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Recently, cloud computing has emerged as a realization of utility computing in 

which users have to pay for the utilized resources. Besides, there is a growing request for 

automation of current scientific and business applications in the form of workflows in 

cloud environments. While users wish to pay as less monetary cost as possible for exe-

cuting their workflows, the time-constrained nature of this type of applications is a barri-

er to cost minimization. Solving this problem requires developing new efficient and cus-

tomized scheduling algorithms. To this end, in this paper, first we have formulated a 

cloud-customized task-resource mapping which is exploited as the cost function of our 

Genetic Algorithm (GA)-based scheduling method. Also, by using indirect chromosome 

representation scheme and proposing a novel genotype-to-phenotype mapping (GPM), 

the algorithm guarantees the feasibility of the solutions and removes the restrictions im-

posed by evolutional operators and overheads of repair phases. Moreover, a key property 

of our method, called neutrality, strongly improves the quality of the solutions and the 

convergence rate. The results of experiments done on some real-world workflow bench-

marks show that monetary cost of the solutions found by our algorithm outperform those 

of some recently successful scheduling algorithms. Moreover, the run time needed for 

the proposed method to produce solutions is in the order of seconds which demonstrates 

its quickness compared to other mentioned algorithms.    

 

Keywords: cloud computing, genetic algorithm, genotype to phenotype mapping, sched-

uling, utility computing, workflow 

 

 

1. INTRODUCTION 
 

During the last decade, utility computing has emerged as a new model of providing 

services, such as servers, storages, networks, and different business and scientific appli-

cations, through the global network. Users utilize services based on this kind of compu-

ting as much as they need and pay accordingly [1]. Today, utility computing realized by 

the new computing paradigm, cloud computing. Billion-dollar investments by cloud pro-

vider companies like Amazon, Google and Microsoft have been made to create large 

scale systems including hundreds of thousands computers so that any user in any moment 

could access these computers and their services all over the world only by means of a 

credit card. The most common, feature-rich, mature and widely used service is Infra-

structure as a Service (IaaS) in which basic computing resources in the form of Virtual 

Machines (VMs) for running users’ applications are provided [2]. These applications are 
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mainly scientific and commercial, and call for powerful processing and huge storages. 

Most of these applications are in the form of workflows in which tasks are done accord-

ing to their dependencies and priorities. To administer such applications, Workflow 

Management Systems (WMS) have been developed to enable automation of running 

large scale distributed workflow applications submitted by users on the heterogeneous 

and very scattered cloud resources [3,4]. Among the numerous modules of a WMS, the 

scheduler, using scheduling algorithms, has a vital role in reducing the time of workflows’ 

running and improving the efficiency [5]. 

Conventional scheduling algorithms are not suitable for efficient scheduling of such 

applications on infrastructure cloud resources due to a significant reason. In previous 

computing environments, resource managers typically used simple scheduling policies 

called best-effort, such as Min-Min, Max-Min [6] and FCFS [7] in which run time of an 

application is the main concern. The resources offered by these platforms are free of 

charge and suitable for specific and limited kinds of applications, and their users are usu-

ally members of the infrastructure of that computing environment. This problem gets 

more complicated when the computing paradigm shifts to the cloud where users do not 

own the infrastructure and the business concept emerges [8]. In other words, in addition 

to run time, monetary costs must be considered too during the scheduling [9]. One user 

may want to minimize the run time of the workflow under a specified budget, while 

minimizing monetary cost under specified deadline may be the concern of another user 

[10]. For complex problems like this which lies in NP-Complete set of problems, there 

are no algorithms able to find optimal solution(s) within a polynomial time [11]. In such 

cases, instead, a method must be developed that while produces near-optimal solution(s), 

has low time complexity. This is because there are too many cloud users who estimate 

their needs based on current available resources and any delay in computing a scheduling 

solution may result in seizing their resources by others.  

There are too many methods, including heuristic, meta-heuristic, mathematical pro-

gramming etc. that can be exploited to solve this problem, among which the me-

ta-heuristics are in the center of attention. To solve the problem, in this paper, we have 

exploited Genetic Algorithm (GA), a popular evolutionary meta-heuristic method which 

has many advantages including intrinsic parallelism (exploring the solution space in sev-

eral directions at once); good performance on problems (like ours) in which the fitness 

landscape is complex; capability to dealing with several parameters concurrently; and no 

need for knowledge about the problems it is used to solve (because of its meta-heuristic 

nature) [12]. Although GA has proven to be an efficient strategy in solving a wide range 

of problems, it is not perfect. Some considerations must be taken into account when us-

ing this algorithm: designing a customized representation scheme and gene decoding 

mechanism for the given problem; carefully constructing a sound fitness function so that 

a higher value is actually assigned to a better result, and adopting correct types and val-

ues for GA parameters are the main challenges that must be tackled to benefit well from 

the superiorities of GA. In other words, if GA is not well exploited, it may not be practi-

cal for real large problems like ours and even lose its exploration power. In this regard, 

two major contributions have been made in the paper to tackle the mentioned challenges. 

