cn



B AR
5054

5 T &

Science Technology and Engineering

2025,25(12)

L UUHS B SRR A i s R g, i
1858 PSO TEf5 K 56 1.0 (] FHA T B0 AR T T 2% 30
2 21 572.02 s F19.75 Jo, Z5RFW,
IPSOFEMLAL B K 5¢ T B[] AR AT 6 Bl 7S T T 2% 30
W, RS AL 7 Aot LI A
FAEG R T HERE (B2 IPSO M L A AE 20,
4.4 HHBEESE

5 R T 200 1T 55 HUBL A 45 530 0k 0 UL S50
M. AT LLFE H, IPSO , AdPSO , SCA-PSO . C2PGA il
OBL-PSO 4 REARAFEATF B W R {E, T SAPSO ,EPGA
F1PSO W) B (B AR XS B o FE LR kAR R
IPSOFEI B HR i e S4G E , TPSO 87kt F Ho ek
W AR A R o R IS X o 3 2 1A K i ik
THREFARA FARE ST, 58 B - P e B T & 4
JIE R R A R P AR B S IS B A
it (AR e AR AR TP RE S R 31 42 Ry e
Deff 0 Rei i Jry R4 2R 46 = i AORG B, A5 SRR,
1PSO AR B AL T HoAth 7 Fhox) HLAA

6 A1 200 1T 55 HUAR IF 45 8 e P A AT 45 91 BE 1Y)
B R SE T I R RTAT LA B SE B 25 5 T LA
BB AT 55 B0 B9, AdPSO SAPSO , OBL-PSO
F1 PSO At K58 TR [H] 2478 3 80 000 s, SCA-PSO
EPGA F1 C2PGA NI7E 70 000 s BT, fii IPSO AR K
5E TR B A%, 76 62 000 s [l IPSO 7E B ALA |
AH# T AdPSO ., SCA-PSO . SAPSO , EPGA . C2PGA |
OBL-PSO F1 PSO 43 5l B AKX T 10.1% . 6% . 8% .
9.1% 8.2% 7.5% #1 11. 4% , ¥ 5 K 5¢ T [A] |
IrIREAR T 24.3% 12% 23.4% 11.3% .10.7% .
25.6% F136.5% . X2 T e iR 17 it #
FR - 15738 07 B A7 (o7 8 BT, (A5 kL 7 7 i 2
5] H 48 2R o ELA BT X A B T R B A A
] UL TPSO 7EAT 45 I3 1Y 22 B AR b b 2 80
ROy

15.6 ik
15.5 —=—[PSO —6— EPGA
—&— AdPSO —<4— C2PGA

—»— OBL-PSO

134 —A— SCA-PSO
—¥— SAPSO

80 100 120 140 160 100 200
IERRE
F5 200 1T 55 FUBL IS il

Fig. 5 Convergence situation of 200 tasks

0 20 40 60

120 000
110000}
100 000 |
£ 90000
Z 80000
L 70000
60000
50 000 H
4000011
30 ()00 Io IO 1 O IO IY~ IYv 1 O Io
& ?sg% vg% g & O GSO S
& X
Hik
(a) R 5E LA
55
50
45
R
= 40t
=
3 35
R
ﬁ 30H
®
25
204

w

o \ot \og o 0O
L O O \;Q% L

QO QO ()
&) &) o
N4 N < N3 Q
S S < O QQ)

v %QY‘ o
Bk
(b) PAT B EA
6 200 1155 AL AR L AL 17 Ol

Fig. 6 Indicator optimization of 200 tasks

4.5 AMEES

7 JR T AE 500 KAUBAT 5515 5 T AR5
WS A, Al DA Y A S EL BEALIE 1 KA 55
T, 1PSO BEASAERILIE A Ut U B2 I A 40
UM, T HEA BRI SO R, 8 i B fi) 2 >
A 4 15 A AR S G, 3 285t 3R R IS AR 1 K
AN NTOE 4 N VA BB e B9 A O I VAR €28
23 [ BB AR AL, BN PR A A B T
KL 1 Jm Tl B DIk Jo] R A 70 24 2R, R A 54
RN AT B T B 2R 2 [ o 1 Jey oS de DAL i
M SEAT T e 2] 4 Jm foe A, XA, R 1 ) LB
Uy S PR 3RV A R 2 T O A SO AR B 4 R R A
fift, iR A SR T B DI A, AT R 5 0 ) WA S8
JE o ARXT T HAL 7 Ao LU S 1PSO 2 B i S el
DA BRI g O DA S5, HE AR 2R
e,

