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Abstract 

Lot of scientific problems in various domains from modelling sky as 

mosaics to understand Genome sequencing in biological applications are modelled as 

workflows with large number of interconnected tasks. Particle Swarm Optimization 

(PSO) based metaheuristics are currently used to address many optimization 

problems as they are simple to implement and able to produce quickly optimal or sub-

optimal solutions based on learning capabilities.  Even though many works are cited 

in the literature on workflow scheduling, most of the existing works are focused on 

reducing the makespan alone. Moreover, energy efficiency is considered only in few 

works included in the literature. Constraints about the dynamic workload allocation 

are not introduced in the existing systems. Moreover, the optimization techniques 

used in the existing systems have improved the QoS with little scalability in the cloud 

environment since they consider only the infrastructure as the service model.In this 

work a new algorithm has been proposed based on the proposal of a new Multi-

Objective Optimization model called F-NSPSO using NSPSO Meta-Heuristics. This 

method allows the user to choose a suitable configuration dynamically. An average 

of above 15% in the energy reduction for the proposed system over simple DVFS was 

achieved for all types of workflow applications with different dimensions. Similarly 

when compared to NSPSO an energy reduction of at least 10% has been observed for 

F-NSPSO for all three types of workflow applications. Compared to NSPSO 



algorithm F-NSPSO algorithm shows at least 13% ,12% and 21% improvement in 

average makespan for Montage, Cybershake and Epigenomics workflow applications 

respectively.  

 

 

Keywords: Scientific Workflows, Cloud Computing, Fuzzy Rules,Particle Swarm 

Optimization, Energy efficiency and makespan 

 

I. Introduction 

Cloud computing has revolutionized the Information and Communication 

Technology (ICT) field by proving dynamic and highly scalable resources on-demand 

to clients on a pay as per resource usage. It helps to reduce the high up-front 

investment cost for infrastructure and the maintenance and upgrade costs by allowing 

the organization to either outsource its computational needs or by building a private 

cloud data centre. Different fields of computing like grid, distributed cluster, and 

cloud aim at providing the computational power as a utility to many end users. Lot of 

scientific problems in various domains from modelling sky as mosaics to understand 

Genome sequencing in biological applications are modelled as workflows with large 

number of interconnected tasks. Scientific community is showing increasing interest 

in adopting the cloud platform for deploying workflow applications in because of its 

attractive features like dynamic resource provisioning, heterogeneous resources, pay 

for usage of resource and flexible billing models.In a white paper by Delforge & 

Whitney(2014),the authors have reported that energy consumption by IT equipments 

is very high and they contribute to overall 40 % of the energy consumption. In another 

survey(Sareh,2016) it is reported that cloud data centers contribute to 3% of the global 

energy consumption and it is expected to rise in future. The major resources for 

energy consumption in cloud data centers are servers,networking devices, memory, 

storage devices and other cooling equipments. Also, improper use of resources by the 

application also contributes to the  high energy consumption by the cloud data centers. 

High energy consumption by the data centers will lead to the high maintenance cost 

for the cloud service providers, hence for the cloud service providers it is very 

important to minimize the energy consumption and at the same time satisfy the SLA 

parameters such as deadline and budget constraints of the users. 



 

 
A.Features of Scientific workflow 

 Scientific Workflow application contains thousands of  interconnected tasks with input and 

output data dependence among the tasks. These applications are  mathematically modelled 

using Directed Acyclic Graphs (DAG) with vertices representing tasks of the application and 

edges depict the dependency between the tasks. Figure 1.1a shows DAG representation for an 

example workflow application. The numeric value associated with each vertex is the task 

execution time. Numeric value associated with an edge is the size of data transfer between two 

tasks. Starting and end of a graph is indicated with  two special tasks Tentry and Texit are inserted 

as pseudo tasks in the workflow.  

 

Figure 1.1 (a) and (b)DAG  and matrix representation  of example workflow application 

The dependencies of the DAG are stored in data structures such as 2 dimensional matrices to 

capture the dependencies and to  store the data transfers. Figure 1.1b shows the matrix 

representation for the example workflow application given in Figure 1.1a. 

