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Abstract 
Data-intensive scientific workflows, typically modelled by directed acyclic graphs, consist of inter-dependent tasks that exchange 
significant amounts of data and are executed on parallel/distributed clusters. However, the makespan, energy or monetary costs 
associated with large data transfers between tasks executing on different nodes may be significant. As a result, there is scope to 
explore the possibility of trading some communication for computation, aiming to reduce overall communication costs. Hence, in 
this paper we propose a Execution Resource Provisioning for Data Intensive Scientific Workflow Execution (ERP-DISWE) for 
reducing the makespan, consumption of energy and cost. The proposed model has been compared with the other existing models 
using the Inspiral. The results show better performance when compared with the other existing models in terms of makespan, cost 
and energy consumption. 
Keywords: Makespan, Cost, Energy Consumption, Inspiral, ERP-DISWE 

1. INTRODUCTION 
Cloud Computing [1] along with virtualization technology provide a large research scope towards all major domain and 
applications. With the continuing growth in global data, the need for automated data processing becomes more and more 
evident. This applies to areas such as Bioinformatics, Geology, and Geoinformatics but also Astronomy. These areas 
extract a lot of information for their research work. The extracted data of these areas are sometimes stored in the form of 
scientific workflows.   
Scientific workflows [2], typically modelled by Directed Acyclic Graphs (DAGs), consist of inter-dependent tasks that 
communicate through the use of files; the output data of a task may be used as input from a subsequent task. Such 
workflows may consist of several thousands of tasks and are extensively executed on largescale parallel/distributed 
platforms, including clusters or clouds [3], so that independent tasks can be processed in parallel and the workflow cost 
and makespan (overall execution time) can be reduced. Scheduling of tasks in a cloud platform is an NP-hard problem [4]. 
For the execution of these tasks some platforms such as CloudSim [5], [6], and EdgeWorkflow [7] have been used for 
scheduling the incoming tasks from the workflows in the recent times.   
For scheduling these incoming tasks various algorithms have been presented [8]. Some of these task scheduling 
algorithms include Particle Swarm Optimization (PSO) [9], Ant Colony Optimization (ACO) [10], Heterogenous Earliest 
Time First (HEFT) [11], Enhancement-HEFT [12], Round Robin [13], Multi-objective workflow optimization strategy 
(MOWOS) [22], GRP-HEFT [26], Energy Minimized Scheduling [27], GOFQRA [28]. These various algorithms have 
provided better results, but fail to consider large workflows. These existing algorithms fail to reduce the cost and 
makespan during the computation of the scientific workflow. Hence in this paper, we propose a model, Efficient Resource 
Provisioning for Data Intensive Scientific Workflow Execution (ERP-DISWE). The proposed model mainly focusses to 
reduce the energy consumption, cost and complete the computation of the task in a given deadline (makespan). The 
significance of this research work is as follows.  

 To provide a model which reduces the makespan, consumption of energy and computational cost during the 
execution of workflow tasks. 

• To evaluate the results with the existing models which also have used different methodologies for execution of 
scientific workflows.  
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Further, in Section 2 we discuss the various models, algorithms, architectures and methodologies used for the execution of 
scientific workflows. In the Section 3, we propose an architecture and resource provisioning model for the proposed 
method, Execution Resource Provisioning for Data Intensive Scientific Workflow Execution (ERP-DISWE). In the 
Section 4, we have evaluated the results and compared with the existing models. Finally, in the last section, Section 5, a 
brief conclusion about the whole research work has been given.  

