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Abstract— Scheduling the workflow task to the cloud 

resources is a recognized N-P hard problem. The users 

involved in a cloud have diverse interests in scheduling 

problem. In addition to the conventional objectives like 

makespan, budget, and deadline, optimized in workflow 

scheduling, taking into consideration the green aspect of 

cloud, enhance the problem complication. Furthermore, the 

interests of a cloud's users are conflicting, and satisfying all 

these interests simultaneously is a large problem. In this 

paper, we proposed a new Genetic algorithm called MOGA 

for workflow scheduling which provides multiple objectives 

in a cloud-environment. By comparing with different 

algorithm the results show that our proposed algorithm has 

significantly improved not only in terms of budget, deadline, 

and energy but also improved the utilization of cloud's 

resources as compared to the other algorithms of this work. 

Keywords: Cloud Computing, Multi-Objective Genetic 

Algorithm (MOGA), Scheduling Model 

I. INTRODUCTION 

The emerging technology cloud offers on-demand, 

ubiquitous, and accessible services over the network.[1] 

cloud offers a great variety of services. Generally, these 

services are categorized as Platform as a Service (PaaS), 

Infrastructure as a Service (IaaS), and Software as a Service 

(SaaS).[2] The workflows are the popular paradigm for 

scientific and industrial applications.[3] A workflow is 

composed of a set of tasks, where a task may be connected to 

one or more tasks from the same set of tasks through directed 

edges. An edge between two tasks defines the parent and 

child relationship between the tasks.  

Scheduling a workflow's jobs to the resources of a 

cloud computing is an NP-complete problem.[4] The 

workflow scheduling is the procedure of map the tasks to the 

existing resources of a cloud upbringing. During the mapping 

phase, the scheduling algorithm optimizes certain objectives 

forced by the different cloud users and providers. Cloud users 

are generally interested in minimizing the makespan in 

adding up to executing the workflows within the provided 

budget and deadline. The cloud source providers are 

interested in maximizing the consumption of cloud assets 

while minimizing the energy consumption of the capital. 

Extensive utilization of cloud resources significantly adds to 

quick surges in of power consumption [5]; therefore, the 

scheduling algorithm also considers the energy effectiveness 

of the cloud wherewithal as an objective.  

We propose a scheduling algorithm based on 

Genetic Algorithm (GA) to optimize the multiple objectives 

concurrently. The proposed algorithm is named as Multi-

Objective Genetic Algorithm (MOGA).  

 

A gap seek algorithm is presented that works in 

collaboration with MOGA to find the gaps between the 

successive busy periods of the cloud wherewithal in the 

workflow schedule. These gaps are then filled by scheduling 

the independent tasks in them. The gap seek algorithm 

increases the consumption of the resources of a cloud 

environment. 

II. RELATED WORK 

In the literature, budget and deadline based workflow 

scheduling are two main categories. Different algorithms are 

proposed by to meet the deadline within user-specified 

budget or execution within budget while meeting the 

deadline. Some of them are discussed below. Kianpisheh et 

al [6] proposed an Ant Colony-based Constraints Workflow 

Scheduling (ACCWS) algorithm in heterogeneous system 

considering deadline and budget constraints. To measure the 

schedule robustness, the authors used probability of violation 

of defined constraints. Reddy and Kumar[7] proposed a 

Time- Cost method for workflow scheduling in cloud 

environment. The proposed method minimize the time of the 

tasks of the workflow within a suitable cost.,[8] the authors 

considered two quality of service constraints, ie, time and 

cost. The authors proposed a list based heuristic called 

Deadline Budget Workflow Scheduling (DBWS) for the 

cloud environment. The proposed DBWS has quadric time 

complexity. Verma and Kaushal [9] presented a scheduling 

policy based on a heuristic called HEFT in cloud 

environments to execute the tasks of the workflow under 

budget and deadline constraints. The proposed BDHEFT 

algorithm outperforms while considering the cost. Bousselmi 

et al [10] planned an energy competent workflow scheduling 

using Workflow partition for Energy Minimization (WFEM) 

and a metaheuristic-based Cat Swarm Optimization (CSO) in 

cloud computing environment. In the first phase, the 

proposed WFPM algorithm decomposes the workflow into 

different sub workflows in order to decrease the data 

communication between the sub workflows so that the energy 

expenditure of data communication is minimize. In the 

second phase, a CSO algorithm is used to find the most 

favourable schedule that minimize the implementation time 

and energy expenditure of the workflow. Particle Swarm 

Optimization (PSO) is a well-known nature-inspired 

optimization algorithm and has has been used in the work of 

Genez et al [11] for workflow arrangement on the basis of 

CPU frequency. In the work of Yao et al, [12] the authors 

proposed a multi-swarm PSO-based workflow scheduling 

algorithm called Multi Swarm Multi Objective Optimization 

(MSMOO) that provides a set of trade off solutions of 

multiple objectives (ie, Makespan, Cost, and Energy 

consumption).  
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III. PROBLEM FORMULATION 

The notations used in this paper are listed in Table 2. 