II. Literature Survey 

Efficient scheduling of workflows is with advanced optimization techniques was done  by 

applying new methods using Direct Acyclic Graphs (DAGs) which perform the scheduling 

operations in parallel using distributed systems.  In general for any application execution 

resource management and scheduling in cloud platform is very complex and many 

authors have carried out their research work in this area. Figure 2.1 shows the Google trends 

graph for the research interest on the search term "Task scheduling in cloud computing" 



 

 
 

Figure 2.1: Google Trends Graph for search term Task Scheduling in Cloud 

Computing 
 

Well established methods for optimizing workflows in distributed heterogeneous systems are 

available (Yu et al.,2008; Dong & Selim,2006) however they cannot be directly ported to 

cloud because of the unique characteristics of cloud like dynamic provisioning and innovative 

pricing models (Abrishami et al., 2013). These features add additional dimensions to the 

scientific computing in cloud platform. Further, scheduling jobs in a cloud resource is more 

complex than that of grid scheduling and involves additional variables in Service Level 

Agreements (SLA), policies that have to be maintained between the cloud resource provider 

and the user. Though cloud uses pay-per-use model to charge the customers on their resource 

usage, it rounds the resource usage to the next hour. This will make the customers pay for 

resources that were not actually, consumed by them. These criteria make cloud usage for 

scientific  workload a little more complicated. 

Several research works have been carried out for improving energy efficiency in cloud 

platform. This problem has been addressed by using techniques like task consolidation  

(Ferdaus et al. 2014), virtual machine consolidation (Lee et al. 2012;Mohanapriya et 

al.2018) have addressed energy efficiency issue by choosing VM with minimal energy 

consumption and also the authors use VM consolidation with double threshold scheme. 

Some works use heuristics based optimization towards minimizing both cost and energy 

consumption (Li.Z et al.2015; Pietri & Sakellariou 2014;Tang et al.2016) have proposed 

Dynamic Voltage Frequency Scaling(DVFS) based heuristic to minimize energy 

consumption in which the algorithm first finds the total makespan of running the 

application using HEFT. Then the processors are sorted based on their utilization. And 

all the underutilized processors are shut down and then the tasks are redistributed in the 

remaining processors and finally DVFS is applied to run the tasks using the low 



frequency in the idle slots. Yassa et al.(2013a) have proposed multi-objective discrete 

particle swarm optimization to minimize the conflicting objectives energy consumption, 

makespan and cost. The authors use DVFS technique to control the processor voltage 

level for running the task at various voltage levels. Based on the requirement, the host 

machine voltage level supply is changed dynamically. Most of the above mentioned 

works use DVFS technique to adjust the frequency and voltage of the resources to 

minimize the energy consumption (Wang et al. 2010). However, reduction in voltage 

may not always ensure reduction in energy consumption, because running the 

application with less frequency may lead to the increase in the makespan of the 

workflow and hence it may result in more energy consumption. Durillo et al.(2012) use 

multi-objective list based optimization to improve the energy consumption and 

makespan for workflow scheduling in cloud. 

 
In this work the problem of optimizing makespan and energy consumption  for workflow 

application is addressed using high performing Pareto based Non-dominating sorting 

PSO(NSPSO),which can generate all the possible combinations of resource and task 

pair by considering all the types, billing model and granularity of resources. The 

fitness function in the proposed work considers makespan, energy consumption and 

paid idle  time of the resources. Also, there are multiple solutions which are good in 

different aspects, so in order to decide quickly the resource, task pair which is suitable 

for given user preferences fuzzy based decision selection is included in the NSPSO 

fitness function. 

 
Cloud platform comprises of different types of resources with different billing options. 

To perform efficient workflow scheduling, all the resource and task combinations 

have to be checked which results in large solution search space. In order to satisfy 

both cloud provider and scientific user requirements, a high performing multi-

objective optimization algorithm which generates all the quality solutions is required. 

As the set of quality 

 



 

solutions is huge for large scale applications, hence an efficient fuzzy mechanism is 

needed which analyses these solutions quickly based on the users requirement. 

3.Background 

In this section basic concepts about multi-objective optimization is 

presented.Currently to solve many practical problems  metaheuristic techniques have 

become  more  popular .These algorithms promise to be  less cost and easy to 

understand and implement many real time applications which have multi-objective 

constraint. [13]  

Traditional approach for solving multi-objective optimization was done by converting 

the problem into single objective optimization and it is known apriori approach. 

Weighted sum approach is one of the popular algorithm from apriori methods. 

Advantage of weighted sum approach is that it is simple and less calculations are 

needed to get the solution. However, the  main drawback is that weighted approach 

provides only a single solution and hence trade-off analysis cannot be performed. Also, 

it is very important to apply proper weight values based on the user preferences and a 

small deviation in the weight value will result in different solutions. To overcome these 

draw backs, most of the multi-objective optimization problems are solved using 

Pareto-optimal set which is generated by using Pareto-dominance relation. Pareto 

dominance relation is used for  determining which optimal solution is better. In Pareto 

dominance relation  instead of obtaining a single optimal solution, it emphasizes 

finding a set of alternatives with different trade-off values among the objectives. These 

solutions are called Pareto optimal solutions or non-dominated solutions.  

3.1. Basic concepts of multi-objective optimization : 

Most of the engineering problems currently use Multi-objective optimization which 

refers to the optimization with more than one objective (criterion) function . 