It should be noted that by GA, we mean the classical GA in which chromosomes directly 

include potential solutions and standard genetic operators are applied. 

The first contribution is an attempt to resolve the first mentioned challenge. In GAs, 
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every individual of the population, called chromosome, is represented by a string. In 

many problems like scheduling, these strings are graph-structured, meaning that they are 

a sequence of graph constituents (i.e. tasks). But this kind of representation imposes two 

overheads— the need for complex evolutional operators (crossover and mutation) being 

compatible with graph’s precedence constraints, and extra repair phases to correct infea-

sible individuals of every new generated population [13]. To overcome this challenge, 

based on Genotype-to-Phenotype Mapping (GPM) concept [14], in this paper a new 

chromosome representation scheme together with an inventive decoding mechanism 

have been proposed which allow the redundancy of the solutions. Using such a mecha-

nism not only eliminates the need for extra repairing phases and increases the conver-

gence rate, but also improves the fitness of the results by allowing a concept called neu-

trality [15]. 

The second contribution deals with handling the second mentioned challenge. To 

solve the problem of minimizing monetary cost of executing a workflow on cloud re-

sources within a specified deadline, we have formulated a model for task-resource map-

ping which forms the GA’s cost function. This function is carefully customized for the 

problem to help the GA well distinguish the most fit individuals to be transferred to the 

next generation. 

In short, in this paper an algorithm based on GA is proposed which generates 

sub-optimal solutions for cost efficient scheduling of time-constraint workflows in cloud 

environment. By the offered solution(s), user will be confident that their workflow will 

be finished in the requested deadline with minimal monetary cost. The main contribu-

tions of our paper are summarized as follows: 

 Formulating a task-resource mapping which models the problem of minimizing 

monetary cost of executing a workflow on cloud resources within a specified 

deadline; and 

 Designing a novel chromosome scheme and its gene decoding mechanism for 

GA which guarantees the feasibility of solutions, allows neutrality in solution 

space, and eliminates some overheads of the classical GA, which results in high 

quality solutions in a short run time 

The rest of this paper is organized as follows. In Section 2, we review the related 

works. Section 3 presents the workflow scheduling problem, as well as our workflow and 

resource models. In Section 4, we present our task-resource mapping model, and then the 

proposed chromosome scheme and gene decoding mechanism are introduced. Simulation 

results of the proposed method are presented in Section 5. Section 6 concludes the paper 

and offers some future works.  

2. RELATED WORK 

Too many research works have been done to deal with the problem of task schedul-

ing in different distributed computing environments, especially in Grids, but there are 

few works dedicated to cloud computing [16]. Since cloud computing seems to substitute 

previous existing distributed computing systems, investigating and developing 

cloud-customized scheduling algorithms based on some input limitations such as dead-

lines, monetary cost, transmission cost, energy efficiency and load balancing is necessary 
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[17,18]. There are some surveys on the subject which have well reviewed scheduling 

algorithms for cloud environments and compared them in terms of scheduling parameters, 

factors, objectives, tools and their achievements [16-19]. In the following, we are going 

to review some recent researches on the subject. The selected works includes heuristics, 

meta-heuristics and mathematical programming methods which are not merely reported, 

but their advantages and deficiencies are also analyzed and presented to clarify the re-

maining gaps. 

In [20] a heuristic workflow scheduling algorithm for cloud computing based on 

Particle Swarm Optimization (PSO) is presented which considers cost of computation 

and data transmission simultaneously. Various experiments were done by changing  

execution cost of computing resources and communication cost between resources of the 

cloud environment. The algorithm is compared with the Best Resource Selection (BRS) 

algorithm in terms of execution time and resource utilization. Although the results show 

the superiority of their algorithm over BRS,  it should be noted that using the results of 

BRS which is a very simple scheduling algorithm as a criterion is not a good touchstone. 

It is clear that the BRS simply maps a task to a resource which has the minimum comple-

tion time, that is a resource with higher performance, lower load and thus having higher 

cost; while their algorithm tries to find the cheapest resource which can satisfy the task 

constraints. Moreover, their algorithm is based on PSO which is a population-based me-

ta-heuristic. Since the length of each particle of the population is corresponding to the 

size of the graph, and some values such as position and velocity must be calculated for 

all particles in each iteration of the algorithm, the time complexity of this algorithm is 

high, unless a solution is figured out. The authors have done all their experiments on a 

small synthetic graph with only 5 tasks, which is far from real workflows and the report 

about the convergence time of the algorithm is unrealistic. 

