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Abstract: Resource allocation and scheduling is one of the major sssusmanufacturing industries which are constrained toroffe
dynamic and virtualized resources to end users in-ordesiinrize the profit. Cloud manufacturing is a new paradign ¢tha satisfy
the requirements of modern manufacturing industries. is work, two variants of heuristic algorithm are used to sofesource
scheduling issues in casting industries. Particle swartimigation algorithm is used in this work, because it carvedarge scale
optimization problems with better search speed, and gemdgorithms can be used to provide solution for non-lineat highly
intricate engineering problems. This work uses a hybrid@ggh which combines the advantages of genetic algorithiim pérticle
swarm optimization in-order to provide global convergeateffective and optimal cost. Experimentation was caroigdfor casting

of engine block in manufacturing industry and the simulatiesults shows that PSO with GA provides global optimal eogence
and also produces effective results with respect to timgt, aod resource utilization.

Keywords: Cloud manufacturing, PSO algorithm, engine block, taskkrasources, GA-PSO algorithm, makespan

1 Introduction even hybrid. Static algorithms allocate resources to tasks
by using prior knowledge of the resources were as a
In recent years, manufacturing sectors are moredynamic algorithm maps resources to tasks based on
concerned with achieving dynamic challenges of globaldemand. Decentralized algorithms lacks global awareness
market, gathering and sharing product based informatiodor optimal placement decisions whereas a centralized
including knowledge in-order to maximize the profit of algorithm has full knowledge about its placement
production lines. Cloud computing has provided a newdecisions. Hybrid algorithms may combine the best
horizon towards product design and manufacturingefforts of two or more algorithm for effectiveneds.[By
sectors. Cloud manufacturing fosters faster productconsidering the cloud characteristics, for optimally
development by using virtualization and resource sharinggllocating resources various scheduling algorithms may
to promote cost reduction 1J2,3]. In cloud be used. Among the several algorithms, Particle Swarm
manufacturing, the resources that are distributedOptimization p], Genetic Algorithm [], Ant Colony
geographically are encapsulated in a centralized way a®ptimization B], Differential Evolutionary Algorithms
manufacturing cloud services. This way of resource[9], Artificial Bee Colony optimization10], heuristic Bat
centralization enable the end user to utilize thealgorithm [11] are most commonly used. These
manufacturing resources based on their demand and nee@lgorithms use the Virtual Machine (VM) as the
Bansal and Darbari4] stated that in a manufacturing Scheduling and management units for mapping the
enterprise, the assignment of tasks to resources is Beterogeneous physical manufacturing resources to
dynamic process, because the resources are dispersgtfnufacturing tasks.
across several geographical locations. In this work, the problem of allocating and scheduling
The algorithms used for provisioning resources mayresources in manufacturing industry is considered as a
be either centralized, decentralized, dynamic, static omain issue because, if this is not taken in to consideration
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then it will have an effect in cost and time of product small and medium scale industries has not been addressed
development 12,13. A multi-objective resource much 27,28].

allocation strategy is considered in this work, which

includes minimization of time, cost and energy of

computation. Particle Swarm optimization and Hybrid 3 Resource allocation model used in cloud

PSQ is _con_S|d_ered for mapping tasks vy|t.h_ resources d”?nanufacturing

to its intrinsic capabilities like flexibility, optimal

convergence towards solution and robustness. This section discusses about the algorithm used during

The rest 9f the contents in this paper .is °f9"?‘”‘zed a'ngperimentation process. Two algorithms were used
Iﬁllo:vls.tsceiz(\::/lokai;etpr:iesen;s arr:] O\S/er?i" rc}ilgcrussrlon ikt)?# uring the evaluation process which include the classical

r?)bl‘z;edes?:r' St'on Sh(':c(;)h c_es t.heer}wc f(c))llo eedp Ese the Particle Swarm Optimization and another algorithm that
pr dr lprl V\r/ :/i i Inin | rithvr\xl1 Psé ndcombines the parameters from Genetic algorithm with
proposed resource provisioning algo aN%50 to have global convergence with reduced cost. The

Hybrid I.DSO. in Section 4. Section 5 reviews a case Stuchfatter algorithm is a hybrid approach which utilises some
on casting mdystry 6!”0' proposes the simulation resultsoperators of genetic algorithm with a combination of
achieved. Section 6, finally concludes the work. particle swarm optimization.