This is modelled as  [30,31]: 

Definition 1:Multi-objective optimization 

 Minimize : X(z) = [x1(z), x2(z), . . ., xn(z)]     (3.1)  

Subject to: yi(z) ≥ 0, i = 1, 2, . . ., m      (3.2)  

 wi(z) = 0, i = 1, 2, . . ., p       (3.3)  

where z = [z1, z2, . . ., zk] ,T is the vector of decision variables, m is the number of 

inequality constraints, p is the number of equality constraints, yi is the ith inequality 

constraints, wi is the ith equality constraints, and obj is the number of objective 



functions fi : Robj → R. 

The major challenge  in multi-objective optimization is relational operators cannot be 

used for comparing the solutions in the search space and special operators called pareto 

dominance is used for comparing the solutions in the search space of multi-objective 

optimization problem[16,17,18] 

3.1.1 Pareto Optimal Solutions 

Pareto optimal set denotes the notion of solution dominance in multi-objective 

optimization problems. A solution X is considered to dominate another solution Y, if  

X is better than Y in at least one of the objectives and better than or equal to in other 

objectives.  

Definition 2:Pareto-Optimal Set 

Formally, Pareto optimality is defined as, a solution x α ∈ 𝑋 is Pareto optimal if there 

does not exist another solution  x∈ 𝑋such that𝑓(𝑥) ≺ 𝑝𝑎𝑟𝑒𝑡𝑜𝑓(𝑥𝛼 ) 
 Pareto optimal set is defined as follows 

 𝑃∗ = {𝑥 ∈ X | ∄𝑦 ∈ 𝑋: 𝑓(𝑦) ≼ 𝑓(𝑥)}    (3.4) 

Definition3:Pareto-front 

 Pareto front  is set of all Pareto optimal points defined as 

 𝑃𝐹∗ = {𝑓(𝑥) = {𝑓1(𝑥),… . . 𝑓𝑘(𝑥)|x ∈ 𝑃∗}}          (3.5) 

   

3.1.2 Non-Dominated Sorting PSO 

The main goal of multi-objective optimization problem is finding as many solutions 

as possible which are close to the Pareto-front. Figure 3.1, shows an example for Non-

dominated Sorting technique in which three fronts, namely first front, second front and 

third front are considered.  

 

Figure 3.1 Example for Non-dominated Sorting 

  



Basic PSO cannot be used for identifying such solutions as it is designed to obtain 

single global best solution. MOPSO introduces a large number of techniques for 

creating selection pressure on particles to move towards true Pareto front. One such 

technique called the Non-dominated sorting PSO is adapted in this work.  Basic 

PSO is extended in NSPSO by incorporating effective comparison between each 

particle's local best and its offspring.  NSPSO method overcomes the drawback of the 

basic PSO by increasing the resource sharing among particles and its offspring  (Li  

2003). Here, N initial particles are combined with its offspring to create a temporary 

population of 2N. Amongst these 2N particles, the solutions are compared with the 

operators used in NSGA-II (Non-dominated Sorting Genetic Algorithm) for finding 

non-dominating solutions. Unlike basic PSO, NSPSO compares all particles’ personal 

bests and offspring of all other particles in the entire population to provide an 

appropriate selection procedure to push the swarm particles towards the true Pareto 

optimal front. This helps to identify a large number of non-dominating solutions. 

  In basic  PSO, at each generation t, comparison between  particle and its offspring 

is done which leads to losing some important non-dominating solutions. 

 Let P1tandP2trepresent two particles considered in PSO algorithm at time instant t 

and F(P1t) and F(P2t) represent the evaluation of fitness values for particles P1 and 

P2.F(X1t+1 ) and  F(X2t+1 ) represent fitness values for P1 and P2 at time instant t+1. In 

basic PSO, the comparison is performed between particle and its offspring. For 

example in this scenario, the basic PSO makes the comparison between only F(P1t) and 

its offspringF(X1t+1 ),similarly between F(P2t) and its offspringF(X2t+1 ). This results in 

losing some of the valuable non-dominated solutions. This drawback is overcome in 

NSPSO by comparing each particle with all the offspring resulting in comparison of 

2N particles. Considering the above example, if NSPSO is applied, then comparison 

is done between all the four particles and it helps in retaining useful non-dominating 

solutions. 

 NSPSO uses the concept of non-dominated Sorting from NSGA-II to sort the 

entire population into different non-dominating levels. Non-dominated sorting 

arranges the population such that the first front consists of population which are non-

dominated solutions and the second front contains solutions which are dominated by 

the solutions of the first front only. Similarly, the solutions in the third front are 

dominated by the solutions of first and second and so on. A fitness value of one is 

assigned to the solutions of the first front, 2 for solutions of second front and so on. 