2. LITERATURE SURVEY 
This section studies different workload scheduling for cloud and edge-cloud platform [14], [15]. In [16], they have 
proposed Task-Duplication-Based-Scheduling Algorithm (TDSA) for reducing the cost and makespan in the cloud 
environment. For this they have proposed two methods in the algorithm. They conduct experimentation on three random 
workflow and one scientific workflow. The experimentation results show that the proposed model has reduced the cost by 
31.6 percent and makespan by 17.4 percent. In [17], they have proposed an algorithm for task scheduling which reduces 
the energy consumption, total computation cost and increases the performance of the overall system in an edge-fog 
computing environment. In this model, they have considered the tasks of the workload as Directed Acyclic Graph 
(DAG). The tasks of the workload are executed on the basis of their deadline. In this model, they have also used Markov 
Decision Process for allocation of best resources for the computation of the workload tasks. The results show that this 
algorithm performs better when compared with the existing models.   
In [18], they have proposed a task scheduling algorithm for cloud fog platform. This algorithm considers the task 
scheduling as a permutation-based optimization issue. To propose this algorithm, they have used improved version of 
Genetic Algorithm (GA) for the computation of the tasks. The tasks are allocated to a virtual machine which has good 
resources and takes less time for execution on the basis of the permutation. The experiments have been conducted and 
the results have been compared with the existing systems, best and first fit, bees life algorithm and genetic algorithm. 
The results have been compared with respect to cost, time, total computation time and failure rate. The proposed 
algorithm achieves a good performance in terms of cost, total computation time and failure rate when compared with the 
existing systems. In [19], they have proposed a task scheduling model for reducing the energy consumption and 
execution time in a fog computing platform. They have proposed an architecture for handling the incoming tasks of the 
workload in the fog. Further, they propose an Integer-Linear-Programming (ILP) technique and an Opposition-based 
Chaotic-Whale-Optimization algorithm for improving the performance of the model. The results have been compared 
with Genetic Algorithm, Artificial-Bee-Colony and Particle Swarm Optimization. The results show that the proposed 
task scheduling model attains better performance when compared with the existing systems.   
In [20], they have proposed a IoT task scheduling in a fog environment for reducing the cost, energy and makespan. For 
scheduling the tasks in the fog environment, they have proposed a deep reinforcement learning algorithm. This paper 
has addressed the issue of scheduling the tasks into the virtual machines by using a dual queuing technique. In [21], they 
have proposed a Particle-Swarm-Optimization (PSO) algorithm for scheduling the tasks in an edge computing. This 
algorithm reduces the cost during the computation of the tasks. The have done the computation on CloudSim platform 
and the results have been compared with other four task scheduling algorithms.  

The results show that this model optimized the computation time and computation cost efficiently.  
In [22], they have proposed an algorithm, Cost-Optimized-Heuristic-Algorithm (COHA) for reducing the cost during the 
scheduling of tasks. In this model, the workflow tasks are first divided into sub-task so that the execution time of each 
sub-task reduces and they get executed in the given deadline. They have considered the scientific workflows (SIPHT, 
CYBERSHAKE, MONTAGE, EPIGENOMICS) for evaluation of their model. The results show that during the 
computation of these tasks, the virtual machine allocation is much faster by dividing the tasks. They have reduced the 
cost by 32.5 percent for the SIPHT workflow, 3.9 percent for the MONTAGE workflow and 1.2 percent for the 
CYBERSHAKE workflow when compared with the existing system. In [23], they have extended their proposed COHA 
work by proposing a Multi-Objective-Workflow Optimization-Strategy (MOWOS) for reducing the makespan and cost. 
In this model they have proposed two algorithm maximum virtual machine and minimum virtual machine for the 
computation of the tasks coming from the workflow. The results of MOWOS show that it reduces the cost by 8 percent 
and reduces the makespan by 10percent. 
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3. METHODOLOGY  

3.1 Architecture of the Execution Resource Provisioning for Data Intensive Scientific Workflow Execution (ERP-
DISWE) 

In [24], they have proposed a model for the placement of the virtual machines. They have given an architecture about how 
the virtual machines and physical machines are placed in the cloud platform. In this architecture, the cloud resource 
monitoring service provides a physical machine to a cloud user on the basis of the job request requested by the user. After 
the physical machine is assigned to the cloud user, the virtual machines are also allocated using the virtual monitoring. 
Further, the virtual machine placement is done according to the task which needs to be executed and also the virtual 
machine migration takes place in which the idle virtual machines are allocated to other users. This model provides a good 
virtual machine placement policy for data intensive workflow execution but fails to consider the cost of communication 
from the cloud user to the virtual machine, reconfiguration of the virtual machines when the virtual machines are idle and 
cost of execution of the tasks (computation). Hence due to all these issues we propose an architecture for data intensive 
scientific workflow execution which addresses all the issues of the existing model. The architecture of the model has been 
given in Figure 2. In this architecture, the model has been split into two parts, first part is the front end where the 
incoming tasks of the workflow are controlled and the configuration of the virtual machine is done in the cloud platform 
The second part consists of physical machines and respective virtual machines for the computation of tasks of the 
workflow. In this model, we have introduced a data center network which detects the incoming tasks of the workflow. A 
data block separator has also been proposed in this architecture which divides the incoming tasks and sends them to server 

 for the computation. The Virtual Machine Controller has been used for the virtualization and for mapping the incoming 
tasks of the workflow to the idle virtual machines. 
 