2 Related works 3.1 Problem representation

Manufacturing industries are intended to mainly focus on! € allocation problem s represented as a graph G’ which
quality of the work product and automating the has a set of nodes 'N’ and edges 'E’ that can be depicted

scheduling process on production line which has anS:
impact on cost and efficiencyl$,15]. Shen et al., 16] G=(N,E)

represented the purpose of collaborating manufacturing  The nodes are used to refer Virtual Machines (VM)
process with cloud based technology to promoteand the edges are used for representing the
distributed virtualized Schedullng with better cost and communication between tasks and virtual machines. All
time. Li [17] proposed the initial definition, concept and particles are initialized randomly and these particlesdoui
architecture of cloud manufacturing which has been latefspojutions by moving between virtual machines during
reviewed in detail by several other researchers. Clouckach iteration until the entire tour is completed. The
manufacturing is a service oriented concept that usegnaximum number of iteration can be indexed using time
virtualization to distribute and schedule resources &ros'tas 1 < t < max

several geographic locationsq]. Fu [19] proposedanew  Assume that the tasks are to be executed using several
resource selection model based on manufacturing gridgomputing nodes that are distributed across several
The diversified manufacturlng resources from small andcomputing sites. This work proposes a mu|ti-objective
medium scale industries can be integrated andunction that minimizes cost, time and provides better
accommodated within cloud platform. Kumar and Vermaresource utilization. The total execution time of all jobs
[20] proposed an improved mechanism for task on the available resources also called as makespan can be

scheduling using genetic .algorithm. Genetic Algorithm Computed by summating the Computation time of all
can be used as an optimal tool for scheduling thejndividual tasks

resources in-order to reduce makespan and to balance Makespan or Total time of execution

workload. It uses the reproduction operators like cross

over and mutation for producing the population. Zhang et = ZCTmaX(i’ i) @

al., [21] proposed assignment approach based dynamic

resource allocation for scheduling tasks on cloud system. where 'CTnax is the maximal time taken for
Zhang R2] proposed that PSO based approaches can beomputation of task ‘il on resource 'R’

used to schedule workflow across distributed applications. The total cost, 'Costt’ can be calculated by using
Luo et al., R3] introduced Cloud Rank-D model to rank length of task and the processing cost of resource for
and benchmark cloud based systems and analysed thexecuting these tasks.

performance of the system using two metrics: the amount

of data processed per second and per joule. Genetic

algorithm can be combined with PSO algorithm to Task lengthCost of exe per se )
generate a hybrid algorithm which produces globalCOStot = ¥ ~=Viruar machine(MIPS) % Processing Cost
optimal solution at reduced cos®425,26]. Various (2)
researches have been carried out using heuristic based The resource utilization rate 'Rgs can be
scheduling techniques for multi-objective optimization, calculated by taking the ratio of time the resource is
however issues related to scheduling which encompasavailable and the total scheduling time of tasks on virtual
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machine. Virtual Machine (MIPS) is an estimation about
the processing power taken by virtual machines which is
executing on the host.

Find Manufacturing tasks t; and
i e a7

No of VMx Schegme
where 'Availime’ is the time manufacturing resource

available to service the tasks, 'Schgd is the total time
taken for scheduling the resources.