A. Work Flow Modal 

A workflow is a set of tasks where a task may be dependent 

on one or more tasks. The dependency can be represented as 

set of edges between two tasks. The workflow G is 

represented by a tuple consisting of four sets, ie, G(T, E, W, 

C), where T represents a set of tasks and ti ∈ T such that 0 ≤ i 

≤ N. The total number of tasks in set T is N and E is the set 

of edges. The directed edge eij joins tasks ti and tj, where 0 ≤ 

i, j ≤ N and i ≠ j, while tasks ti and tj are in a parent and child 

relationship, respectively.  

Figure 1 depicts the example structure of a workflow resource 

provider. 

B. Resource Model 

In this work, we considered a cloud environment that offers a 

set of virtual machines denoted by Vm = {vm1,vm2, … 

vmM}, where “Vm” is the set of virtual machines and  

Notations Descriptions 

G(T,E,W,C) Workflow 

T Set of Tasks 

E Set of edges 

W Computation weight set 

C Communication Weight set 

ti The task number I from set T 

N Total number of tasks in set T 

eij An edge joining task ti and tj 

Parent(ti) Set of Parent task fo task ti 

Child(ti ) Set of child task of task tj 

w(ti) Computation weight of task ti 

Cij Communication weight of edge eij 

Vm Set of virtual machines 

vmr 
The virtual machine number r from set 

Vm 

M Total number of virtual machine in Cloud 

PC(vmr) 
processing capability of a virtual machine 

vmr 

EC(vmr) execution cost of a virtual machine vmr 

ET(ti, vmr) 
execution time of a task ti on a virtual 

machine vmr 

ST(ti, vmj) 
Start Time (ST) of a task ti on virtual 

machine vmr 

RT(vmr) Ready Time of a virtual machine vmr 

RT(ti, vmr) 
Ready Time of a task ti on virtual 

machine vmr 

ET(ti, vmr) 
end time of a task ti which is currently 

executing on vmr 

CT(tp) completion time of parent task tp 

TT(vmp, 

vmr) 

transfer time between the virtual 

machines vmp and vmr 

Bw(vmp, 

vmr) 

bandwidth between the virtual machines 

vmp and vmr 

L(vmp, vmr) 
Latency between the virtual machines 

vmp and vmr 

FT(ti, vmr) 
Finish Time of task ti on a virtual 

machine vmr 

Cost(ti, vmj) 
Cost of executing a task ti on a virtual 

machine vmr 

UC(vmr) unit cost of the virtual machine vmr 

Pdynamic dynamic power of a processor 

A 
number of switching activities per clock 

cycle 

C total capacitance 

v voltage 

f frequency 

Table 1:  Notations 

vmr represents the rth virtual machine in the set Vm 

and 0 < r < M, where M is the total number of virtual 

machines in the set “Vm”. These virtual machines are used 

according to pay-as-you-go basis and have different 

processing capability. The processing capability of a virtual 

machine vmr is represented as PC(vmr) and it measured in 

Millions of Instruction per Seconds (MIPS). The execution 

cost of a virtual machine vmr is represented as EC(vmr) and 

it is measured in dollars. This is the price per unit time of the 

virtual machine. 

our focus is to manage the energy consumption of 

PEs. For this purpose, each virtual machine vmr ∈ Vm is 

DVFS-enabled and can operate on different voltage/relative 

speed pairs. These voltage/relative speed pairs are randomly 

attached to each virtual machine. An idle virtual machine 

operates on lowest voltage Voltmin to save the energy. Table 3 

shows the voltage-relative speed pairs used in this work. 