In [21] a market-oriented hierarchical scheduling strategy for cloud environments is 

presented, which consists of two scheduling algorithms: service-level and task-level. The 

authors exploited three evolutionary algorithms (GA, PSO and ACO) for task-level 

scheduling to optimize cost and makespan simultaneously. This strategy returns schedul-

ing solutions based on user preferences (including CPU time, optimization rate on time, 

and optimization rate on cost). However, since the strategy decomposes the problem of 

task to VM assignment in an entire cloud environment into parallel ones (in many small 

groups of VMs) to overcome enormous overhead of its computation, the global task to 

VM assignment solution may not be found. Moreover, the authors have done their ex-

periments on randomly generated DAGs and no real workflow is adopted. Therefore, the 

tasks’ attributes and relationships are determined synthetically, and the structures and 

characteristics of current business and scientific workflows are not modeled.  

In [22], deadline constrained Heuristic-based GAs (HGAs) to schedule workflows 

on cloud resources to minimize the monetary cost while meeting the deadline is present-

ed. The main contribution of their work is to improve the diversity of the initial popula-

tion by using some priorities assigned to the workflow’s tasks. In order to evaluate their 

proposed algorithm called BTGA, they tested it on some real-world workflow applica-

tions and compared the results with those of standard GA and two other versions of 

BTGA named TGA and BGA. The results show the advantage of their algorithm in 

comparison with others in terms of monetary cost. The authors have not reported any 

result about their algorithm’s run-time but it is clear that due to generating the initial 
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population heuristically and using standard genetic operators, which necessitate extra 

phases for repairing, their algorithm is a time-consuming one. 

Ahmad et al. [23] tried to solve workflow scheduling problem in heterogeneous 

computing systems by using a Hybrid GA (HGA). In fact, they enhanced GA by per-

forming modifications in genetic operators and involving an efficient heuristic. First, the 

initial population is seeded by a solution obtained from a heuristic which provides a di-

rection to reach an optimal solution. Then the population converges into the best found 

solution by using modified genetic operators. The authors also claimed that the HGA also 

optimizes the load balancing during the execution to utilize resources at maximum. By 

performing some experiments on real-world workflows, they showed that the HGA out-

performs other compared approaches in terms of resource utilization and makespan. Sim-

ilar to the previous work, although the results are favorable in terms of quality of the so-

lutions, there is no discussion about the algorithm run time which seems to be very high. 

In another work, Lin et al. [24] proposed a nonlinear programming model for solv-

ing bandwidth-aware task scheduling problem in cloud computing environments. The 

main contribution of their work is considering bandwidth requirements for executing the 

tasks in addition to computing resource requirements. By doing some experiments on a 

simulated cloud environment, the authors proved the performance of their algorithm. 

Despite the superiority of the results returned by their algorithm in comparison with the 

competitor methods, there are some points to be considered: the experiments were per-

formed on a set of equal-sized independent tasks which cover a very limited type of ap-

plications; the scheduling length was taken as the only comparison criterion which is not 

sufficient for evaluating scheduling solutions on market-oriented computing environ-

ments like clouds; and finally, their algorithm is based on nonlinear programming which 

is very time-consuming approach, due to the existence of numerous constraints, to be 

used in practice. 

In [25], Li et al. have proposed a greedy-based job scheduling algorithm for cloud 

environments, which again beside computing capabilities, takes bandwidth into consid-

eration for choosing a resource. Their proposed algorithm outperforms two other simple 

scheduling algorithms in terms of makespan and user satisfaction criterion, but similar to 

[24], this work lacks any evaluation about monetary cost efficiency of the compared al-

gorithms. 

According to the literature reviewed, the main remaining drawbacks can be summa-

rized as follows. Most of them adopted naive scheduling algorithms for comparison and 

performed their experiments on synthetic small-size workflows rather than existing 

benchmarks. The nature-inspired algorithms proposed so far although provides high 

quality scheduling solutions in terms of some metrics,  almost  are very 

time-consuming and no efforts have been made to tackle it. Therefore, in this paper we 

have proposed an algorithm to fill the gaps in some measures and handling the mentioned 

challenges which will be described in details in the next sections. 
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3. WORKFLOW SCHEDULING PROBLEM 

3.1 Problem Description 

We represent a workflow application as a DAG denoted by        in which 

            are the finite set of tasks, and   is a set of directed edges between 

the tasks in the form           where    is the parent of    and the data produced by 

   will be used by   . It is obvious that a child task cannot be executed until all of its 

predecessors (parent tasks) are accomplished. Each task   has three attributes, the re-

quired volume of storage,   , the required amount of memory,   , and the essential 

amount of processing power,   . For simplicity in this paper, only the last attribute is 

considered. However other ones can be used for further investigations. We have a set of 

services,   , where the average computation time and cost of executing task    on ser-

vice    is known. The processing capability of each service is different for different 

prices.   
  and   

  respectively denotes the sum of processing and data transmission 

times, and the sum of service and data transmission prices for executing    on service 

  . Figure 1.a depicts an example workflow structure in the form of DAG with five tasks 

and all mentioned attributes. In Fig. 1.b the compute resources (Regions 1 to 4) are 

shown. Each resource is located in a different geographical region and all resources are 

interconnected to each other with various bandwidths (                            ). 
Based on the presented annotations, our workflow scheduling problem can be stated as: 

“mapping every    of the workflow onto an available and suitable    so that the execu-

tion cost would be minimized within the workflow’s deadline. 