Finally, the NSPSO generates large solutions for large scale scientific applications 

with different cloud resource configurations and for scientific users  choosing  the 

desired optimal solution will be difficult. This problem has been overcome in this 

proposed work by applying fuzzy rules with the triangular membership function 

defined in Equation (5.3) for a lower limit l, upper limit u and a value m which lies 

between a and b.  

𝜇𝐴(𝑥) = {  
  0 𝑥 ≤ 𝑙𝑥 − 𝑙,𝑚 − 𝑙 𝑙 < 𝑥 ≤ 𝑚𝑢 − 𝑥𝑢 − 𝑚 𝑚 < 𝑥 < 𝑢0, 𝑥 ≥ 𝑏

                                                                        (3.6) 
 The basic PSO produces fast convergence which reduces the diversity of the 

swarm. In NSPSO, diversity of the solutions is maintained by using the concept of 

niching or crowding distance calculation. In the proposed system, Niche count is used 

to maintain the diversity in population.  

Niche Count Calculation: Niche count of a particle Pi indicates closeness of the 

particle to its neighbourhood (Fernandez et al.  2000). It is calculated dynamically 

using Euclidean distance as given in Equation (3.7) σshare = u2−l2+u1−l1N−1        (3.7) 

 In the Equation (3.7), ui and li represent upper and lower bounds of the objectives 

and N indicates swarm size. A solution with less niche count indicates less crowding 

and they are considered as a good solution. The existing NSPSO algorithm uses the 

computation of Niche count for providing better solutions.  

 

4.PROPOSED SYSTEM 

 
A new Multi-Objective Optimization model using F-NSPSO Meta-Heuristics is 

proposed in this work. Here, the unbounded resources with different resource types and 

payment methods have been considered which leads to a huge solution space for the task to 

resource mapping in cloud platform. This makes it difficult for the scientists to choose 

suitable resource configurations from the set of available solutions. Therefore, a novel 

multi- objective optimization techniques has been proposed in this work using Non-

dominating sorting operations and Particle Swarm optimization which enhances the quality 

of schedules by comparing all the possible solutions 



In this work the problem of optimizing makespan and energy consumption for 

workflow application is addressed using high performing Pareto based Non-dominating 

sorting PSO(NSPSO),which can generate all the possible combinations of resource and task 

pair by considering all the types, billing model and granularity of resources. The fitness 

function in the proposed work considers makespan and energy consumption Also, there are 

multiple solutions which are good in different aspects, so in order to decide quickly the 

resource, task pair which is suitable for given user preferences fuzzy based decision 

selection is included in the NSPSO fitness function. 

 

NSPSO algorithm has been used by Subashini et al.(2011) to minimize flow time 

and makespan for scheduling set of independent tasks in distributed heterogeneous 

environment. In their work, the authors claim that the NSPSO generated quality solutions 

over W-MOPSO. In the proposed work NSPSO is used to generate pareto-fronts for 

workflow scheduling problem in cloud platform. Garg& Singh (2011) have used NSPSO 

meta- heuristic for workflow scheduling in grid platform. The authors in their work have 

used NSPSO to generate Pareto-fronts with minimization objective of makespan and cost. 

However, the proposed work differs from the above mentioned work by considering all the 

characteristics of the resources in the cloud platform during fitness evaluation. Also, in the 

proposed work NSPSO is extended with fuzzy rules for selecting solutions quickly based 

on user preferences during fitness function evaluation. 

 
The main Objectives of the proposed system are  

 
1. Formulating scheduling of workflow tasks [WT1,WT2,...,WTn] to 

resources[R1,R2,...,Rm] as a multi- objective optimization problem with the 

objective of minimizing makespan and  energy consumption  

2. Solving the above problem using Pareto and Fuzzy rule based NSPSO (F-

NSPSO) meta-heuristics. 

3. Providing a comparative analysis of the proposed F-NSPSO algorithm with 

Simple DVFS, and NSPSO algorithms 

.  

4.1 PROBLEM FORMULATION 



 

In this work, solution for workflow scheduling with an objective of 

minimizing energy consumption and makespan is proposed using highly efficient 

Fuzzy and Pareto based Metaheuristics called Non-dominated Sorting Particle Swarm 

Optimization (F-NSPSO). In the past, Pareto-fronts were used to represent the plot of 

the objective functions in scheduling problems whose non-dominated vectors are in 

the Pareto optimal set. In the multi-objective workflow scheduling problem with the 

conflicting objectives, one of the requirements for the scientists is that they would be 

interested in getting an optimal cloud configuration with best Virtual Machine (VM) 

properties, VM types and number of VMs required for achieving an optimal makespan 

and energy consumption. In the proposed work, a new F-NSPSO algorithm is 

proposed by extending the NSPSO algorithm in which Pareto- fronts are generated 

for scientific workflow applications for conflicting objectives like makespan and 

energy consumption where fuzzy rules are used for computing the fitness. Energy 

consumption  and makespan calculation for workflow applications in cloud platform 

is explained in the following section. 