C. Scheduling model 

1) Deadline 

The deadline for a workflow is defined as the time constraint 

imposed by the user on a workflow. Deadline is the time 

during which a workflow must execute. The objective Obj1 

is to map a workflow's tasks to the cloud resources, ie, the 

virtual machines in such a manner that the workflow is 

executed before its deadline D. The execution time of a task 

ti on a virtual machine vmr is calculated by 

ET(t,,vmr) =
W(ti)

PC(wmr)
  ………………………………..(1) 

For all the unscheduled tasks of a workflow, we first 

calculate the start time (ST) of a task ti on virtual machine 

vmR as  

ST(ti,vmj) = max[RT(vmr), RT(ti,vmr)]     ..………….(2) 

where RT(vmr) and RT(ti,vmr) refers to Ready Time 

of a virtual machine vmj and Ready Time of a task ti on virtual 

machine vmr and is calculated by (3) and (4), respectively 

RT(vmr) 
 

0, If vmr is free 

.....(3) 
Min[ET(ti,vmr)] otherwise 



Multi-objective Strategy for Energy Efficient Workflow Scheduling in Cloud Computing 

 (IJSRD/Vol. 7/Issue 05/2019/186) 

 

 All rights reserved by www.ijsrd.com 776 

In (3) , ET(ti,vmr) is the end time of a task currently 

executing on vmr 

ET(ti,vmr)  = Max 

p∈parent(ti) 

[CT(tp) + TT (vmp, 

vmr)] 
..(4) 

 

Fig. 1: Structure of workflow 

In (4), CT(tp) is the co1mpletion time of parent task. 

TT(vmp, vmr) represents the transfer time between vmp and 

vmr, and is calculated according to 

 

TT(vmp,v

mr,)=  

    0, If  p=r 

Cij

BW(vmp, wmr)
+ L(vmp, vmr) 

otherwi

se 

...........(5) 

 Pair 1 Pair 2 

Levels 

Supply 

Voltage 

(V) 

R. Speed 

(%) 

Supply 

Voltage 

(V) 

R. Speed 

(%) 

1 1.95 100 1.90 100 

2 1.85 90 1.80 85 

3 1.75 80 1.70 75 

4 1.65 70 1.60 65 

5 1.55 60 1.50 55 

6 1.44 50   

Table 3: Speed Pair (Voltage-Relative) 

In (5) BW(vmp,vmr) is the bandwidth and 

L(vmp,vmr) is the latency between the virtual machine vmp 

and vmr. Finally, the finesh time of a task is calculate as  

FT(ti, vmr) = ST(ti, vmr) + ET(ti, vmr). ....................(6) 

The objective Obj1 is to minimize the makespan so 

that a workflow can execute within the user-specified 

deadline. It is given by 

Obj1 = minimize(makespan). …………………(7) 

The makespan is defined as a difference between the 

finish time of the last task and start time of the first task of a 

workflow. 

2) Budget 

The budget is the cost in terms of money, specified by the 

cloud user, for executing the workflow. The cost of executing 

a task ti on the virtual machine vmr is represented by Cost(ti, 

vmr). It can be calculated by (8) 

Cost(ti,vmj) = ET(ti,vmr) Ս C(vmr) ……………(8) 

where UC(vmr) is the unit cost of the virtual machine vmr 

Obj2 = minimize     ∑ C(ti)
𝑁

𝑖=1
 ..……(9) 

The objective Obj2 is to execute a workflow with 

minimum money so that it can execute within specified user 

budget. The Obj2 can be achieved by minimizing the sum of 

costs of all the tasks of a workflow as shown in (9).  

3) Energy Consumption 

Dynamic Voltage Frequency Scaling(DVFS) is used to 

execute the tasks of the workflow in energy efficient manner, 

Pdynamic. The dynamic power is calculated as 

Pdynamic = Acv2f ………   (10) 

where A is number of switching activities per clock 

cycle and C is the total capacitance. The energy consumed 

during the execution of a task ti on the virtual machine vmr 

of the workflow is defined as 

EC(ti,vmr)  = ACv2
irfi,r ET(ti,vmr) 

….(11) 

IV. SYSTEM MODEL 

The proposed workflow scheduling model is used to optimize 

multiple conflicting objectives simultaneously. The main 

goal of the proposed model is to minimize the energy 

consumption, maximize the utilization of cloud resources and 

execute workflow within specified user budget and deadline. 

Figure 2 represents the working of our proposed system 

model. The proposed workflow scheduling model is 

explained step by step below. 

A cloud user selects the workflows form the HC Test 

Bench workflow repository for the execution. Each workflow 

has a unique workflow id and a deadline and budget 

associated with it as shown in step 1. The selected workflows 

are submitted to the queue as represent in step 2. It is a simple 

queue, which works on FCFS basis. The workflows are 

entered into rare and leave the queue from the front. In step 

3, the workflows are dispatched to the proposed Multi 

Objective Genetic Algorithm (MOGA), which is used to find 

the optimal solution for multiple conflicting objectives, ie, 

deadline, budget, and energy consumption. The MOGA 

minimizes the energy consumption and execute the 

workflows within specified deadline and budget. Then, gaps 

are searched in step 4 within the schedule prepared by the 

MOGA by using the Gap Search Algorithm. The Gap Search 

Algorithm returns a list of gaps found in step 4. Those gaps 

are then filled by an independent task list submitted by 

another user by Gap Search Algorithm in step 6. In step 7, the 

prepared schedules are then dispatched for execution to the 

cloud environment. After execution, the results are gathered 

and then returned to the respective users as shown in steps 8 

and 9.  