3.2 Problem Formulation 

By problem formulation we mean formulize the goal of scheduling, which is mini-

mizing the monetary cost while still meeting the workflow specified deadline. In this 

sub-section a fitness function for GA is proposed which calculates the quality of the pop-

ulation individuals according to the given optimization objective. We start with the mon-

etary cost of executing a workflow. Suppose           being the total computation 

cost of a mapping,   , and is calculated according to Equation (1):  

This value is obtained by adding all the nodes’ weights,    

  
, (that is the monetary 

cost of running task   on resource  ) of all workflow’s tasks given to each computing 

resource in the   . Multiplying the size of data file generated by    for    (       
), 

to the communication monetary cost of transferring a unit data over the link between    

and   , leads us to Equation (2): 

          ∑ ∑       
        

            (     )            

 (2) 

where the term “Imm. Pred.” represents the immediate predecessor. In fact,           

is the total access cost of all tasks assigned to the resources according to   . 

          ∑    

  

 (     )   
   

                    

(1) 
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Figure 1. a) An example workflow structure with five tasks and their attributes (      

and   ), b) A typical cloud environment consisting of four different service regions. 

 

It is obvious that the communication cost will be calculated only for the tasks which have 

file dependency and it is zero for those running on the same resource. Consequently, the 

monetary cost of executing a workflow equals to the summation of Equations (1) and (2): 

                             (3) 

Although the economic aspect of the execution is an important issue for the user, 

but the application’s deadline is the vital factor. If a time-critical workflow doesn’t finish 

in its time limit, even the cheapest service would not be applicable. Therefore, Equation 

(3) is not useful unless a time constraint being considered. Accordingly, we use Equation 

(4) to penalize those mappings which violate the application’s deadline. 

            |
                     

        
|           (4) 

where,          is the completion time of all tasks and          is the largest 

completion time of the given workflow. The penalty imposed by this equation to Equa-

tion (5), guarantees that the mapping    which its runtime lasts more than the work-

flow’s time limit, never would be taken as a feasible solution.  

              {
                                  

                                                                    
 

(5) 

Using the last equation, the fitness function for our optimization algorithm is as 

bellow: 

                        (6) 

Equation (6) ensures while the monetary cost of executing the workflow is mini-

mized, its time-constraint is satisfied and the tasks will have distribution of time-cost 

among the available resources. 

  

(a)               (b) 

Task 3
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4. THE PROPOSED ALGORITHM 

In this section, we present our GA-based method which uses GPM to improve the 

results of direct gene decoding GA in terms of quality of the solutions and the algo-

rithm’s run time in the cloud workflow scheduling problem. The main step in every GA 

is how to design a feasible chromosome structure so that it contains all parameters of the 

given problem. To this end, two different approaches can be exploited: direct approach 

and indirect approach. In the former used by most algorithms, all optimization parame-

ters of the problem are directly included in the chromosome. The main drawback of these 

types of representation is that the order of genes may be disturbed in the evolving phases, 

and as a result, infeasible solutions would be generated. Therefore, using heuristic genet-

ic operator mechanisms which ensures the feasibility of the solutions is expected. These 

types of mechanisms not only complicate the algorithm’s components, but also add an 

additional stage for non-randomly generating the initial population. In indirect approach, 

a string of genes which do not have any direct information about the problem’s parame-

ters forms the chromosome structure and then turns into a feasible solution using a map-

ping function. Therefore, there is no need for any repair phases to correct invalid chro-

mosomes, and crossover and mutation operators would be simplified. In this paper, the 

indirect approach is adopted; thus a special mapping called GPM is presented. 

To clarify the indirect approach in our designed algorithm we present a biological 

background of the subject. In molecular biology, the theories and empirical results sug-

gest to separate phenospaces and genospaces and use a generic GPM to map uncon-

strained genotypes into syntactically valid and correct phenotypes. Due to exploiting 

GPM, neutral variants come into effect by enhancing genetic diversity and allowing es-

cape from local optimal in phenospace via high-dimensional saddle surfaces in geno-

space. Similarly, we try to separate the search space (genotype space) and the solution 

space (phenotype space) in our problem to improve performance. The motivation for 

applying this theory is that our cloud-customized scheduling problem is a constrained 

optimization problem— not only our proposed algorithm should generate one or more 

phenotypes with the highest possible fitness in a short time, it is also forced to allow only 

such phenotypes to be generated which obey given restrictions.  