 
4.1.1 Workflow Energy Consumption 

 
Energy consumption E(G) for running the workflow application G in a 

virtualized environment is directly proportional to the number of VMs required for 

running the application. Total energy consumption for executing a workflow 

application is given by 

 
Etotal(G) = Ecomputations(G) + Edatatransfer(G) (4.1) 

In the above equation Ecomputations (G) represents energy consumed for total 

computations of the workflow application which can be computed by finding the sum 

of the energy consumed by all the tasks running on all the VMs used. 

 
In the above equation Ecomputations (G) represents energy consumed for total 

computations of the workflow application which can be computed by finding the sum 

of the energy consumed by all the VMs used. Power consumption for executing the 

task on a VM depends on the power consumption model of the physical machine on 

which VM is running .In the proposed work, energy consumption for the data transfer 



S 

min 

is not addressed. Power consumption of a processor in VM consists of static and 

dynamic consumption (Beloglazov et al. 2011). As the static consumption is not of 

much significance, we consider only the dynamic part. Dynamic power consumption 

is computed using the following formula. 

Pdynamic = A × C  × Vjl× f2     (4.2) 

 

where A is the number of switches per clock cycle, C is the total capacitance load, 

Vjl is the supply voltage at level l on the processor j, and f is the operating frequency 

that operates the supply voltage at level l . The parameters A and C, which are device 

related constants, depend on each device capacity. The parameters v and f are 

proportional to the computation capacity of the processor and they operate in the range 

of [vmax, vmin] and [fmax, fmin] respectively. Thus the energy consumption of a task t i 

during its runtime is calculated as follows 

 
Edynamic = Pdynamic × tiexe—time (4.3) 

 
Above equation indicates that the energy consumed by a processor of a 

physical machine on which VM is running and it is computed as a product of 

power consumption and the total time required to execute the task ti . When the 

processor is in an idle state, it operates at vmin and fmin and the power consumption 

is computed using the following equation.  𝑃𝑖𝑑𝑙𝑒  = 𝐴 𝑋 𝐶 𝑋 𝑉𝑗𝑚𝑖𝑛  𝑥 𝑓𝑚𝑖𝑛2        (4.4) 

Energy consumption of the processor in an idle state with the time period 

t idle_time is calculated using the following formula 

 
 

Eidle = Pidle × t idle_time (4.5 ) 

 

The total energy consumption of tasks on VM depends on the energy 

consumption of the processor of a physical machines on which VM is running and it 

is defined below 

 



i=1 

Etotal(VM) = E dynamic + Eidle (4.6) 

 
Total power consumption by the workflow application is the sum of the 

power consumed by all VMs and calculated as follows 

Ecomputations (G) =Σn      
   E(VMi)      (4.7) 

 

 

4.1.2Workflow Makespan Calculation 

One more important performance measure for scientific workflow application is makespan 

which indicates the overall execution time of the workflow. Since workflows represents 

interdependent tasks ,hence the makespan model is developed using set of recurrence 

equations. WF_Taskstart_time(wti, rj) is calculated using equation 3.8 by choosing the maximum 

time between available task and ready task.Time for completing ready task depends on finish 

time and communication cost of task as shown in equation 3.9 

WF_Taskstart_time(wti, rj) =  { 0    for wti = wtentrymax { WF_TASKavail(rj) ,WTready(ti, rj)}for ti ≠ tentry…..(4.8) 

 𝑊𝐹_𝑇𝐴𝑆𝐾ready(wti, rj) = max {WF_TASKfinishtime(𝑤tk) +   𝑐𝑜𝑚𝑚_𝑐𝑜𝑠𝑡(𝑒𝑘,𝑖)           (4.9) 

where wtk ϵ Pred (wti), 

 WF_TASKfinish _ time  (wti,rj) represents the end time of task wti on resource rj which is calculated 

using  Equation (3.10). 

 WF_TASKfinish _ time (wti, rj) =        WF_TASKstart _ time (wti, rj) +WF_TASKexe _ time (wti, rj) + Datatransfer_time(wti, rj)        (4.10) 

 

Makespan of the workflow application is obtained by finding finish time of  task wtexit Makespan(G) =  WF_TASK finish−time(wtexit)  (4.11) 



 

 

4.2 PARETO-BASED WORKFLOW SCHEDULING USING F- NSPSO 

 
In the proposed work, non-dominated solutions generated by NSPSO 

workflow scheduling algorithm are used to construct the Pareto- fronts and fuzzy rules 

with a newly proposed fitness function being used to perform resource and schedule 

optimization. The resultant Pareto-fronts has been used in this work to provide an 

optimal configuration of cloud to the scientific users. Moreover, the proposed F-

NSPSO based multi-objective optimization is useful for workflow scheduling and the 

proposed model has been tested by applying the proposed algorithm on various 

scientific workflow applications with different sizes. In addition, the quality of the 

Fuzzy and Pareto-front generated from the proposed F-NSPSO has been tested using 

different Pareto-front analysis metrics and the newly proposed fitness function. 
 