MIE 8 W] LA Y, 7 RAUAT 55 v, 4T 55 T
AT I AR A7 AR W] 0 25 5, B A 55 0 A9 AN I

¥ Mk . www. stae. com. cn



2025,25(12)

MREE 45 LT bk TR BT SRR Bk 5055

ik
17.7¢ —=—IPSO —e— EPGA
17.6 F —e— AdPSO <— C2PGA
1735 —A—SCA-PSO —»— OBL-PSO
—¥—SAPSO  —e—PSO

40720 40 60 80 100 120 140 160 180 200
LR
K7 500 455 FUBL WL SILTTG Bl

Fig. 7 Convergence situation of 500 tasks

BN, BTG AR 1 i K S T A TR AR T R AR T
TR A 8 h0 B A TIPSO TSR 14 15 B AR (H, SCA-
PSO ¥k . H i, AdPSO . SAPSO  EPGA Fil C2PGA
1 5 AR AH 228 K, OBL-PSO B& 4T PSO, WLE
K 5E T 1} 8] 35 bR, TPSO AT AT 55 r 77 19 Bt 1] oy
158 952.78 s, W AR T HiAth 7 FhXJ L3 3L, 1PSO
A # T AdPSO ., SCA-PSO . SAPSO . EPGA . C2PGA |
OBL-PSO F1 PSO £ B A< |20 S BEAR T 10% |
4.6% 8.6% 9.2% .8.2% .10.4% F1 11.3% , 1F fx
K5e T BT[] 43 AR T 34.1% 27% 41.7%
28.5% 21.6% 50.3% F1 54. 8% . Jit A AE T 2l ik
B4 P AN DR -4 7 Sy 3 B AR B0 -5 o 8 - 347 3 1
FEAELIA ELER , 21285 M o B SRR 5] DB A 250
RS ) X Fh s S AL T 1PSO 78 %Lt
R AT DL A5 W S8 B AR i, O ELRE W% 7F 4 JR) A
Jey T 22 1] A5 - A, LA S B G A 48 R AU, 5L
IRZE R R, BIE 7 R ALBAE 55 1 = B, IPSO
AR BEME S B AL AT 55 I B2 7 8, (HAST &5 1Y
T R 5E T[] FLEL A A8 3% 3K F Al JLFD X He
(=R7
4.6 IPSO ER{EBD

ARG R TR R, T R s A 3R
INHIER S At 2 5038 43, 45 B0 AR RE % 7
A8 R AR A ], A 4 R 48 R BE RN R A K e
I XA XA E A 2 s T RE I, W BIGH B 5 7
T FR I 2 (H i T X0 R R i B B R R
B AN TR 14 00 4R 18 0] BE 2 BOAN W) B9 B A . I
Gh HE TR R 2 5 B A R T e AL, B TR
ZaE B I 2, A 2 B EUE R R 8L
1) JRy &8 e G A T G vE Bk TR AR AR AR
HAER AT e A Uk 8k, B BOR A AR R A
R

440 000
400 000
360 000 -
320 000

2 2800001

& 2400001

48 200 000 -

j.; 160 000
120 000

80000
40 000 f
0

S R P S HP S R
w ¥ o < v OQ)\,
Bk
(a) JR 58 LI ]
120
1151
1101
1051
100+
95
90 I
85H
80K
75H
70+
65
60 H
55K
50

PATAES B A/ TT

o o o © » .» O 0
& végo vg% cﬁ% & OQQ Rl
R &
Hk
(b) PAT B A

K18 500 fE 55 BRI TR R AL T O

Fig. 8 Indicator optimization of 500 tasks

F )24 ) 3R s (OBL) A] L= & 91 46 kL 1 F i
B Z2REPE (A5 06 i 10 25 o) 56 )32, A Bl Tkt
BR T AR BB B LA, (L LAy 2 R i R i Be
J3, T B 4F b R R A R A W], 7 OE AR X
(SCA) il i 38 B FHAE 5Z A AR 5% pR A, SER T 4
JRA8 R AR I & 2 (8] B A, XA B T AR R
i suy b IR SRS R STy N A LN A
ERTRES ARk, aT LU o 5 22 3 (1) J7 =X Bk 7
ANRAN 4 JR W B A B, LA N )i B R S
(), 35 B 428 100 Jmy 30 A L At , L3R4S B4 i 42 )
A, [RIEE, 5] AP Y238 1 BE AL, 8 %
JEHEAN LB Y T B3 N B AR AR SR T RS
o), ANTA) 3 R BE R kL 35 15 AH L A9 67 SR
2, AR (RS ol B A RO A B, DL 3 6 4 )5
T ACAR A48 2 BE g, 38 R X6 4 S 5 R DA AT
A Bl Tkt e 5 A sy i B A0, b AR a5 g B rh
SCA-PSO F1 OBL-PSO [ 5 56 45 5L ] DU IF 52 33 6 i
AR,