To explain the procedure of our GPM mechanism, the algorithm architecture as well 

as an abstract image of genotype and phenotype spaces are presented in Fig. 2. As men-

tioned, the genotype space actually is nothing but the search space and the chromosomes 

participating in the evolution process of GA are present in this space. A chromosome of 

the genotype space includes a fixed number of genes, each of which contains an integer 

in a predetermined range. This range strongly affects size of the genotype space; the 

higher the range, the more possible permutations for the genes of the chromosomes. The 

minimum possible value for the upper bound of this range varies from a problem to an-

other and depends on the components of that problem. For example, in our case, the 

problem faces two components: task graph and computing environment. In order for the 

minimum value for the upper bound of the range to be able to cover all cases, it should 

be determined based on the maximum number of tasks/resources. According to our pro-

posed decoding mechanism, 
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 Figure 2. a) An abstract image of genotype and phenotype spaces, and b) the algo-

rithm’s architecture. 

the upper bound for this range is an integer number much higher than the minimum value. 

This strategy results in presence of several instances of a chromosome in the search space 

which in turn leads to fast convergence and escape from local-optimum(s), which will be 

explained later. On the opposite side, the phenotype space is situated which is actually 

the solution space. Due to the constrained nature of our problem, large regions of its 

search space are infeasible. These regions are represented in Fig. 2.a by some white holes. 

The proposed GPM engine maps a chromosome in the search space into a solution in the 

phenotype space. By using this mechanism, the whole search space has become searcha-

ble and there is no concern about the existence of invalid individuals in the population, 

because our GPM engine is designed in a way that guarantees that the decoded solution 

from a chromosome is always feasible. In other words, it never lets a genotype be 

mapped into a point of the phenotype space located in one of the forbidden holes. Anoth-

er important point about the proposed GPM (as shown in Fig. 2.a) is that it is possible 

that several genotypes be mapped into precisely the same phenotype. This concept is 

called neutrality and strongly helps to accelerate the convergence rate and find 

near-optimum solutions. If an individual of the GA population gets stuck in a local opti-

mum, we are sure that there are many neutral alternatives mapping into the trapped phe-

notypes. Moreover, we are sure that some of them will be close to neutral variants of 

phenotypes representing better near-optimal solution(s). Therefore, the evolution will 

have a high chance to find these phenotypes. It should be noted too that according to the 

same arguments, the probability of finding worse phenotypes are high too, but due to the 

fitness-based performance of reproduction and search operators, the resultant worse gen-

otypes will have a very low probability to be multiplied.  

The pseudo-code of the proposed method is presented in Algorithm 1. Since the 

proposed method is based on indirect approach, each chromosome consists of a fixed 

number of integer numbers in the range of [0, 255]. The reason for adopting 255 as the 

upper bound for the range is to make it possible that even for the large task graphs, each 

chromosome in the search could have several neutral variants. In order to identify a 

unique chromosome, each must include sufficient information about the problem’s solu-

tions. To this end, the chromosome structure consists of two genes for each task which 

after mapping will convert into two major components: satisfying precedence relation-

ships, and position of tasks on resources. Therefore, the length of all chromosomes is 

fixed and can be figured using the following relation: 

           (7) 

Genotype Space
(Search Space)

Phenotype Space
(Solution Space)

Solution 1
Solution 2

Solution 3

Genotypes

Phenotypes

Genotype-to-Phenotype 
Mapping (GPM)

Engine

A Population of 
Chromosomes

A Set of Feasible 
Solutions

Elites

Offspring

In
it

ia
liz

at
io

n

Term
in

atio
n

Selection

Crossover

Mutation

Survivors

Evaluation

(a) (b)
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Algorithm 1. GA-based Cloud-Customized Workflow Scheduling 

Input:     Workflow Graph,       , 

          Number of Cloud’s Resources,   , 

          Maximum Generation,  , 

          Size of Population,  , 

          Selection Rate,  , 

          Mutation Rate,  , 

Output:   feasible solution,   

 

1: 

2: 

3: 

4: 

 

5: 

6: 

7: 

8: 

9: 

10: 

11: 

12: 

13: 

 

14: 

15: 

16: 

17: 

18: 

 

19: 

20: 

 

 

21: 

22: 

 

23: 

24: 

25: 

 

26: 

27: 

28: 

 

29: 

 

30: 

31: 

32: 

33: 

\\Initialization 

     generate   solutions with    length randomly in the range [0,255] 

     save them in the population     

repeat  

     for   = 1 to   do 

\\Genotype-to-Phenotype Mapping (   ): 

          for   = 1 to   do 

                              

                   

                  ready tasks 

               while      do 

                               [          ]      
                                                

                          
                                   [          ]                 

                    update    
                                                            

                          

               end 

                        (      )              

         end 

\\Selection: 

     number of elitism        

     select the best    solutions in     based on fitness of                         

and save them in      

\\Crossover: 

     number of crossover             

         for  =1 to    do 

              randomly select    and    from   

              generate    and    by one-point crossover to    and       

              save    and    to      

         end 

\\Mutation: 

         for  =1 to    do 

              select solution    from      

              mutate each bit of    under the rate   and generate a new solution      

              update    with     in      

         end 

\\New Population: 

         update               

     end 
until stop criterion 

return the best solution   in     
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where     is the length of each chromosome, and   denotes the total number of work-

flow graph’s tasks. First, a population of chromosomes is generated randomly in the 

mentioned range and length. Before being able to evaluate their fitness, we have to con-

vert them into meaningful and real solutions by using our GPM engine. Our GPM gener-

ates a feasible scheduling solution from a chromosome in two main steps: 

Step 1: in this step, the execution order of tasks, as well as the resource allocation for 

each task, is determined. This goal is achieved by running the following algorithm: 

A. A queue named “command” is created and all    integers of the chromosome are 

transferred into it. 