 
Figure 1. Placement of virtual machine to physical machine [1].  

 

 
Figure 2. Proposed Architecture for the Execution Resource Provisioning for Data Intensive Scientific Workflow 

Execution (ERP-DISWE) 
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3.2 Computational Resources 
For the computation or for the execution of the workflow tasks, virtual machines are required which are hosted by the 
physical machines. This is because the scientific workflow tasks have large number of tasks which utilize more time for the 
computation on a single virtual machine. Hence, due to this the tasks are divided and then various virtual machines are 
allocated for each task of the workflow. Also the availability of the virtual machine also matters for the execution of the 
tasks. The state of the virtual machine depends on the physical machine. The physical machine is usually in two states. 
First state is switched off or inactive and second state is switched on or active. We propose a third state, non-active state. 
In this state, the virtual machine remains idle when there are no tasks being executed by the virtual machine and the 
physical machine is not turned off. In the proposed model, all these states are controlled by the data center network. As the 
time required to switch on and switch off the physical machine is much higher when compared to the non-active state. 
This also ensures the availability of the virtual machines whenever an incoming task of the workflow comes for the 
computation. 

3.3 Structuring the tasks of the workflow for computation 
The data intensive scientific workflow consists of various tasks. Each task has a sequence of information represented as a 
data block size in bits as which need to be executed by the physical machine. The data block is divided into  size 
depending on the  virtual machines which are active or idle . For the computation of any task by the virtual 
machine, Service Level Agreement and Quality of Service should be defined. Hence due to this, the time required for the 
execution of any task by the virtual machine should take less than seconds of time. 

3.4  Physical Machines and Virtual Machines Classification  
For the allocation of the physical machines and virtual machines for the incoming tasks of the workflow in an energy 
aware environment, the physical machine  can be defined using the following equation: 

(1) (1)  

In Equation (1),  represents the CPU frequency of the physical machine when it is in an idle state,  
represents the highest CPU frequency of the physical machine when it is not in an idle state,  represents the 
consumption of energy consumed by the CPU when it is in an idle state,  represents the percentage of the physical 
machines which are active and  represents the capacitance-load. As the physical machine can only host one or more 
virtual machines, we can consider that the data-center is heterogenous. Due to the heterogeneity of the data center, it can 
be assumed that any virtual machine can execute any task of the 
workflow.  
Hence, due to this we define  for representing the highest processing rate. From this definition it can be said that 
the 푅푝ℎ푖푔ℎ푒푠푡= 푓푟푒푞푥ℎ푖푔ℎ푒푠푡. 
  

3.5 Computation of a task in ERP-DISWE  
There have been many methods which have been recently proposed for reducing the energy while the computation of the 
tasks in the virtual machines. Dynamic Voltage and Frequency Scaling (DVFS) model [25] and Particle Swarm 
Optimization [25] model have been used widely in the cloud platforms to reduce energy consumption by minimizing 
frequency of the virtual machines. It is assumed that the virtual machine can compute the tasks for only a limited time 
depending on the frequency which has been given by the physical machine. The DVFS technique allows to alter the 
frequency depending on the requirement of the task so that the virtual machine can run for a longer time without 
consuming more energy. Here, we define a parameter  which represents the actual low and high frequency of 
virtual machine. This parameter ensures that the virtual machine is utilizing the DVFS technique for consumption of 
energy. The minimum frequency of the virtual machine at idle stage can be defined using the following equation 

푓푟푒푞ℎ푖푔ℎ푒푠푡≜푓푟푒푞 >푓푟푒푞 >푓푟푒푞 > ⋯ >푓푟푒푞 >푓푟푒푞퐼≜푓푟푒푞 (2) 
푍 푧−1 푍−2 1 0 

In the existing DVFS models, for altering the frequency, only a range of 10x microseconds has been given. In the proposed 
model, the frequency can be altered in a dynamic way for providing better performance while execution of the workflow 
tasks. During the process of execution of the tasks of the workflow, each virtual machine has the ability to collect its own 
current frequency range. Other components such as memory, storage etc., run at a constant frequency and utilize the same 
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energy both in the active and non-active (idle) state. Due to this, we mainly concentrate on reducing the energy consumed 
by the CPU. For this, the energy consumed by each physical machine is evaluated using the following equation 

 (3) 