¥ Mk . www. stae. com. cn



B R 5 TR

5056 Science Technology and Engineering 2025,25(12)
R [5] Prity F S, Gazi M H, Uddin K M A. A review of task scheduling in
5 #ig

38 3 SR 3 T 2 ) 2 > B R RE D) R Ak SR 1
Y30 1 BE AR A R AL ) | S 7 07 T SR W N IE
AEEE I R B, 46— e R i s
HEFSHEER Y, £ CloudSim =& EHFEE
b BRI TPSO 5 HA 7 AR AT, A3
WrE5E,

(1) 1E 500 1F 55 B i ik, IPSO 78BS A | AH %
T AdPSO ., SCA-PSO . SAPSO . EPGA . C2PGA . OBL-
PSO #1 PSO 435427+ T 10% 4. 6% 8.6% 9.2% .
8.2% 10. 4% 1 11. 3% , 75 ¢ K 5¢ T 0 [A]_E 43 5 42
FT 34.1% 27% .41.7% 28.5% 21.6% .50.3%
154, 8% ,FEWSLERE LAl HE T 3. 1% 2. 1% |
3.8% 2% 1.9% 4. 6% F15.2% .

(2) 7 HAW AR ] AT 55 FUAE T, TIPSO 7EAT 55
K56 TBFIE] AT S BAS | Wi SRR B 45 48 b L 33 HX
BT E AR, X R 1% 2] (OBL)
WS AT DL & WA R T R RE 0 22 R, 1 15400 46 i
23 ) B R 3z 5 [R)BE, Fp R 1 236 7 B ML A A
T B P S SR I 3 e 2l A R S DA T B 4 b
ERAFE BN, A7 B Tk A B A R R O R
B CSGE E ; S kL 22 AT NI AE 2R £
FEMERIER R M, A Bh TR 3 2 48 R =< [a]
WERAEE N 2 R R, A 5 R E 2R Rt
it EPXT R E ZL 1 =i T E IR T, IPSO AT
REFIRCRAG AR,

(3) FEAR B FE 113025 JEOm AR UL 11
2 BERE OURAI R SR bR, Uit — e e
THEAESS PR RS Pk Hr

& % x #

(1] ER, 2%, Rk, & W oS HHERE S WBHERRT
FIHBEDITE[J]. RIS AR, 2023, 37(8) ; 40-51.
Wang Hao, Li Hui, Song Duanzheng, et al. Research on genetic
algorithm task scheduling in cloud-fog computing systems[ J]. Jour-
nal of Electronic Measurement and Instrumentation, 2023, 37(8) .
40-51.

[2] Zhang Y. Cloud computing task scheduling algorithms and advances
[J]. Highlights in Science, Engineering and Technology, 2022,
7. 368-373.

(3] BRfRA~, 8. T ACBsbh TR R S AR 55
[J]. AU S5 AE, 2023, 40(6) : 223-228.

Chen Junren, Guo Yijing. Cloud computing task scheduling based
on exchange improved particle swarm algorithm[ J]. Computer App-
lications and Software, 2023, 40(6) ; 223-228.

[4] Li K, Jia L, Shi X. Research on cloud computing task scheduling
based on PSOMC[ J]. Journal of Web Engineering, 2022, 21(6) :
1749-1766.

cloud computing based on nature-inspired optimization algorithm
[J]. Cluster Computing, 2023, 26(5) ; 3037-3067.

[6] Fang Y Q, Xiao X, Ge J W. Cloud computing task scheduling algo-
rithm based on improved genetic algorithm[ C]//2019 IEEE 3rd In-
formation Technology, Networking, Electronic and Automation Con-
trol Conference( ITNEC). New York: IEEE, 2019, 852-856.