B. A pool called “ready-to-submit tasks” is generated. 

C. Those tasks will be added to this pool, which are ready to be submitted, i.e. when all 

their predecessors are completed. 

D. In order to select a task from the pool, the first number in the “command” queue is 

popped. 

E. Another queue called “execution order” queue is created and the nominated task 

number is added to it. 

F. Next number on the “command” queue is taken and used to determine a resource for 

execution of the task. 

G. The task selected in D is marked done and its children are added to “ready-to-submit 

tasks” pool. 

H. The algorithm is repeated from B until the “ready-to-submit tasks” pool is empty. 

Step 2: The goal of this step is to create strings called R-strings which determine the 

order of executing the tasks assigned to each resource without violating the graph’s 

precedence constraints. For a cloud provider providing    different resources (geo-

graphically or in terms of performance),    strings must be generated, each determining 

the order of task executions assigned to the same resource. The R-strings are produced by 

running the following algorithm: 

A. First task from the “execution order” queue is adopted. 

B. The index of the selected task is attached to its corresponding allocated resource 

which was determined in the previous step. 

C. While the “execution order” queue is not empty, this step is repeated from A. 

By running the above steps, the chromosomes are converted into feasible solutions and as 

a result the tasks are mapped into available services. Then, fitness of the chromosomes 

can be measured using Equation (5). This procedure is repeated for all chromosomes of 

the population and they will be ranked based on their fitness values. Those chromosomes 

which have the best ranks are qualified to be directly transferred into the next generation 

and participate in producing more fitted offspring. Since the chromosomes do not direct-

ly contain the problem information, there would be no need to repair them after applying 

evolution operators, and classic genetic operators including crossover and mutation can 

be used without any complex modifications. In the following, the algorithm’s procedure 

is clarified by an example which is also illustrated in Fig.3. Consider the DAG of the 

workflow shown in Fig.1.a which has 5 tasks. According to Equation (7), each chromo-

some must have 10 genes in this case. To elaborate the GPM mechanism, suppose that 

the following sequence of chromosome’s genes is generated randomly, 

[8,7,7,5,2,3,3,9,1,8]. As mentioned earlier, each two consecutive numbers in the chro-

mosome will  be  decoded  into  a  task  index and its allocated resource. Therefore, the 
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Figure 3. Illustration of problem decoding. 

remainder of the division of the first integer of a chromosome by the number of the tasks 

in the “ready-to-submit tasks” pool gives the index of the first element of the pair, i.e. the 

task number. The second element of the first pair, i.e. the allocated resource for the first 

task, is the remainder of the division of the second integer of the chromosome by the task 

number subtracted from the number of available resources plus 1. To clarify the point, 

the task number and the allocated resource of the first task are calculated based on the 

two first digits of the above chromosome (i.e. 8 and 7) as follows:            
      , and                          , where     denotes the modulus 

operator. Therefore, the resulting pair would be (1, 4) and other pairs are generated in the 

same way. The results are shown in Fig.4.a. Supposed that  the run times of tasks {1, 2, 

3, 4, 5} are [1, 3, 2, 3, 2] time units respectively; in the second step, one finds task num-

ber 1 stretching from time 0 to time 1 (i.e. consuming 1 time slot). As shown in Fig.4.b, 

this attribute is used to generate R-Strings. The same procedure is followed for other 

pairs of (task, allocated resource) which have been generated in the first step. As seen, 

the proposed mapping heuristic converted an indirect-structured one-dimensional chro-

mosome into a two-dimensional string which is a feasible scheduling solution in two 

simple and straightforward steps.  

(1,4) 

(3,2) 

(2,1) 

(5,3) 

(4,1) 

Resource 1 = [  , 2, 2, 2, 4, 4, 4 ] 

Resource 2 = [ , 3, 3,  ,  ,  ,  ] 

Resource 3 = [ ,  ,  ,  , 5, 5,  ] 

Resource 4 = [1,  ,  ,  ,  ,  , ] 

(a) (b) 

Figure 4. a) Task allocation pairs generated in step 1, b) R-Strings generated in step 2. 
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5. EXPERIEMTNAL RESULTS 

In order to fulfill the experiments, we have used Python Programming Language [26] 

to simulate our cloud environment and the algorithms. In order to compare our proposed 

scheduling method, we have implemented three recently successful nature-inspired algo-

rithms which are reviewed in the Related Work section: an ACO-based market-oriented 

workflow scheduling (MOHS) algorithm [21], a Hybrid GA (HGA) [23], and a Bot-

tom-level and Top-level GA (BTGA) [22]. Our cloud environment is based on a real 

cloud service provider and consists of four different computing regions from around the 

world (see Fig.1.b), based on Amazon Elastic Compute Cloud (EC2) [27]. The perfor-

mance in terms of MIPS and  monetary cost of the regions’ service types are presented 

in Table 1. The available network bandwidths between services of different regions are 

presented in Table 2. The communication cost of transferring a unit data between re-

sources given by Amazon CloudFront [28] is 0.01$/GB, and we  used it too in our ex-

periments.  