Resgii = x 100 (3)

Use PSO and GA-PSO for finding the
optimal VM to fulfill the task

3.2 Overall scheduling workflow

The cloud manufacturing workflow consists of tasks
which are to be computed using computing nodes that are
geographically scattered across several locations. The
tasks are randomly mapped to the virtual machines and
the solution is updated accordingly. When the resource iFig. 1: Overall scheduling workflow of PSO and GAPSO
available at the mapped site, the task is executed with thalgorithms
available resource. Otherwise some other resource that
can satisfy the job requirements needs to be located. This
include transfer of job from one site to another which
may additionally include the transfer cost. '_rhe.overallvj(t_l) Speed particle 'i’ at time t-1
process of scheduling in this work is depicted in Figure 1.yt weight Inertia to control speed based on history
C1,C2 Acceleration coefficients

) ) random Random number which takes value between 0

4 Task scheduling using PSO and GA-PSO and 1

i i ) . i j(t) Particle j's current position at time t
This section describes the algorithm used for scheduling sbestj Best position of particle 'j’

manufacturing tasks taken from casting of petrol engineGbestj Global/Optimal position of particle among the
block with 16 resources. Two algorithms were entire population

experimented for analysis and simulation purpose Whichpj (t-1) Particle j's position at time t-1

includes the classical Particle Swarm Optimization and
the other takes a hybrid procedure by combining the
operations like cross over and mutation from genetic
algorithm with PSO for optimal solution updation.

Particle Swarm Optimization (PSO) uses a number of
particles that are initialized randomly in the solution *
spaceR9. In order to mathematically describe the PSO
concept, let the population size be 'n’ and 'i’ be the no of e N .
particles initialized in’'m’dimensional search space as™ Thg [:I)_03|(tj|on g anld velocity vy’ of the particles are
X = (X1, X2, .., Xij .., Xim). The speed of flight of particles initialized randomly
'V = (Vj1,Vj2,..,Vik,-,Vjm)" and the individual position
of particles, P = (Pj1,Pj2,..,Pjk,..,Pjm)’. The optimal
position of particlePypest = (Pybest, Pgbese: --» Pybestm -
The speed and individual position of particles among the

s : ; Analyse and compare the fitness value of the current
opulation is updated using equation$ @nd as ¥ ) . . .
Foll%ws- P g €q " ¢ ©) solution with the previous best solution giRsj. If

the new value for fitness is more effective, then assign
Vj(t) =wt.Vj(t — 1) + cr.random x (Pypestj— Pj(t))+ that value as the new gRest|
Ca.randony x (Ggpestj— Pj(t
2 M < (Ggoestj— Pi )()4) + Repeat above steps for the entire particles and record
the global best solution 'Gstj among the population

The general procedure behind particle swarm
optimization algorithm is as follows:

The dimension of the patrticle is initialized to size of
ready tasks afg,to,t3,...th € T

Calculate the fitness value of the particles initialized in
the search space

Pi(t) = pi(t—1)+Vj(t) ®) . calculate and update velocity jVand position 'p’ of
where: the entire particles using equatiof) @nd 6)
V() Speed particle i’ at time t
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x Continue with step 3 until termination criteria or the e Use particle swarm optimization to revise the new
maximum number of iterations taken in to accountis  value for velocity and position of the particles which
not reached has worst fitness value.

e Update velocity '\j’ and position 'g’ of the entire
particles using equatiod) and 6).
4.1 The hybrid PSO algorithm (GA-PSO) Evaluate and find the fitness value for the population

. . . and record this as the current and global best value.
Genetic Algorithm (GA) is a search based procedure that ! ) 9 val

belongs to a class of evolutionary mechanism which useg
the concept of genetics and natural selection. This
algorithm starts up with a group of individuals which are
randomly generated. After the initial population is
produced at the end of each and every iteration i.e.,

generation, a new population is generated by applying . .
set of operators like mutation, selection anda‘5 Experimental evaluation

recombination. This section presents the simulation and analysis results o

The hybrid procedure that'combines PSO with GA, 4 manufacturing problem in casting industry using cloud
executes both the systems simultaneously at the samg.i-onment.

time and identifies a set of individuals i from each of the
systems after 'n’ iterations3Q]. The individual particle
which has the largest fithess value has the be
opportunity of being selected.