V. MULTI OBJECTIVE OPTIMIZATION 

The Multi objective optimization tries simultaneously to 

optimize the multiple conflicting objectives, ie, tries to find a 

set of best solutions of multiple conflicting objectives by 

minimizing them or maximizing them as shown in (13) 

Minimize(F(x))

= 

Minimizer(f1(x),f2(x),…..fk(

x)) 
..(13) 

In (13), f1(x), f1(x), … , fk(x) are k different 

conflicting objectives, where kgeq2 and x ∈ X is the search 

space of the problem. Since multiple conflicting objectives 

are involved, no single optimal solution exists and it cannot 

be determined that a solution is better than another. 
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Therefore, the concept of Pareto Dominance is used to 

compare the solutions. In this paper, the proposed MOGA 

tries to find the optimal solution for three conflicting 

objectives, ie, makespan, execution cost, and energy 

consumption. Some concepts of Pareto are given as follows.  

 
Fig. 2: Proposed workflow scheduling model 

In (13), f1(x), f1(x), … , fk(x) are k different 

conflicting objectives, where kgeq2 and x ∈ X is the search 

space of the problem. Since multiple conflicting objectives 

are involved, no single optimal solution exists and it cannot 

be determined that a solution is better than another. 

Therefore, the concept of Pareto Dominance is used to 

compare the solutions. In this paper, the proposed MOGA 

tries to find the optimal solution for three conflicting 

objectives, ie, makespan, execution cost, and energy 

consumption. Some concepts of Pareto43 are given as 

follows.  

Pareto dominance: The two decision vectors x1 and 

x2, as given in (14), are said to be dominant (denoted by ≺) if 

and only if 

x1 ≺ x2 ↔ s ∈ {1, 2, … k}, fs(x1) ≤ fs(x2), ∧∃s, 

fs(x1) ≤ fs(x2). .......(14) 

Pareto optimal: Pareto optimality is defined as 

∄(x2) ∈ X ∶ (x2) ≺ (x1) ……………..……(15) 

Pareto optimal set: A set is called pareto optimal set 

Ps, which contains all Paetro optimal decision vectors as 

given in (16) 

Ps = {x1 ∈ X, ∄x2 ∈ X ∶ (x2) ≺ (x1)}. ........(16) 

Pareto optimal front: For a given F(x) and Pareto 

optimal set Ps, a Pareto front Pf is defined as 

Pf {f1(x), f2(x), … fk (x) ∶ x ∈ P2}. …………….(17) 

A. Multi-objective Genetic Algorithm (MOGA) 

Figure 3 shows the flow chart of the proposed MOGA. The 

MOGA starts by randomly creating the initial population. 

Each chromosome in the population is evaluated by 

calculating the fitness function that contains multiple 

conflicting objectives and user preferences. The genetic 

operators, ie, crossover, mutation, and selection are used to 

choose good chromosomes for the next generation while 

maintaining the diversity of the population. The algorithm 

stops when it reaches the maximum number of generations. 

The details of these steps are described in the 

remaining part of this section. 

1) Initial Population 

The encoding string (or the chromosome) used in this study 

is composed of three fields, ie, a set of tasks {ti|0 ≤ i ≤ N − 

1}, a set of virtual machines {Vr|0 ≤ j ≤ M − 1}, and a set of 

voltage levels. The tasks in the encoding string are mapped to 

the available virtual machines by main-taining the 

dependency constraints, ie, a child task cannot be ready to 

start until all of its parents complete the execution and a set 

of voltage levels. 

We randomly initialize the population as shown in 

Algorithm 1. The algorithm takes as input the workflow with 

a set of tasks T, set of edges E, computation weight W and 

communication weight C, set of virtual machines Vm with 

their MIPS ratings, and population size p. 

In each chromosome in p, each task ti is selected 

from the set of tasks T in step 3. In step 4, a virtual machine 

is randomly selected from the set of Vms. In step 5, the task 

and virtual machine is mapped. The algorithm inserts the task 

and virtual machine pair of step 5 in to a chromosome in step 

6. After all the tasks are mapped onto virtual machines, a 

chromosome is generated and inserted in to the population in 

step 8. The algorithm stops, in step 9, when it reaches the 

population of the specified size are achieved. In step 10, the 

population is returned. 