Table 1. Computation time and cost of different service types for Amazon’s EC2 Regions 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. Bandwidth between different Amazon’s EC2 Regions (MB/Sec) 
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Figure 5. Benchmark workflows: a) Hybrid workflow application for protein ex-

planation, b) Montage for astronomy, and c) LIGO for physics 

The datasets selected in simulations include workflows of real-world applications: a 

Protein Annotation, Montage and LIGO workflows which are used as benchmarks for 

evaluating performance of parallel and distributed systems like grids and clouds. The 

former is a protein explanation workflow developed by London e-Science Centre [29] 

and we have picked it as a real e-Science workflow benchmark. The I/O data of the 

workflow’s tasks ranges from 15 GB to 90 GB. So this workflow application is da-

ta-intensive and takes much time (hence much money) to accomplish its data transfer-

ence. The structure of this complex workflow is presented in Fig.5a. Montage workflow, 

a widely used astronomy application, is also of data-intensive type which is created by 

NASA to generate mosaic of the sky. LIGO (Laser Interferometer Gravitational Wave 

Observatory) workflow is offered in order to identify gravitational waves resulted from 

world events based on Einstein’s theory of general relativity. The structures of these lat-

ter two workflows are illustrated in Fig.5.b and c respectively. As shown in the figure, 

the two applications have different structures and degrees of parallelism, as the LIGO 

parallelism is too high and the structure of the Montage is too complex.  

The GA parameters used in this study are as bellow:  

 The number of population individuals: 50 

 The maximum number of generations: 100 

 Selection rate: 0.3 

 Mutation probability: 0.2 

which are chosen experimentally as the optimized ones after numerous algorithm runs. 

Since GA and ACO are stochastic optimization algorithms, each of the experiments 

for all four approaches were repeated 50 times and the reported results were the average 

values of all repetitions. Supposing that all regions include different service types and 

data transfer links according to Tables 1, 2; the proposed algorithm (shown as GPMGA), 

BTGA, MOHS and HGA were run to find a feasible cost-optimized solution for the 

benchmark workflows and for different deadlines. Fig.6 compares the total monetary cost 

returned by the algorithms versus the application’s deadline for each of the workflows. 

According to these results and as expected, we observe that the execution costs of all 

algorithms are significantly reduced as the deadline is increased from 2000 to 10,000 

time units. 

(a) (b) (c)
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The value and pattern of this reduction is different for the four compared algorithms 

and for different workflows. According to Fig.6.a, the proposed algorithm significantly 

outperforms the others so as its monetary cost is averagely 19%, 61% and 72% lower 

than those of BTGA, MOHS and HGA respectively. When the deadline is strict (i.e. 

2000 time units), all algorithms try to distribute the tasks on regions so that the whole 

workflow is completed within the specified time limit. In this case, the cost returned by 

GPMGA is considerably lower than the others. By comforting this constraint, the algo-

rithms have a chance to make relaxed decisions based on computation and transfer costs 

of different regions and as can be seen, the results of BTGA are approaching to those of 

GPMGA but although the results of others are decreasing too, they still have a great dif-

ference with the formers. This is because MOHS and HGA restrict the search space ex-

ploration by local/global pheromone updates and complex genetic operators respectively, 

and as a result, they ignore some search regions by skipping them, which may lead to 

solutions not well optimized. In contrast, by separating solution and search spaces, our 

proposed algorithm imposes no restriction for exploration, hence the whole search space 

can be searched. This together with the neutrality concept in our proposed method guides 

the GPMGA to find the global minimum valley and provide near-optimal solution(s). 

The same increasing pattern as that of LIGO workflow can be seen in Montage 

workflow too, but with some differences. The main important difference is the range of 

execution cost of the produced solutions. The number of tasks in this workflow (10,000 

tasks) is more than  that of LIGO (3000 tasks), but the main reason is the special struc-

ture of the workflow graph and its tasks’ attributes. The second level of its graph includes 

many tasks, with a short execution time about 10 time units on the fastest service. When 

the deadline is tight (e.g. 2000), the only way to finish all these tasks before the single 

task in the third level is to assign a distinct resources to each or only a few of them. 

Therefore, all algorithms have to use many resources from the regions. This causes the 

total monetary cost of the scheduling solutions to increase drastically. 