The procedure of hybrid GA-PSO is as follows:

Repeat the steps 3 to 4 until the stopping criteria or the
end if iteration is reached.

A case study on a casting industry was considered
during the simulation process. According to the statistica
ST’eport given by The Institute of Indian Foundryman, there

are more than five thousand casting industries. So when
considering countries other than India, the numbers are
o Initialize the population in a 'N’ dimensional problem (00 high. Among these nearly 80% are Small and
space. Medium scale Enterprises (SMEs). When casting a
component, the tasks has to be completed by using
e Find the value of fitness for the entire particles anddifferent industries that may be located in different
rank them based on the evaluation. countries. When .con3|der|ng th.IS factor, based on
customer view point if the selection of task holder is

e Apply the stochastic operators of genetic algorithm inefficient, cost and time to complete the process may

like crossover and mutation to create new particles. Ncréase. In producer view point, raw materials and time

will be wasted in a tremendous amount due to lack of

e Use the concept of selection to select the particlesdSign, simulation knowledge and facilities. To minimize

according to their fitness. these difficulties, a platform that combines these

industries can be created using cloud technology which

e Apply crossover to update the particles position bywnl guide the end users in selectlng.optlmal resources
using equation@). across multiple sectors for task execution.

A four stroke petrol engine block casting is selected
as a case study for this investigation. In order to improve
performance at less weight and density, A319 and A356

= Urand(0,1)pi 4 (1 — Uyana(0, 1)) py 6 aluminium alloys were selected. The material tensile
Pi rand (0, 1)Pj +( rand(0- )Py (6) strength ranges from 178 to 215MPa and its surface

where roughness is constrained to be not more than 1 to 1.5 m.
p; Position of the " particle The hardness of the die component should be 100 to 130
Urang Uniformly distributed random number that HB and the casting temperature is set around 660. By
takes value between [0,1] taking the above factors for consideration, the processing
Apply 20% of mutation probability to update the time required for experimentation has been simulated at
particles position as indicated in the equati@j ( different scales of production.
This investigation takes in to account, a set of
_ manufacturing tasks like design of casting section,

P« = P+ randomx N(0, 1) ™ simulation, process and methods involved, secondary
where operations, finishing operation and quality check during
px Updated particle position the simulation process. The design process can be done
N Gaussian distributed random number that takesthrough either Pro-E, Solid works or Catia, simulation
value between [0,1] process can be carried out using either Flow 3D, Magma,

Solid flow or E-foundry, process and methods for casting
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can be either sand or die casting, secondary operationthe approximation on time, cost, quality and bandwidth of
include several super finishing operations, finishingexecuting the tasks on the resources.
operations may include plating or painting and quality = By considering the above input values, the optimal
check may be carried out by either X-Ray or Ultra Sound.sequence represented in Table 2 is formulated where
The resources used for the simulation process ar€€MSN represent the cloud manufacturing service nodes.
geographically scattered and the tasks are allowed tdhis sequence provides better effort distribution, reseur
select resources based on their resource requirement.  utilization and it also maximizes efficiency, productivity
and will have effective machine utilization rate.