4.2.1 Particle Encoding and Initialization 

 
The following steps are used to represent particles in the proposed F-

NSPSO based workflow scheduling problem. 

 
Step 1: Apply topological sorting algorithm to maintain task dependencies of the 

workflows. 

Step 2: Initialize the Virtual machine array VM [Id, VM Type, Available_ time] 

Step 3: Map the tasks in the sorted result to various instances for generating 

different particles 

 
Table 4.1 shows the sample particle encoding used in F-NSPSO for the 

tasks of example workflow application shown in figure 4.1 and VM details given 

Table 4.2 



 

 
Figure 4.1 Example workflow application used to illustrate F-NSPSO 

 

Table 4.1 Description of Virtual Machine Array 

 

 

ID Type Available_time 

VM1 Small 1 Hour 

VM2 Medium 50 minutes 

VM3 Small 3 Hour 

VM4 Large 2 Hour 

 

Table 4.2 Sample Particle representation for example workflow 

 

 

VM2 

[Medium, 

50] 

VM4 

[Large, 

120] 

VM2 

[Medium, 

30] 

VM1 

[Small, 

60] 

VM3 

[Small, 

180] 

VM3 

[Small, 

115] 

VM4 

[Large, 

80] 

Task P Task Q Task R Task S Task T Task U Task V 

 

4.2.2 F-NSPSO Algorithm 

 
As the proposed system is for workflow applications where the tasks have 



to be executed in a predefined order, the initial population is obtained by applying a 

list based HEFT algorithm. Algorithm 4.1 shows the steps used in performing 

workflow scheduling using F-NSPSO and the fitness function computation is given 

in Algorithm 4.2.  

 

Algorithm 4.1  F-NSPSO based workflow scheduling algorithm in cloud 

platform 

 

 Input: T: Set of tasks in workflow W; R: set of   VM  

Output: Set of non-dominated solutions for   workflow  

S-Swarm,N-Numberofparticles, Max_iteration-Number of iteration, 

p - particle ;count=0; 

PSOList  {} , Non_dom_PSOList  {}, p  {} 

1 Begin 

2 Initialization(W,R)               //Initial particle creation  

3 Fitness_Function(PSOList)  //Evaluate particles 

4 Non_dom_PSO_List Non_dominating_sort(PSOList) 

5 for each particle p  S do 

6      calculate p.niche_count 

7 end for(p.niche_count) 

8 Non_dominating_sort(Non_dom_PSO_List) 

9 for count <max_iterationsdo 

10      for each  particle p PSOListdo 

11 SelectGbest for p from a specified high part     (5%)  

12           calculate vt+1   andpt+1   // Calculate new velocity and position                                     

13 New_population = Pt+1 Pbestt 

14 end for (particle) 

15 Non_dominating_sort(New_population)  

    //size of the   population is twice of its  original 

16      for each particle p New_populationdo 

17           calculate p.niche_count 

18      end for(p.niche_count) 

19      Generate N solutions by choosing particles from     

      Pareto- Fronts F1,F2,...Fn 



20 Fitness_Function(PSOList)  

21 count=count+1 

22 For each solution perform fitness analysis using fuzzy rules and find  

the best solution (refer table 5.3) 

23 end for(iterations) 

24 Calculate Spacing,RNI,Maximum Spread for Final populations 

25 end  

 

 

Algorithm 4.2 shows the computation of fitness values using the 

fitness function shown in Equation 3.12 

 

Bt_Val  
=

(W1 × p. makespan + W2 × p. Power_consumed + W3 × p. Paid_idle_time ) 

(W1 + W2 + W3 ) 

          (4.12) 

where, the best value is the fitness function value, computed using the weights 

W1=0.5, W2=0.3 and W3=0.2. The values for the weights W1, W2 and W3 were 

estimated through repeated experiments for finding the optimal values. 