In Equation (3), 퐸푟푢푛−푡푖푚푒 denotes the dynamic energy consumed by the CPU of the physical machine and virtual machine, 
is the CPU frequency of the physical machine and  denotes the voltage supply. The frequency and voltage are 

correlated which has been defined using the following equation  
 (4) 

In Equation (4),  represents a constant,  denotes the voltage having less threshold in comparison to the actual voltage 
supply . Using Equation (3) and Equation (4), and also by adding  when the virtual machine is in idle state, we 
can define cost required for the computation  

 

  

(5) 

In Equation (5),  is the computation cost, ,  is the time duration that elapses among 
instances when the virtual machine of the physical machine is functioning at the frequency . The range of  in  
is from 1 to  and range of  in  is from 0 to .  denotes the different frequencies for each virtual machine in  
different limits.   

3.6 Reconfiguration of a task in ERP-DISWE  
In this model, the virtual machine controller is used for controlling the frequency measuring methods, so that the physical 
machines hosting the virtual machines are able to scale their frequency . It can be seen that by altering the frequency 
from to , the cost of computation  increases even after using the DVFS 
technique. The computation cost  satisfies the three conditions: 

1. The value of the  depends on the frequency gap which is of the overall frequency 
 

2. When  and  are equal, the overall frequency  remains constant and the 
 gets eliminated. 

3.  and  are always in a combined curve. 
            When all these conditions satisfy the cost for        reconfiguration is given as the below equation 

(6) 
 

  
In Equation (6),  defines the cost of computation because of altering the frequencies. In the normal DVFS 
computing models the value of  are less and always in the  
Therefore,  and  are fixed and only linked to the graphically depicted different upper and lower bounds of 
actual frequency for each virtual machine. We assume that perhaps the total sum of all presently-present frequency is the 
same across all virtual machines. Each virtual machine can only complete its given task during a certain frequency range, 
which we have described as . ERP-DISWE separates the switching cost into two categories: 
internal and external cost.   
The variation among the initial  for another set of forthcoming tasks and the most frequently 
utilized  of current tasks is what determines the external cost, while the internal cost takes into 
account the expense of reconfiguring virtual machine  by switching among  in a variable 
manner. For example, suppose we have a virtual machine with five distinct frequencies, each of which corresponds to a 
different part of the task. For this step, we consider the three frequencies as a group, assess the frequency shifts on both the 
internal and external costs, and derive the required amount of energy for the reconfiguration from the resulting Equation 
(6). 

3.7 Communication of a task in ERP-DISWE  
The proposed ERP-DISWE model, it is assumed that each virtual machine has an interaction with the workflow schedular 
(data center network) using a contention independent based link which computes the task at the transmission rate of 

 where it is evaluated in  and  ranges from 1 to . It is also considered that the contention 
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based link is direct and symmetric from both the directions. Further, in this model, we have considered uni-directional 
switching and transmission procedure on the , where the   uses energy of   having  as 
its unit. can be denoted as  where  is the energy required 
for switching from one side to another and transmission also  is the energy consumed from the receiver side. 
The actual information of  is dependent on switching-unit.  also affects the  due to the 
dependency and noise caused by the . Furthermore, the energies collected using the link  
is assigned to the tasks. For acquiring the actual data of , the designing cost must be reduced. In the present 
situation, the cloud platforms use physical machines which are connected using the Ethernet cables and switches provide 
high speed. As they use Ethernet cables, transmission control protocol is utilized for achieving strong link between the 
physical machines. Due to this protocol, the end-to-end transmission is achieved without any congestion and the 
computation time is reduced. Hence, from this the cost of communication can be given as follows 

 
(7) 

In Equation (7),  where the  represents the size of the highest-

segment where  is the unit of .  is the no. of acknowledged parts?  is the noise energy ratio of coding 
gain-to-receiving for the  .  is used to denote the mean time for the round trip for the  

 which is linked end-to-end.  denotes the cost of energy for the idle  . Hence, using this the delay for 
transmission in a single direction can be defined using the following equation  
  (8)  

 (8) 
From the , the cost of communication is defined using the following equation 

 

 
(9) 

Further, the energy consumption for communication from one end link to other end link will not affect the computation 
and is free from all other dependencies. 
The Equation (5), Equation (6), and Equation (9) provide a reduction for computation, reconfiguration and 
communication. But these parameters are not feasible for edge-cloud computation. Hence, we define a parameter  for the 
reduction of cost in the edge-cloud. The following equation reduces the cost for the computation of workflow tasks in an 
edge-cloud platform. 