5.1 Parameter Settlng Table 2: Resource Allocation to Tasks

. . . . . . . Optimal Resour ce Selection No of Iterations
Simulation was carried out using CloudSim toolkit which CMSNzp— CMSNps— CMSNgs 600
can effectively run on Linux and Windows systen®d,[ CMSNy; — CMSNss— CMSNe»

32,33]. The resource cost and the computation time of
different jobs were taken from several input files for
carrying out the simulation process.The same initial
population is generated for both the algorithms in order to
make a fair comparison. The control parameters used 5.2 Computation of execution time by varying
PSO are the inertia weight 'wt’ and the two constants ¢ workload

and ¢. The parameters used for GA are, mutation and

crossover probability which should be properly assignedThe workflow analysis and experimentation were carried
to improve performance. The initial parameters depictedout by varying the number of tasks which can also be

during experimentation process is represented in Table 1.called as cloudlets. For the simulation process, 16
resources related to casting of petrol engine block are

taken for consideration. The casting workload is varied as
5, 10, 15, 20, 25, 30 and the virtual machines are set to 10

Table 1: Initial input parameters and 20 to obtain the computation result.
Parameters PSO GA-PSO The comparison results of PSO and GA-PSO is shown
Particle 2-10 2-10 in Figure 2.
Dimension
Weight Decreases linearly 0.5 +1/2.0,
Inertia, wt from 0.9t0 0.4 whererisa
random number ::_
within [0,1] e )
which is E o] % |
uniformly distribute E. e = - . il
Acceleration constants, 2.0 2.0 g2 o7 e
ciandg 5 osd e .
Mutation - 0.6 § e 2= ]
probability Zf E
Crossover ; 05 AR B T A A A
probability Number of tasks
No of Varying from Varying from
iterations 100-800 100-800 Fig. 2: Impact of Execution time when VM10, runs= 200
No of VM 1020 1020
No of Data 5 5
Centers When the number of virtual machines are increased,
Physica| hosts Ranges between Ranges between exeCUtlon t|me Of jObS have been m|n|m|zed Th|S |S due
Dimension 26 26 to the availability of more resources to service the task
Bandwidth | 1000 kilobits| 1000 kilobits requirement. Also, GA-PSO algorithm outperforms the
Dimension per sec per sec classical PSO approach in makespan computation. The
Transfer Cost 7.331029.33$| 7.33t0 29.33% variation in execution time when increasing the number
per GB of virtual resources is shown in Figure 3.
Memory 204800mb 204800mb Thus the computational time of manufacturing task

decreases due to the increase in virtual processing
resources. The usage of improved GA-PSO algorithm is
Based on the task requirement, the input values takemfficient when considering execution time than the
for simulation process is shown in Table 1. This representlassical PSO approach.
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10

— jobs are able to complete their processing within a

o et | ] minimum makespan which is depicted in Figure 5.
E 0.7 o =
8 06
é 05 ./.’_7‘_,4- .
e S ;
% 03| - . '/',.-/
0.1 :/

00

Number of tasks

Fig. 3: Impact of Execution time when VM20, runs= 200

50 100 150 200 =250 300 350 400 450 SO0 S50 600
Number of Runs

Fig. 5: Effect of makespan on the number of runs

5.3 Impact of load balance on resource
utilization

When considering balancing of workload on the 5.5 Impact of cost by varying the workload size
resources, the performance of workload distribution

increases when considering resource without loadyhen the number of jobs submitted to cloud is more,
balance. Hence when allocating resources to the casting,enally cost of computation increases due to the fact

tasks, if the data centers are balanced with theify, r more work has to be performed on limited resources.
computation workload the performance of the overall

system and the response time of jobs will be optimal. ¢ — Z(Cexe(i,j)+Ctrans(j,K))f0r alli, j, ke N (8)

Figure 4 represents the improvement in performance n
when workload is evenly distributed across resources
scattered across the computing nodes. where

Ct Total cost of execution

Cexdi,j) Cost of executing task 'iTon resource 'R’
Cirans(j,K)  Migration or transfer cost if the requested
resource is not available at the specified site.