Every chromosome in the population is a schedule 

and each task in the chromosome appears only once in the 

schedule. The algorithm stops when it reached to the 

specified number of populations. Every chromosome in the 

population is a schedule, which must follow the dependency 

constraints, which states that 

2) Fitness Function 

Our proposed scheduling is based on a fitness function of the 

three objectives, which we combine by weighted sum 

method.44 The weights of objectives reflect the users' 

preferences. In this method, all objectives are combined into 

one objective function J as 

J  = ∑ WsFs(x)
k

s=1
 …………………………..(18) 

Every chromosome in the population is a schedule 

and each task in the chromosome appears only once in the 

schedule. 
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Fig. 3: MOGA flowchart 

The algorithm stops when it reached to the specified number 

of populations.  

Algirithm-1 Initial Population Generation 

Input : Workflow G(T,E,W,C), set of virtual machines  

VM, MIPSrating[I], population size p 

Output: Initial population of p chromosomes. 

1. For a=1 to p do 

2. For i=1 to n do 

3. Select a task ti from set T 

4. Randomly select a VM vmi from set vm 

5. Map the task of step 3 to the vmi of step 4. 

6. Insert the pair of steps 5 in chromosome a. 

7. end for 

8. Insert the generated chromosome into population 

p. 

9. end for 

10. Return population p 

In (18), x∈X is the search space and the weights ws 

are the importance factors of the objective fs(x). The values 

of ws are (0≤ws ≤1) and the sum of all weights are 1. Now, 

the fitness function of a chromosome, which is used in this 

study, is defined as 

F(I) = minimize( αObj1 +  βObj2 +  γObj3), …...(19) 

where 𝛼, 𝛽, and 𝛾 are the user preferences that 

represent the weights of deadline, budget, and energy 

efficiency, respectively 

3) Selection 

Tournament-based selection approach is used to choose the 

best chromosomes from the population for the next 

generation as described in Algorithm 2. The algorithm takes 

the chromosomes with fitness value, tournament size, and 

selecting probability as inputs. The algorithm randomly 

chooses chromosomes from the population in step 3. In step 

4 it checks whether the selecting probability is less than the 

fitness value of the chromosome. If true, the algorithm 

chooses that chromosome; otherwise, another chromosome is 

selected.  

Algirithm-1 Tournament Based Selection 

Input : Fitness values of chromosomes FM(k), 

Tournament size ґ, selecting probability s 

Output: Best chromosomes for next generation 

1. For g=1 to k do 

2. For x=1 to ґ do Randomly choose chromosomes 

from the population 

3.                  If(s<g )then 

4.                          Choose that chromosome 

5.                  else 

6.                          Choose another chromosome 

7.                  end if 

8.          end for 

9. end for 

4) Crossover 

Algorithm3 explains procedure of the single point crossover. 

In single point crossover, two chromosomes are selected at 

random from the population and a cut-off point is generated, 

as shown in Figure 4A. Then first part of first chromosome 

and second part of second chromosome are recombined to 

create new offspring. Similarly, the second part of first 

chromosome and first part of second chromosome are 

recombined to create second offspring. The tasks after the 

crossover may change their position to another virtual 

machine and therefore changing the values of completion 

time, energy consumption, and cost. Figure 4C shows the 

legend for Figures 4A, 4B, and 5. 

Algirithm-3 Single point Crossover 

Input : Chromosome C, Random number R ∈ { 0,1} 

Crossover probability Pc 

Output: Chromosomes for the next generation 

1. While C < population do 

2. Randomly select two chromosomes A and B from 

the population 

3. If (R ≤ Pc ) then 

4. Generate a cut-off point 

5. Combine first part of A and second part of B. 

6.                  Combine second A and first part of B 

7.          else 

8.                  Chromosomes are not changed 

9. end if 

10. end while 
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Ti 

Ti : Task 

ST(ti) : Start time of the task ti 

CT(ti) : completion time of task ti 

Cost (ti) : Cost of the task ti 

EC(ti) : Energy consumption of the 

task ti 

Vmi : Virtual Machine 

(C) 

Fig. 4: The Single point crossover operation. A, Before 

single point crossover; B, after single point crossover; C, 

Legend for crossover and mutation 
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Fig. 5: Mutation Operation 

5) Mutation 

A mutation probability pm is associated with each 

chromosome in order to maintain the diversity of the 

chromosomes in the population. 

In mutation, the assignment of task/tasks in a selected 

chromosome is moved from one virtual machine to another. 

Figure 5 demonstrates the mutation operation. When 

mutation is applied to the chromosome, the task t5 is 

transferred from Vm3 to Vm1. 

