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Abstract

At present, task scheduling problem in cloud environment is a hot research topic, and particle
swarm optimization algorithm (PSO) is an important intelligent algorithm to solve the task sche-
duling problem. According to the correlation, particle swarm Optimization algorithm (CPSO) and
new adaptive inertia weight based particle swarm optimization algorithm (NewPSO) in solving
this problem are easy to fall into the local optimal solution and poor searching ability, In this pa-
per, the task execution time and cost as the goal, the random factor and the inertial weight are
fused, and the Enhanced Particle Swarm Optimization (EPSO) is proposed. Simulation results show
that under the same conditions, compared with PSO algorithm, CPSO algorithm and NewPSO algo-
rithm, EPSO algorithm can reduce execution time and cost more effectively (including task execu-
tion time, time cost and virtual machine cost), and get a better scheduling solution.
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Figure 1. Cloud computing task scheduling model
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TaskTime = max (Time(j)) (1< j<t) (4)
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Figure 2. CPSO algorithm flow chart
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Figure 3. NewPSO algorithm flow chart

& 3. NewPSO &% RIEE

i":ﬁ)\s> r’ l) Cb CZ’ 'x’/)

v
LR A ROR Y A A
P2 i

]

i
¥

Figure
4. E

2
et 4 R I A A
N
A A B2 B HLR 0,17
Y5 43 A A BE ALK T, 7,
N
WER(12). (13). (14)iH5
FRINAE e Th R R R AL

v
|$E¢)%ﬁ(1)‘ (2) 58 3 Al I
i E

-

i L I i) A A AR

4R

4. EPSO algorithm flow chart
PSO B £z A

DOI: 10.12677/csa.2018.83033

292

RGXIRE =SS


https://doi.org/10.12677/csa.2018.83033

Table 1. EPSO algorithm parameters
#* 1. EPSO Bii8H
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Figure 5. Change of time with tasks
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Figure 6. (a) 60-time change chart; (b) 100-time change chart; (c) 200-time change chart; (d) 300-time change chart
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