[7] Jaber S'S, Ali Y, Ibrahim N. Task scheduling in cloud computing
based on the cuckoo search algorithm[J]. Iraqi Journal of Comput-
ers, Communications, Control and Systems Engineering, 2022, 22
(1): 8696

[8] Beegom A S A, Rajasree M S. Integer-PSO:; a discrete PSO algo-
rithm for task scheduling in cloud computing systems[ J]. Evolu-
tionary Intelligence, 2019, 12, 227-239.

(9] MR, mfE, B30, 5. BT Bl RO RE B sl a

NI [T]. B deoR 5 TR, 2022, 22(28): 12484-
12490.
Zhou Jingdong, Gao Weizhou, Yang Wenguang, et al. Mobile robot
path planning based on improved ant colony algorithm[ J]. Science
Technology and Engineering, 2022, 22(28) . 12484-12490.

[10] B9, 48R, BT ATHERNSIHRAEER L], #
AR5 TR, 2020, 20(16) : 6532-6537.

Jia Jia, Mu Dejun. Cloud computing load balancing algorithm
based on artificial bee colony[ J]. Science Technology and Engi-
neering, 2020, 20(16) : 6532-6537.

[11] e, R, SRR, %, ST U TR B

ROCHL I8 W O Ak 98 B2 [T ], BF2HoR 5§ T #R, 2022, 22
(12) : 4993-5000.
Zhang Yanhua, Huang Jingmei, Huang Jingguang, et al. Short-
term peak-shaving optimization scheduling of cascade hydropower,
wind power and solar power based on improved particle swarm opti-
mization algorithm [ J ]. Science Technology and Engineering,
2022, 22(12) : 4993-5000.

[12] EK, B3P JET bR T RS0 0 T W i T A PR A2
MRI[I]. BHEEARS TR, 2023, 23(30) : 13187-13194.
Wang Fei, Yang Qingping. Path planning for urban logistics
drones based on improved particle swarm algorithm[ J]. Science
Technology and Engineering, 2023, 23(30) : 13187-13194.

[13] John H H. Adaptation innatural and artificial systems[ M]. Ber-
lin; Springer International Publishing, 1975.

[14] Zhang Y. Cloud computing task scheduling algorithms and ad-
vances[ J]. Highlights in Science, Engineering and Technology,
2022, 7. 368-373.

[15] Kirkpatrick S, Gelatt J C D, Vecchi M P. Optimization by simula-
ted annealing[ J]. Science, 1983, 220(4598) ; 671-680.

[16] Karaboga D, Basturk B. A powerful and efficient algorithm for nu-
merical function optimization; artificial bee colony ( ABC) algo-
rithm[ J]. Journal of Global Optimization, 2007, 39 459-471.

[17] Agarwal M, Srivastava G M S. Genetic algorithm-enabled particle
swarm optimization( PSOGA ) -based task scheduling in cloud com-
puting environment[ J]. International Journal of Information Tech-
nology & Decision Making, 2018, 17(4) ; 1237-1267.

[18] Senthil K A M, Venkatesan M. Multi-objective task scheduling
using hybrid genetic-ant colony optimization algorithm in cloud en-
vironment[ J ]. Wireless Personal Communications, 2019, 107

1835-1848.

¥ Mk . www. stae. com. cn



2025,25(12) WREE 55 S Tl E R RERY 2 3T 55 R B R0 5057
[19] Agarwal M, Srivastava G M S. Opposition-based learning inspired weight strategies[ J]. Cluster Computing, 2020, 23, 1137-1147.

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

particle swarm optimization ( OPSO) scheme for task scheduling
problem in cloud computing[ J]. Journal of Ambient Intelligence
and Humanized Computing, 2021, 12(10) ; 9855-9875.

Senthil K A M, Krishnamoorthy P, Soubraylu S, et al. An effi-
cient task scheduling using GWO-PSO algorithm in a cloud compu-
ting environment[ C]//Proceedings of International Conference on
Intelligent Computing, Information and Control Systems. Singa-
pore: Springer, 2021 751-761.

TR, BRI, 2R, AF. BuE iR R S T RAT
SPBE R BRI [T]. BH#30R 5 TR, 2023, 23(29):
12594-12603.

Wang Ting, Shao Peng, Li Guangquan, et al. Application of im-
proved particle swarm optimization algorithm in cloud computing
task scheduling[ J]. Science Technology and Engineering, 2023,
23(29): 12594-12603.

BRIE, 48535, HAA3C, 5. —FhZ Rk A 0 Z Bkl
RHRALEL L], 72Ad, 2015, 43(8) : 1538-1544.