 
Algorithm 4.2 Fitness Function Computing in F-NSPSO 

 
1 FunctionFitness_Function(PSO_List) 
2 for every ready task tC T do 

3 find t.length, t.memory,t.input_data,t.output_data 
4 end for 

5 for each virtual machine R do 

6  find vm.cpu_cores, vm.memory, vm.storage, 
vm.bandwidth, vm.mips,vm.available_time 

7 end for 

8 for each particle p S  do 

9 Calculatep.makespan 
10 Calculatep.energy_consumption 
11 Calculatep.paid_idle_time 

12 Find Best_Value using equation 5.13 

13 if Best_Value>High_Value then 

Fitness_Value = Best_Value 
else if Best_Value>Medium_Value then 
Fitness_Value = 2*Best_Value 
else // if Best_Value>Low_Value 



Fitness_Value = 3*Best_Value end 

if 

14 end for 

15 return Fitness_value 

16 end procedure 
 
 

4.2.3 Fuzzy Rules 

 
Fuzzy logic helps to perform reasoning under uncertainty.It incorporates a 

basic rule-based approach on well formed formulas and the rules are represented by 

IF x AND y THEN z. A fuzzy inference systems applies rules which are stored in a 

knowledge base against facts present in the application to perform inference. Table 

3.3 shows the fuzzy rules used in the proposed algorithm for finding the best solution 

from a set of workflow scheduling solutions with optimal configuration from the cloud 

data centre in which the scheduling activities are carried out. The rules in the table 4.3 

are interpreted as IF… THEN rules, for example, the last row of the table represents 

the rule: 

 
5 IF MEMORY_SIZE IS HIGH AND ENERGY_CONSUMPTION IS LESS 

AND AVAILABLE_TIME IS SMALL THEN SOLUTION_TYPE IS 

EXCELLENT 

 

Similarly, the first row of the Table 4.3 represents the rule: 
 

6 IF MEMORY_SIZE IS LOW AND ENERGY_CONSUMPTION IS HIGH 

AND AVAILABLE_TIME IS LARGE THEN SOLUTION_TYPE IS POOR 

 

In this way, the fuzzy inference system developed in this work applies the 

fuzzy rules using forward chaining inference mechanism to perform deductive 

inference in order to make efficient decisions on configurations and  the scheduling 

methods. In memory size, Low memory size indicates a memory size up to 32 GB. 

Medium size of memory indicates a memory upto 1 TB. Finally, High memory indicates 

the availability of memory upto 1PB through virtual machine allocation. In the case of 

Energy Consumption, Less energy indicates the energy upto 1KW. Average energy 

consumption indicates upto 1000 KW and High energy consumption indicates upto 100 

MW.  In the case of 



 

Time to Complete the Workflow Task, small indicates the time to complete the task 

upto 1 hour, Medium indicates the time to complete the task upto 2 hours, High 

indicates the time to complete the task upto 3 hours. Hence, the proposed scheduling 

algorithm aims at optimizing these parameters in the cloud data center by applying 

the proposed method. 

 
Table 4.3 Fuzzy rules to find the best solution 

 

 

Memory_size Energy_consumption Time to Complete 

the Workflow 

Task 

Solution_type 

Low High Large Poor 

Low High Medium Fair 

Low High Small Very Fair 

Low Average Large Fair 
Low Average Medium Very Fair 

Low Average Small Good 

Low Less Large Very Fair 

Low Less Medium Good 

Low Less Small Very Good 

Medium High Large Fair 

Medium High Medium Very Fair 

Medium High Small Good 

Medium Average Large Very Fair 

Medium Average Medium Good 

Medium Average Small Very Good 

Medium Less Large Good 

Medium Less Medium Very Good 

Medium Less Small Best 

High High Large Very Fair 

High High Medium Good 

High High Small Very Good 
High Average Large Good 

High Average Medium Very Good 

High Average Small Best 

High Less Large Very Good 

High Less Medium Best 

High Less Small Excellent 
 

 

5. Results and Discussion 



 

In this section, the description of parameter settings of this work for 

implementing the proposed F-NSPSO and set of real world workflow 

application used in the experiment are presented. Table 5.1 shows the 

parameters used in the experiments. 

 

Table 5.1 Parameter values used in F-NSPSO workflow scheduling 

 

S.No. Parameter Values 

1 Number of particles[S] 200 

2 Number of iterations 50-200 

3 Inertia Weight[W] 0.4 to 1.0 

4 
Random Variables 
[C1,C2] 

2.0 

5 Dimension of Particles Number of tasks in the workflow 

 
Table 5.2 lists the characteristics of various workflow applications 

used in the experiment. 