[N GA-PSO without BN GA-PSO vwith SN PSO without BN PSO with |

When a resource is needed by a casting task, a search
process is started to find a computing node that has the
required resource. If the computing node that is nearest is
overloaded, then rather than making the task to wait for a

T P W B e P e i long time, the task can be transferred to the next available

computing node. This in turn adds the migration or

Fig. 4 Resource Utilization rate using PSO and GA-PSO with transfer cost on the total cost. The total computation cost

and without load balance consideration is calculated for this investigation by varying the
workload size among 16 resources. The virtual computing
nodes are initialized for the experimental purpose and the

When data centers are not heavily loaded and if thecost of the work flow is simulated as shown in Figure 6.

workload is evenly distributed between the resource

providers performance of the overall system can be

improved. In this work when considering this factor, § Conclusion

GA-PSO algorithm performs well than PSO when

workload is evenly distributed. This work is based on implementation of cloud based
manufacturing model towards casting of cylinder blocks
in small and medium scale enterprises by considering ten
5.4 Impact of makespan on different runs tasks and eighteen resources. Particle Swarm
Optimization (PSO) and Genetic Algorithm combined
When the algorithm passes through several runs, thevith PSO (GA-PSO) was used for analysis and
particle position is optimal during the solution update experimentation. Based on the experimentation on casting
process. Due to this optimal solution, makespan isof petrol engine block, when stochastic genetic operators
reduced when the number of iteration to reach theare used along with particle swarm optimization, due to
termination criteria for the algorithm increases. Thus theglobal optimal convergence it provides effective results.

Utiization rate (%)
qa SEABEA RS

(@© 2017 NSP
Natural Sciences Publishing Cor.



Appl. Math. Inf. Sci.11, No. 2, 565-572 (2017)www.naturalspublishing.com/Journals.asp NS = 571

11000 . . : : [10] J.Q Li and Q.K Pan, Solving the large-scale hybrid flow
10000 [F=—Fs0 | - shop scheduling problem with limited buffers by a hybrid
9000 7 e i artificial bee colony algorithm, Journal of Information

g 1 @ e j Sciences16, 487-502 (2015).

g ool N [11] Y.G Li and J.P Peng, An improved bat algorithm and its

§ . /./" - d application in multiple UCAV, Applied Mechanics and

g 4000 ] L Materials442, 282-286 (2014).

3000 - [12] J.F Yu, Y. Li, H.S Yuand and Q.A Shen, A Cloud

200 ] Manufacturing Resource Allocation Model Based on

s A P » e = c0 Ant Colony Optimization Algorithm, Journal of Grid
BUHGbE STt Distribution Computing3, 55-66 (2015).

[13] Moise W. Convolbo and Jerry Chou, Cost-aware DAG
scheduling algorithms for minimizing execution cost on
cloud resources, The Journal of Supercompufiag985-
1012 (2016)

I114] A. Ehab Nabiel, S. Lee and Rehman Khan, Cost-aware
challenges for workflow scheduling approaches in cloud

Fig. 6. Computation cost on casting workload

The experimental results show that, GA-PSO is bette
than the classical PSO algorithm in terms of makespan,  computing environments: Taxonomy and opportunities,
computation cost and resource utilization rate. This  Fyture Generation Computer Systéf 03-21 (2015).
investigation would enable the consumers on selectingi5] R. Zhang, A particle swarm optimization algorithm base

resources in a fair way from different geographical on local perturbations for the job shop scheduling problem,
locations with reduced execution time which in turn International Journal of Advancements in Computing
minimizes the cost of production. Technology3, 256-264 (2011).

[16] B. Shen, D.J Qui, L.Q Fanand and H. Meier, Collaborative
engineering supporting technology for manufacturing in
SOA, Computer Integrated Manufacturing Systdms376-

References 881 (2011).

[171 B.H Li,Further discussion on cloud manufacturing,
Computer Integrated Manufacturing Systefits 449-457
(2011).

[18] D.C Zhan, X.B.Zhao and S.Q Wang, Cloud manufacturing
service platform for group enterprises oriented to

[1] X. Xu, From cloud computing to cloud manufacturing,
Robotics and computer-integrated manufactufB8g75-86
(2012).