6) Gap Search algorithm 

We have used gap search algorithm to maximize the 

utilization of cloud resources. The gaps are found between the 

consecutive busy periods of a resource and are filled with the 

independent tasks. In Algorithm 4, the algorithm finds the 

gaps when a workflow is scheduled on resources. These gaps 

are left due to the dependency between the tasks of a 

workflow. We used independent task list to fill the gaps. The 

size of the gap is calculated using (20) 

gap(vmj) = FT(ti, vmj) − ST(tk, vmj).…………...….(20) 

Algirithm-4 Gap Search 

Input : current Schedule Sc , Independent Task List Ti , A 

list of virtual machine Vm 

Output: A list of gaps 

1. While Ti ≠ null do 

2.          Gap_size gs FT[ti,vmj]-ST[tk,vmj] 

3.          Tx = number of tasks in Ti 

4.          Compute ET[Tx,vmj] 

5.          Compute ST[Tx,vmj] and FT[Ty,vmj] 

6.          If gs is greater than ET[Tx,vmj] then 

7.                  Allocate gap to task Tx 

7.          else 

8.                  Return 0    // if no gap found 

9. end if 

10. end while 

VI. PERFORMANCE EVALUATION 

We have developed a discrete event based simulator in java 

for evaluating the algorithm. 

Workflows 

 HNodeHEdge HNodeLEdge LNodeHEdge LNodeLEdge RNodeREdge 

Vm 

Id 

Without 

Gap 

Search 

With 

Gap 

Searc

h 

Without 

Gap 

Search 

With 

Gap 

Searc

h 

Without 

Gap 

Search 

With 

Gap 

Searc

h 

Without 

Gap 

Search 

With 

Gap 

Searc

h 

Without 

Gap 

Search 

With 

Gap 

Searc

h 

1 40.9 76.2 41 83.1 43.7 83.4 49.8 81.8 42.5 78.9 

2 41.2 82.2 43.6 83.0 47.6 78.9 46.0 78.6 43.4 81.9 

3 44.3 82.7 42.1 76.7 44.0 79.8 43.3 82.2 40.7 77.8 

4 41. 81.3 41.7 86.6 43.3 78.9 42.3 80.3 37.6 80.7 

5 44.4 86.7 45.7 86.4 42.4 81.7 40.9 79.7 42.1 81.5 

6 44.5 85.3 44.3 79.5 49.4 82.8 42.7 83.4 43.9 77.2 

7 40.5 90.1 47.4 83.5 52.6 81.0 52.4 79.8 42.5 81.1 

8 46.9 82.0 43.3 79.7 48.7 79.9 48.0 83.4 39.7 75.2 

9 41.0 83.2 48.4 81.7 40.2 81.2 39.1 79.8 41.4 79.0 

10 44.3 84.3 46.0 81.0 51.31 81.5 41.5 73.7 45.3 77.0 

Table 1: Resource utilization (in %) (with gap search algorithm and without gap search algorithm)



Multi-objective Strategy for Energy Efficient Workflow Scheduling in Cloud Computing 

 (IJSRD/Vol. 7/Issue 05/2019/186) 

 

 All rights reserved by www.ijsrd.com 780 

 

A. Comparison with Other Algorithm 

The effectiveness of the proposed MOGA algorithm is 

evaluated by comparing its results with three other GA-based 

Algorithms and a PSO-based. Three GA-based algorithms, 

namely, GA-Budget GA-Deadline and GA-EC (Energy 

Consumption), consider only one objective for optimization 

at a time. Then, we used the same multiple objectives for 

optimization in PSO.  

B. Workload Generation 

Different methods of workflow composition and modelling 

have been used in workflow scheduling research. However, 

no standards exist in the literature on the number of tasks in a 

workflow, the communicating weights of the edges between 

interdependent tasks, computation weights, and number of 

workflows.  

The Node and Edge Weights are categorized into 

Heavy (H), Light (L), and Random (R). Different classes of 

workflows are defined using various combinations of the 

categories of the Node and Edge Weights, eg, the workflows 

categorized in the HNodeHEdge workflow class have tasks 

and edges with high Node and Edge Weights, respectively. 

The gaps produced as a result of a workflow schedule were 

filled by independent tasks. These independent tasks were 

generated with random tasks lengths in terms of their MI. 

C. Resource Model 

Ten different simulated virtual machines were used in this 

experiment. Each VM was composed of the single processing 

element. All the VMs were DVFS enabled. To evaluate the 

proposed algorithms, the experiments are performed on 10 

virtual machines. Each virtual machine has only 1 Pro-

cessing Element (PE) with an associated voltage, relative 

speed pair as shown in Table 1.  