In the case of Protein Annotation workflow, the pattern of results is different. As 

can be seen in Fig.6.c, BTGA drops behind others in all deadline values. The explanation 

is  that BTGA prioritizes the tasks based on their levels. According to Fig.5.a, it is ob-

vious that the structure of this workflow is not well levelized, hence BTGA cannot prior-

itize the tasks appropriately according to their levels. Consequently, some tasks may be 

scheduled in a sequence in which ready tasks are kept waiting until the deadline is close, 

and then the algorithm will be forced to use too many resources in the final time units. 

Again, the GPMGA outperforms others so asits average cost is lower than BTGA, 

MOHS and HGA 67%, 28% and 45% respectively. 

Since the algorithms are designed to be used by workflow management systems to 

handle the execution of users’ workflows, they should make the scheduling decisions in 

the shortest possible time, because there are too many cloud users who estimate their 

needs based on current available resources and any delay in computing a scheduling so-

lution may result in seizing their resources by others. This parameter was the motivation 

for performing the next experiment which measures the run time of the algorithms. To 

make a fair comparison, we set the target monetary costs (stopping criterion) for execut-

ing the workflows equal for all algorithms. Enough time was provided for each algorithm 

to reach the given costs, and their run time for all workflows were computed.  The results  
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Figure 6. Monetary cost of executing: a) LIGO, b) Montage, and c) Protein Annotation 

workflows scheduled under different deadlines 

show that the run time of GPMGA and BTGA are in the order of seconds and tens of 

minutes respectively, and those of MOHS and HGA are in the order of minutes. The 

quickness of our proposed algorithm is due to its empowering property, that is neutrality, 

and not using complex genetic operators. Among all methods, HGA is the most 

time-consuming one since it first runs a heuristic to generate the initial population of its 

GA-based algorithm, and during GA generations it uses repair phases to correct invalid 

produced offspring. In order to clarify how the proposed algorithm allocates resources to 

tasks according to different deadlines of a workflow (in this case, Protein Annotation), 

another set of experiments is done with its results shown in Fig.7. This figure traces the 

resource selection and allocation of the proposed approach which optimizes the execu-

tion cost of the workflow for different deadlines.      denotes the service type   located 

at region  . The bar charts of this figure shows that when the deadline is tight (e.g., 1000), 
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Figure 7. The number of processed tasks vs. service instances for monetary cost op-

timization within different deadlines 

demanding all the best resources in a short time is high. In this case, the price of re-

sources does not matter much and finishing the workflow within the specified time limit 

is the major goal. Conversely, when the deadline is going to be relaxed (e.g. 15000), the 

algorithm is likely to distribute tasks over cheaper resources. When deadline is set to a 

great value, all jobs can be completed using the few cheapest resources. For example, in 

the last shown deadline, that is 30,000, all tasks are aggregated on the Small services of 

the regions, which have the same cost and processing capability (e.g., S11, S21, S31 and 

S41). Clearly, relaxing the completion time of the application to a very large deadline 

causes all tasks to be queued on the cheapest resource (i.e. S21) so that the communica-

tion cost would be eliminated and the overall execution cost would be minimized in its 

extreme case. The property of the proposed algorithm, found in the above experiment, is 

that it always tries to balance the load of the workflow on all possible resources in all 

regions so that the time constraint would not be violated. When the deadline is medium 

(i.e. 8000), resource allocation would be in between. 

6. CONCLUSIONS 

In recent years, utility computing has been realized by the emergence of cloud 

computing. Simultaneously, there is a growing request for automation of large scale dis-

tributed scientific and business applications in the form of workflows in this new compu-

ting paradigm, which necessitates developing new efficient workflow scheduling algo-

rithms. In this paper, we first formulate a task-resource mapping model for minimizing 

monetary cost of executing a workflow on the resources of an infrastructure cloud within 

a requested deadline. This formulation is then used as the proposed GA’s fitness function. 

Then, a novel chromosome representation scheme and its gene decoding mechanism are 

proposed, which allow using unrestricted search operators and guarantee feasibility of the 

   

   



MORTEZA MOLLAJAFARI AND HADI SHAHRIAR SHAHHOSEINI 

 

18 

 

generated solutions. By the offered solution, the user can be confident that their work-

flow will be finished in the specified time limit, in the most profitable manner. The per-

formance of the proposed method is validated by simulating on real-world benchmarks: 

LIGO, Montage and Protein Annotation workflows. Experimental results show that the 

proposed method outperforms the three other recent and successful nature-inspired algo-

rithms in terms of monetary cost so as for the LIGO workflow, the cost of its solutions 

are averagely 19%, 61% and 72% lower than those of BTGA, MOHS and HGA respec-

tively. Moreover, the results of another experiment show that the run time of the pro-

posed method is in the order of seconds while others return a solution in minutes and 

even more, which demonstrates the quickness and practicability of our proposed algo-

rithm. In the future, we intend to adapt our GA-based workflow scheduling method with 

unique features of cloud computing environment, such as on-demand elastic resource 

provisioning and time-interval charging model of resource and allowing the migration of 

tasks in order to re-balance the loads. 
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