[21B.H Li, L. Zhang, S.L Wang, F. Tao, JW Cao, X.D
Jiang, X. Spngan_d and X.D Shai, Cloud man_ufacturlng: manufacturing and management, Computer Integrated
a new service-oriented networked manufacturing model,

. Manufacturing Systems7, 487-494 (2011).
é%rl]g)uter Integrated Manufacturing Systend$, 1-7 119137 Fu, An efficient resource-searching method in

) . manufacturing grid, The International Journal of Advanced
[3] W. Dazhong, J.G Matthew, W. David, Rosen and Dirk Manufacturing Technolog§6, 401-405 (2013).

Schaefer, Cloud manufacturing: Strategic vision and state [20] P.Kumar and A. Verma, Independent Task Scheduling
of-the-art, Journal of Manufacturing Syste3® 564-576 in Cloud Computing by Improved Genetic Algorithm,

(2013). . o International Journal of Advanced Research in Computer
[4] S. Bansal and M. Darbari, M. Multi objective intelligent Science and Software Engineeriagl11-114 (2012).

manufacturing system for multi machine scheduling, [21] X. Xu,Dynamic resource provisioning in cloud compugfin

International Journal of Advanced Computer Science and A randomized auction approach, IEEE Conference on

Applications3, 102-105 (2013). . . Computer Communications (INFOCOM 2014) 433-441
[5]A. Al-maamari and F. Omara, Task Scheduling using (2014).

Hybrid Algorithm in Cloud Computing Environments, [22]L. Zhang, Y.L Luo, W.H Fan, F. Taoand and L. Ren,
IOSR Journal of Computer Engineering (IOSR-JQE)96- Analyses of cloud manufacturing and related advanced

106 (2015). manufacturing models, Computer Integrated Manufacturing
[6] G. Zhao, Cost-Aware Scheduling Algorithm Based on PSO Systemsl7, 458-465 (2011).

in Cloud Computing Environment, International Journal of [23] C. Luo, J. Zhan, Z. Jia, L. Wang, G. Lu, L. Zhang, Zhong

Grid and Distributed Computing, 33-42 (2014). Xu and N. Sun, Cloud Rank-D: benchmarking and ranking
[7] X. Wang, C.S Yeo, R. Buyya and J. Su, Optimizing the cloud computing systems for data processing applications,

makespan and reliability for workflow applications with Frontiers of Computer Scien€e 347-362 (2012).

reputation and a look-ahead genetic algorithm, Future[24] C. Song, X. Liu, W. Wang and X. Bai, A hybrid particle

Generation Computer Syster®s, 1124-1134 (2011). swarm optimization algorithm for job-shop scheduling
[8] X. Shengjun, L. Xiaolong and C. Jingyi, An ACO-LB problem, International Journal of Advancements in

Algorithm for Task Scheduling in the Cloud Environment, Computing Technolog®, 79-88 (2011).

Journal of Softwar®, 466-473 (20114). [25] K. Zhu, H. Song, L. Liu, J. Gao and G. Cheng, Hybrid

[9] J.T Tsong, C.F Jia and H.C Jyh, Optimized task scheduling Genetic Algorithm for Cloud Computing Applications,
and resource allocation on cloud computing environment Proceedings of the IEEE International Conference on Asia-

using improved differential evolution algorithm, Compste Pacific Services Computing Conference, Korea, 182-187
& Operations ResearatD, 123045-3055(2013). (2011).

(@© 2017 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

572 %N S F’)\ N. C. Brintha et al: A Bio-inspired Hybrid Computation for..

