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Task Scheduling Strategy for Energy Consumption Optimization of Cloud Data Center Based on
Improved Particle Swarm Algorithm

LIU Chenwei' ,SUN Jian"*, LEI Bingbing'** ,XU Tao' and WU Zhuiwei'
1 School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China
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Abstract With the development of cloud computing,energy consumption has increased dramatically,which further limits the im-
provement of the overall performance of the cloud data center,and thus the energy consumption issue has attracted the attention
of industry and academia. Meanwhile, traditional particle swarm optimization algorithm(PSO) is widely used to solve data center
task scheduling problems,but it has the shortcomings of slow convergence and low accuracy,and it is easy to ignore the cluster
energy consumption problem. A chaotic mapping adaptive particle swarm optimization algorithm based on opposition-based lear-
ning(OAPSQ) is proposed. Firstly, the initial population is generated by the method of opposition-based learning, which makes
the particles more evenly distributed in the initial solution space and improves the quality of the initial population. Secondly,a
nonlinear decreasing dynamic inertia weight stra-tegy is introduced into the particle updating mode to change the particle optimi-
zation ability,so as to balance the local search and global search and avoid the algorithm falling into the local optimal. Thirdly, the
chaotic mapping strategy is introduced to generate new solutions by perturbation and mutation at the optimal location, which im-
proves the ability of the algorithm to jump out of the local optimal. Finally, the proposed algorithm is verified by experiments on
the Cloudsim platform,and the results show that,compared to PSO,OBL_ TP_PSO and SAPSO,OAPSO algorithm has higher
resource utilization and better energy-saving effect.

Keywords Cloud data center, Task scheduling,Particle swarm optimization, Chaotic mapping, Energy consumption optimization
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Table 1 Experimental initialization parameters
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Table 2 Virtual machine parameters

VM %5 VM %8 /MIPS H#&F/GB  #%/(GB/s)
1 100 512 1
2 200 512 1
3 300 512 1
4 400 512 1
5 500 512 1
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Table 3 Algorithm parameters and initialization values

X S A4 A1
@ MR E 0.4
@max B E R AE 0.9
@min HEHEAE FNE 0.4
5 ¥ HETF 2.0
[ FAHF 2.0
N BT AR 100,200.1000.2000
Iteration ROk # 300
a i E 4R E T 1.0
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Table 4 Comparison of makespan of tasks

5 A/ A PSO OBL_TP_PSO  SAPSO OAPSO
100 43313 35553 33489 33006
200 100581 81665 73267 69057
1000 729646 692629 543261 447664
2000 1607748 1540230 1277177 924569
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Fig. 2 Comparison of makespan of tasks
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Table 5 Comparison of total task execution time

AR/ A PSO OBL_TP_PSO  SAPSO OAPSO
100 188904 173018 165895 155410
200 399722 364407 343670 339910
1000 2253874 2205620 2040721 1881251
2000 4662323 4601617 4380047 3757212
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Table 6 Comparison of energy consumption
5 AB /A PSO OBL_TP_PSO  SAPSO OAPSO
100 1.672 1. 660 1.612 1. 491
200 3.298 3.270 3.212 3.209
1000 16. 546 16. 487 16. 482 16.426
2000 33.105 33.059 32.899 32.583
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Fig. 4 Comparison of energy consumption
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Table 7 Comparison of fitness values
15 AAE/ A PSO OBL_TP_PSO  SAPSO OAPSO
100 1.425 1. 447 1.563 1. 801
200 0.642 0.648 0. 656 0.666
1000 0. 300 0. 300 0.302 0.303
2000 0.248 0.248 0.249 0.249
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Comparison of fitness values
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Fig. 7 Comparison of algorithm convergence curves when the

number of cloud tasks is 100
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Table 8 Comparison of load balancing factors
T E5AE/ A PSO OBL_TP_PSO  SAPSO OAPSO
100 0.223 0.041 0.010 0.104
200 0.312 0.202 0.106 0. 200
1000 0. 347 0. 345 0.339 0.263
2000 0.353 0. 357 0. 385 0.261
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Comparison of algorithm convergence curves when the

Fig. 9

number of cloud tasks is 1000
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Fig. 10 Comparison of algorithm convergence curves when the

number of cloud tasks is 2000
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