Parameters Value Parameters Value 

Population size 50 

Number of generations 100 

Initial population Randomly generaed 

Crossover probability pc 0.5 

Mutation probability pm 0 0.5 

Selection scheme Tournament based selection 

Table 5: This is an example of appendix table showing food 

requirements of army, navy, and air force 

D. Performance Matrix 

Since the objective of MOGA is to achieve a low makespan 

of workflow applications along with the other objectives, eg, 

meeting the deadline, budget and lower the energy 

consumption. Therefore, for comparing the MOGA and other 

GA-based scheduling algorithms, the following matrices are 

considered. 

The makespan in this experiment is measured in hours and is 

given by 

Makespan(W) = Max(CT(t1),CT(t2),…CT(tN)). ……(21) 

Deadline is constraint imposed by the user. It can be 

defined as time limit by which the user requires the result of 

a workflow. The constraint states that 

if D − makepsan ≥ 0, deadline meet; 

if D − makepsan < 0, deadline does not meet. 

Makespan difference ratio is a reference value of 

improvement or degradation of makespan with respect to a 

base algorithm. The GA-Budget algorithm is used as a base 

algorithm and MOGA, and other independent GA-based 

algorithms are compared with GA-Budget. The makespan 

difference ratio of base algorithm, ie, GA-Budget, is always 

0. The calculation of makespan difference ratio of MOGA is 

given by 

Makespan Difference Ratio (MOGA) =
Makespan of (GA−Budget)−Makespan of MOGA

Makespan of GA−Budget
                   …..(22) 

Budget is another constraint imposed by the user. It 

can be defined as affordability of a user, ie, how much a user 

can pay to the resource owner for executing a workflow. 

Cost the money which a user actually pays the 

resources' owners for executing a workflow is referred as the 

cost. Here, we used unit cost model of for virtual machines. 

The cost is measured in dollars. The budget constraint and 

cost of a workflow execution are related as 

if cost ≤ B, within budget; 

if cost > B, out of budget. 

Cost difference ratio is calculated in a similar 

manner as the makespan difference ratio. Here, GA-Deadline 

algorithm is used as baseline algorithm. Thus, the cost 

difference ratio of GA-Deadline is always 0. The calculation 

of the cost difference ratio for MOGA is given by 

Cost Difference Ratio  

(MOGA) =
Cost of (GA−Deadline)−Cost of MOGA

Cost of GA−Deadline
  …..  (23) 

Energy consumption by a workflow are watts 

burned by the resources of the cloud during the execution of 

the tasks of a workflow. We have used DVFS technique to 

minimize the energy consumption. The DVFS can 

significantly decrease the amount of energy by slowing down 

the voltage/relative speed of virtual machines. Each virtual 

machine is DVFS- enabled and can operate on different 

voltage/relative speed levels. 

The proposed MOGA tries to schedule a workflow's 

tasks to the set of virtual machines with suitable voltage and 

relative speed. The energy consumption is calculated as 

         EC(W)  = ∑ EC(ti)
N−1

i=0
 …………………..(24) 

Resource Utilization (RU) of a cloud resource 

(which is aVMin this case) is defined as the fraction of the 

time the cloud resourcewas used to the total time the cloud 

resource remained available. The RU is given by 

𝑅𝑈 =
𝑉𝑀 𝑏𝑢𝑠𝑦 𝑡𝑖𝑚𝑒

VM available time
𝑋 100……………..(25) 

MOGAparameters considered in this experiment are 

summarized in Table 5. 

E. Experimental Results 

All the experiments were conducted five times and mean 

values are calculated. In Figure 6, the makespan of different 

workflows is shown. It can be seen that makespan of GA-

Deadline is the minimum. However, it is clear that GA-

Deadline has hired costly resources to achieve the minimum 

makespan, as shown in Figure 8. ravaComparing the mapspan 

of the two algorithms (MOGA and MOPSO), which consider 

multiple objectives for optimizations, shows that the MOGA 

has lower makespan in all cases. 

In Figure 7, the makespan difference ratio is shown 

which reveals that the makespan of GA-Budget is highest in 
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all the cases except for one case GA-EC. The result can be 

justified as GA-Budget tries to get the lowest execution cost 

which results in hiring the cheapest resources. 

As a result, the makespan is increased. The MOGA 

can improve the results in terms of makespan from 10% to 

20%, as compared to GA-EC and GA-Budget. In comparison 

with GA-Budged the MOPSO shows an improvement 

between 3% to 18% for different classes of workflows but the 

MOGA achieves a Better makespan as compared with 

MOPSO in all Cases.  