[26] X. Shi, Y.H Lu, C.G Zhou, H.P Lee, W.Z Lin and Y.C Liang, Shajulin Benedict
Hybrid Evolutionary Algorithms Based on PSO and GA, graduated in 2001 from
Evolutionary Computingt, 2393-2399 (2003). Manonmaniam  Sunderanar

[27] H.B Li, Approach to multi-granularity resource comga University, India, with
based on workflow in cloud manufacturing, Computer Distinction. In 2004,
Integrated Manufacturing Systerti8, 210-216 (2013). he received M.E Degree in

[28] P. Centobelli, G. Converso, T. Murino and L.C. Santillo Digital Communication and
Flow shop scheduling algorithm to optimize warehouse Computer Networking from
activities, International Journal of Industrial Enginegr AK.C.E, Anna University,

Compu.ta.tioni 49-66 (2016) ) . - Chennai. He is the University
[29] E. Pacini, C Mateos and C. Garcia G_arlno,.D|str|buted second rank holder for his masters. He did his Ph.D
job scheduling based on Swarm Intelligence: A survey, dearee in the area of Grid heduli der A

Computers and Electrical Engineeriag, 252-269 (2014). gree | . Id_scheduling uncer Anna
[30] C.F Juang, A hybrid of genetic algorithm and particlesmw University, Chennal. He was aﬁlllated towards the same
optimization for recurrent network design, Systems, Man 9rOUP and publlsheq More papers in Int. JF’Uf”a'S- After
and Cybernetics, Part B, IEEE Transacti®s 997-1006  his Ph.D award, he joined a research team in Germany to
(2004). pursue Post D_octorate under the guidance of Prof. Gerndt.
[31] R. Calheiros, R. Ranjan, A. Beloglazov, C. Rose and R.Currently, he is a Professor at SXCCE Research Centre
Buyya, CloudSim: A Toolkit for Modeling and Simulation Of Anna University-Chennai and he is heading the
of Cloud Computing Environments and Evaluation of HPCCLoud Research Laboratory which was established
Resource Provisioning Algorithms., Software: Practicé an by him at his workplace. He is also a Guest Scientist in
Experience (SPH1, 23-50 (2011). TUM, Germany. His research interests include Grid
[32] M.R Resmi and E. Arun, Foreground Segmentation for Live scheduling, Performance Analysis of parallel application
Videos by Texture Features, DJ Journal of Excellence in(including exa-scale), Cloud Computing, and so forth.
Computer Science and Engineeri2g1-9 (2016).
[33] R. Sri Siva and B. Balachitra, Optimization of Machigin
Parameters using Scatter Search Algorithm, Journal of
Advances in Mechanical Engineering and Scie2c4,1-18

(2016). J. T. Winowlin

Jappes graduated in
1997 from Manonmaniam
Sunderanar University, India
in Mechanical Engineering.
In 1999, he has completed
his masters in Production
Engineering from Annamalai

N. C. Brintha was
born in Nagercoil, India,
in  1981. She received
the B.E. degree in Computer
Science and engineering from ¢ :
Manonmaniam  Sunderanar University. He ~completed
University, India in 2002 his Ph.D degree in 2004 in the
and she received M.E Degree _ , area of Composite Deposition
with distinction in Computer ~ at Indian Institute of Technology Madras, Chennai. He
Science and Engineering Nas completed three DST funded research projects and
from A.K.C.E, Anna University, Chennai. She is pursuing Published more than 125 research articles which includes
her P.hd degree in Anna University, Chennai under theb> International Journal papers. Currently, he is working
guidance of Dr.Shajulin Benedict. Currently, she is @S Senior Professor in Kalasalingam University, India. His
working as Associate professor in Kalasalingam Instituter®Search interests includes High performance composite
of Technology, India. Her research interests includeMaterials, machining of hard materials, optimization

Cloud computing, Optimization, Scheduling, Cloud techniques, etc. At present, he is working as Professor
Manufacturing and so forth. and Head, Department of Mechanical Engineering,

Kalasalingam University, Tamilnadu, INDIA.

(@© 2017 NSP
Natural Sciences Publishing Cor.



	Introduction
	Related works
	Resource allocation model used in cloud manufacturing
	Task scheduling using PSO and GA-PSO
	Experimental evaluation
	Conclusion