Xie Chengwang, Zou Xiufen, Xia Xuewen, et al. A multi-objec-
tive particle swarm optimization algorithm with multi-strategy fusion
[J]. Journal of Electronics, 2015, 43(8) : 1538-1544.

Mirjalili S. SCA: a sine cosine algorithm for solving optimization
problems|[ J]. Knowledge-Based Systems, 2016, 96 120-133.
Al-Olimat H S, Alam M, Green R, et al. Cloudlet scheduling
with particle swarm optimization[ C]//2015 5th International Con-
ference on Communication Systems and Network Technologies.
New York: IEEE, 2015; 991-995.

Kennedy J, Eberhart R. Particle swarm optimization [ C ]//Pro-
ceedings of ICNN95-International Conference on Neural Net-
works. New York: IEEE, 1995. 1942-1948.

Tizhoosh H R. Opposition-based learning: a new scheme for ma-
chine intelligence[ C]//International Conference on Computational
Intelligence for Modelling, Control and Automation and Interna-
tional Conference on intelligent Agents, Web Technologies and In-
ternet Commerce ( CIMCA-TAWTIC06). New York: IEEE, 2005 ;
695-701.

Malisia A R, Tizhoosh H R. Applying opposition-based ideas to
the ant colony system[ C]//2007 IEEE Swarm Intelligence Sympo-
sium. New York: IEEE, 2007 ; 182-189.

Rahnamayan S, Tizhoosh H R, Salama M M A. Opposition-based
differential evolution[ J]. TEEE Transactions on Evolutionary Com-
putation, 2008, 12(1) : 64-79.

Huang X, Li C, Chen H, et al. Task scheduling in cloud compu-

ting using particle swarm optimization with time varying inertia

e fE M HE . www. stae

[30]

[33]

[34]

[35]

[36]

[37]

[38]

Sriperambuduri V K. Effective workflow scheduling in cloud using
constriction factor based inertia weight particle swarm optimization
[J]. International Journal on Recent and Innovation Trends in
Computing and Communication, 2023, 11 122-131.

Calheiros R N, Ranjan R, Beloglazov A, et al. CloudSim: a tool-
kit for modeling and simulation of cloud computing environments
and evaluation of resource provisioning algorithms[ J]. Software:
Practice and Experience, 2011, 41(1) : 23-50.

FHUE, sk—0g, A5 ETRAATFHTENS IR
TRTRBEAEmE[T] . WR RS AR (FARRERR) | 2021, 48(6)
80-87.

Wang Zhendao, Zhang Yiming, Shi Xueqgian. Cloud computing
resource scheduling strategy based on competitive particle swarm
algorithm[ J]. Journal of Hunan University ( Natural Science Edi-
tion) , 2021, 48(6) : 80-87.

IMEIE, E 1 30 HTF MGA-PSO (W = 15 £ H bR E 5 10 B
(1. PN S 5, 2021, 38(6) : 212-218.

Sun Changya, Wang Xiangwen. Cloud computing multi-objective
task scheduling based on MGA-PSO[J]. Computer Applications
and Software, 2021, 38(6) : 212-218.

Nabi S, Ahmad M, Ibrahim M, et al. AdPSO: adaptive PSO-
based task scheduling approach for cloud computing[ J]. Sensors,
2022, 22(3) : 920.

Wang X H, Li J J. Hybrid particle swarm optimization with simu-
lated annealing[ C ]//Proceedings of 2004 International Conference
on Machine Learning and Cybernetics. New York: IEEE, 2004 .
2402-2405.

2R, M5, Fily, 5. BUEBHERIETE RS T M
BEFHRTFE[J]. WS AR RS2 4R (HARIERR) |, 2020, 41
(4):64-69.

Fu Xueliang, Sun Yang, Wang Haifang, et al. Application of im-
proved genetic algorithm in cloud task scheduling[ J]. Journal of
Inner Mongolia Agricultural University ( Natural Science Edition) ,
2020, 41(4) : 64-69.

Mg, BET OO R AL L A SR S5 T EERFSE [ D).
F: ISEE AL R2E, 2021,

Sun Yang. Research on cloud task scheduling based on improved

I Al

intelligent optimization algorithm [ D ]. Hohhot: Inner Mongolia
Agricultural University, 2021.

Zhou Z, Li F, Abawajy J H, et al. Improved PSO algorithm inte-
grated with opposition-based learning and tentative perception in
networked data centres [ J ]. IEEE Access, 2020, 8. 55872-

55880.

. com. cn