 
 
(10) 

Where,  represents the cost of computation,  represents the cost of 
reconfiguration,  represents the cost of communication. The  denotes the overall cost of the computation 
in an edge-cloud platform. In the next section the results have been discussed considering the energy and cost 

4. RESULT AND DISCUSSIONS  
4.1 Experimental Setup 
The proposed algorithm (ERP-DISWE) is executed under the Inspiral scenario to evaluate the makespan, energy 
consumption and cost. The ERP-DISWE algorithm is compared with the MOWOS [22], EMS [27], GOQRFA [28] 
models. The four different tasks of Inspiral have been considered for the evaluation of the results. These four tasks include 
Inspiral 30, Inspiral 50, Inspiral 100 and Inspiral 1000. All experiment is carried out on a computer with Intel(R) Core i5-
5200U CPU at 2.2. GHz, 16.00 GB of RAM, Windows 10, 64-bit operating system. To simulate and evaluate the proposed 
algorithm’s performance, we used CloudSim. 
 
4 .2 Makespan 
In Figure 3, Figure 4, Figure 5 and Figure 6 the makespan for Inspiral 30, Inspiral 50, Inspiral 100 and Inspiral 1000 has 
been evaluated. It has been compared with the other existing models. The results show that the MOWOS and EMS model 
take more makespan for computation of the tasks. The GOQRFA model have reduced the makespan when compared with 
the MOWOS models. The proposed model has reduced the makespan by 7% percent when compared by the GOQFRA 
model. 
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Figure 3: Makespan for Inspiral 30 

 

 
Figure 4: Makespan for Inspiral 50 

 
Figure 5: Makespan for Inspiral 100 

 
Figure 6: Makespan for Inspiral 1000 
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           4.3. Energy Consumption  
In figure 7, Figure 8, Figure 9 and Figure 10 the energy consumption for Inspiral 30, Inspiral 50, Inspiral 100 and Inspiral 
1000 has been evaluated. It has been compared with the other existing models. The results show that the MOWOS and 
EMS model consume more energy for computation of the tasks. Further, the EMS, GOQRFA and ERP-DISWE model 
have reduced the energy consumption when compared with these models. 

 
 

Figure 7: Energy Consumption for Inspiral 30 
 

 
Figure 8: Energy Consumption for Inspiral 50 

 

 
Figure 9: Energy Consumption for Inspiral 100 
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Figure 10: Energy Consumption for Inspiral 1000 

 

            4.4 Computation Cost 
In Figure 11, Figure 12, Figure 13 and Figure 14 the computation cost for Inspiral 30, Inspiral 50, Inspiral 100 and 
Inspiral 1000 has been evaluated. The results show that the existing model cost is higher when compared with the 
proposed ERP-DISWE model. The computational cost for the computation of each task has been reduced by the proposed 
model. 

 
 

Figure 11: Computation Cost for Inspiral 30 

 
 

 
Figure 12: Computation Cost for Inspiral 50 
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Figure 13: Computation Cost for Inspiral 100 
 

 
Figure 14: Computation Cost for Inspiral 1000 

 
           4.5. Discussion 
The results show that the proposed ERP-DISWE model is able to reduce the makespan, energy consumption and cost while 
executing the Inspiral 30, 50, 100 and 1000 when compared with the existing models. The GRP-HEFT and MOWOS 
model were not able to reduce the energy consumption and makespan while execution of the task due to which their cost is 
much higher. The EMS model only focused on reduction of energy and cost but failed to reduce the makespan. The 
GOQFRA model attained better results in terms of makespan, cost and energy consumption but could not execute the 
Inspiral 1000. The proposed model ERP-DISWE has addressed all these issues and attained better performance in terms of 
cost, makespan and energy consumption. Hence, the proposed model is better than the existing systems. 
 

5 CONCLUSION  
In this paper, we propose an Execution Resource Provisioning for Data Intensive Scientific Workflow Execution (ERP-
DISWE) for the execution of the scientific workflows. In this model we have proposed a model for reducing the makespan 
(time), energy and cost while computation of the incoming tasks of workflow. This model has been compared with other 
existing models. The results show better performance in terms of makespan, energy consumption and cost. For, future 
work, this work could be used for the execution of other scientific workflow like Montage, SIPHT andEpigenomics. 
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