 

Table 5.2 Characteristics of Real world workflow application 

 
 

Workflow 

 

Type 

 
Number 

of Levels 

Number 

of   

Tasks 

Number 

of   

Edges 

Average 

Execution 

Time ofTasks 

(min) 

Average 

Data Size 

(GB) 

 

Montage 

 
I/O 
Intensive 

 

7 

25 95 8.44 3.43 

50 206 9.78 3.36 

100 433 10.78 3.23 

1000 448 11.36 3.21 

 

Epigenomics 

 
Compute 
Intensive 

 

8 

24 75 681.54 116.20 

46 148 844.93 104.81 

100 322 3954.90 395.10 

997 3228 3858.67 388.59 

 

CyberShake 

 
Memory 
Intensive 

 

4 

30 112 23.77 747.48 

50 180 29.32 864.74 

100 380 31.53 849.96 



100 3988 22.71 102.29 

 

 

5.1 Experiment 1: Makespan analysis 

 

To verify the performance of the proposed algorithm, initially the 

results of makespan and energy consumption are compared with HEFT and 

DVFS algorithm. In DVFS based implementation, the jobs are assigned to the 

machines with minimum energy consumption by operating the processor at low 

voltage. 

 
Figures 5.3 and 5.4 show the performance of the proposed F- NSPSO 

with the existing task scheduling algorithms for Cybershake, and Montage 

applications. Here, five experiments have been conducted with five different 

numbers of tasks such as 100, 200, 300, 400 and 500. Figure 5.5 shows the 

performance F-NSPSO for Epigenomics workflow applications with task set 

10,20,30,40 and 50. The makespan values are considered for measuring the 

performance of the various experiments. 
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Figure 5.3 Comparison of Makespan value for Cybershake with F-NSPSO 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 
Figure 5.4 Comparison of makespan value for Montage with F-NSPSO 

 

 

 

 
Figure 5.5 Comparison   of  makespan  value for  Epigenomics with 

F-NSPSO 

 
From the above figures it can be seen that the proposed F- NSPSO 

performs well when it is compared with the other existing task scheduling algorithms 

such as DVFS, HEFT and NSPSO in terms of makespan values. Compared to NSPSO 
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algorithm F-NSPSO algorithm shows 
 

at least 13% ,12% and 21% improvement in average makespan for Montage, 

Cybershake and Epigenomics workflow applications respectively. Similarly F-

NSPSO shows an improvement of at least 20% in average makespan for all the three 

applications over DVFS algorithm. 

 
 Experiment 2: Comparison of Energy Consumption 

 

Experiments were conducted to evaluate energy consumption performance 

of F-NSPSO with DVFS and NSPSO .The performance on The Y-axis represents the 

gain obtained for each workflow which is calculated using equation 4.1 and the X-

axis in the figure represents the particle dimension for each workflow. 

 

Energy Reduction = 
TotalEnergyDVFS orNSPSO–TotalEnergyF—NSPSO 

TotalEnergyDVFSorNSPSO 

(5.1) 
 

An average of above 15% in the energy reduction for the proposed system 

over simple DVFS was achieved for all types of workflow applications with different 

dimensions. Even though simple DVFS is an efficient energy saving mechanism, the 

proposed system is performing better because it looks for all the combinations of 

resources that can exist in the dynamic cloud environment. Similarly when compared 

to NSPSO an energy reduction of at least 10% has been observed for F-NSPSO for 

all three types of workflow applications. 

 
Figures 5.2,5.3 and 5.4 show the energy consumption analysis between the 

proposed task scheduling algorithm called F-NSPSO and the existing scheduling 

algorithms such as DVFS and NSPSO for Epigenomics,Montage and Cybershake. 

Here, we have conducted five experiments by considering the various numbers of 

tasks for each application. 



 
 

 
 
 

Figure 5.2 Energy Consumption analysis for Epigenomics Workflow with F-
NSPSO 

 

 

 
Figure 5.3 Energy Consumption analysisfor Montage Workflow with F-

NSPSO 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.4 Energy Consumption analysis for Cybershake Workflow with 

F-NSPSO 

 

From the above performance analysis it can be observed that the energy consumption of the 

proposed F-NSPSO is less when compared with the existing task scheduling algorithms such 

as DVFS and NSPSO. This is due to the use of effective optimization process which is 

carried out by incorporating the appropriate fuzzy membership function 

 

6.Conclusion 

In this work a pareto based solution for workflow scheduling using multi-

objective optimization based on Fuzzy-NSPSO has been developed. The algorithm 

uses a fitness function to minimize the energy consumption, makespan and paid idle 

time of the resources. For large scale scientific applications number of non-dominated 

solutions will be more ,for deciding the quality of the solution memory utilization is 

also considered as 
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one more objective. In order to quickly decide the solution 16 Fuzzy rules have been 

developed to classify the solution and also these rules facilitate easy decision making. 

Simulations have been conducted to evaluate the performance of F-NSPSO on three 

real world scientific applications Epigenomics, Cybershake and Montage. F-NSPSO 

has given better performance compared to HEFT,DVFS and NSPSO. Performance 

analysis of F-NSPSO algorithm shows that the quality of the non-dominated solutions 

is good. 
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