The Cost The cost in terms of money achieved by 

the compared algorithms is shown in Figure 8. The cost of 

GA-Budget is the minimum among all algorithms because 

GA-Budget hired the cheapest resources in order to achieve 

the minimum cost, which, on the other hand, has increased 

the makespan of the workflows, as shown in Figure 6. The 

MOGA outperforms the MOPSO in terms of cost for all 

workflow classes, except HNodeHdge, whereMOPSO is 

slightly better.  

In Figure 9, the cost difference ratio is shown. The 

execution of GA-deadline is highest in all the cases. The 

result shows that GA-Deadline tries to achieve the lowest 

makespan, which results in hiring the costliest resources. 

MOPSO and MOGA have identical cost difference ratio for 

LNodeHEdge; MOGA is better for LNodeLEdge and 

HNodeHEdge, but MOPSO is better for RNodeREdge and 

HNodeLEdge classes of workflows. 

In Table 6, the percentage of workflows meeting the 

budget and deadline constraints when executed using MOGA 

are given. Here, we can see that MOGA not only achieved 

relatively less makespan in low cost as compared with GA-

based algorithms but also complied with the user-imposed 

constraints in most cases. When scheduled by using MOGA, 

90% of workflows were executed within the specified 

Budget, 84% met the deadline, which shows that the MOGA 

outperforms MOPSO in terms of this metric. 

 
Fig. 6: Makespan using different classes of workflows 

 
Fig. 7: Makespan under different classes of workflows 

 
Fig. 8: Cost under different classes of workflows 

 
Fig. 9: Cost difference ratio using GA-deadline as base 

 
Within 

Deadline 

Out of 

Deadline 

Within 

Budget 

Out of 

Budget 

MOGA 83 15 89 10 

MOPSO 79 21 87 11 

Ga-

Deadline 
85 13 11 87 

GA-

Budget 
13 85 91 7 

GA-EC 65 35 83 15 

Table 6: workflows % meeting budget and deadline using 

MOGA 
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Fig. 10: Energy Consumption under different classes of 

workflows 

The energy consumed by different classes of 

workflows is shown in Figure 10. It is obvious that GA-EC 

performance in terms of energy consumption is the best as 

compared to other algorithms considered here. However, GA-

EC is considering only one objective and the other objectives 

like makespan, deadline, and budget are compromised to 

achieve the best performance in one objective, ie, energy 

consumption. 

Finally, we computed the resource utilization of 

MOGA with and without the gap search algorithm. The 

results are presented in Table 3.  

1) Schedule Generation Time 

In Table 7 the schedule generation time of the algorithms 

used in this research is represented. We can see that the 

schedule generation times of single objective GA-based 

algorithms are less than the MOGA and MOPSO. 

Workflow Classes 

Algorithms HNodeHdge HNodeLEdge LNodeHEdge LNodeLEdge RNodeREdge Sum 

MOGA 19298 12785 17389 14007 15537 79118 

MOPSO 355914 188406 277670 214390 203248 1239583 

GA-Deadline 8911 4375 6291 4865 5478 29920 

GA-Budget 6805 4013 5854 4576 5125 26379 

GA-EC 7273 4349 6404 4732 5559 28317 

Table 7: Schedule generation time (in second)

The schedule generation time of GA-Deadline, GA-

Budget and GA-EC is less because the focus of the algorithms 

are single objectives. The two multi objective algorithms are 

MOGA and MOPSO, the Schedule generation time of 

MOPSO is much greater than the MOGA. The MOPSO tries 

to find the best solution continuously and does not stop, 

however, MOGA compares the different solutions on the 

basics of Pareto Dominance and after a fix number of 

generations it stops. 

VII. CONCLUSION 

Multiple scheduling objectives, such as makespan, execution 

cost, energy consumption and resource utilization belong to 

different stakeholders of the cloud environment. These 

objectives may be conflicting. Therefore, simultaneously 

optimizing these objectives is highly challenging. In this 

paper, we have proposed MOGA to address this problem. The 

MOGA tires to lower the makespan of a workflow with the 

users' imposed constraints of deadline and budget. Moreover, 

MOGA finds the solution with lower energy consumption. To 

further improve the resource utilization, a gap search 

algorithm is presented in this work. The gap search algorithm 

finds the the gaps between consecutive busy periods of VMs 

in the workflow schedule. The independent tasks are 

scheduled to fill the gaps. We compared the MOGA with four 

existing algorithms. The experimental results show that 

MOGA is has significant advantage over the afore mentioned 

algorithms. 
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