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Abstract  
 
Background:  The emergence of cloud computing as the latest paradigm in distributed systems offers the 
opportunity to run scientific applications in form of a workflow. Workflow scheduling plays a vital role in providing 
different QoS satisfaction to users. However, most existing workflow scheduling approaches consider few QoS 
objectives. Recently, an efficient workflow scheduling algorithm was proposed based on a novel Look-ahead PSO 
and min-max technique (LAPSO) to schedule workflows with six QoS objectives that include; time, cost, reliability, 
availability, security, and reputation. The algorithm aimed at reducing QoS violation and improving QoS 
satisfaction of user applications. However, LAPSO schedules a single workflow application at a time, based on 
first-in first-out policy, which renders the algorithm incapable of providing fair handling of QoS demands of 
multiple competing workflow applications. Aim: In this work, we extend the capability of LAPSO to fairly handle 
multiple workflows at a time. Method: Specifically, we propose a fair selection algorithm based on particle swarm 
optimization and a look ahead heuristic (FLAPSO) that uses QoS demands of applications to prioritize and fairly 
distributes compute resources among participating workflows. Results: Simulation results showed that the 
proposed method outperformed the benchmark work in terms of unfairness, in all the considered test cases. It 
achieved about 35% and 57% decrease in unfairness in the tight and moderate cases, respectively. Conclusions: 
The proposed FLAPSO, when simulated under different services settings, outperformed the benchmark LAPSO in 
all the settings. Further experiments can be performed with different scale of service settings. 

Keywords: Scheduling, Multiple workflows, Fairness, Multi-objective scheduling, cloud computing. 
 
 
1. Introduction  
 
Distributed computing systems like clouds continue to evolve to support different kinds of scientific applications, 
particularly scientific workflows, with dependable, reliable persistent and cheap access to geographically-
distributed computational capacities (Wang, Jiang, Xia, Wu, & Luo, 2018).  People are now moving away from 
traditional computing to cloud as it proves higher reliability, fault tolerance, broad network access and on-demand 
usage (Parveen & Kumar, 2014). Cloud computing is defined as a model that deals with computations, software, 
data access, and storage as well as services that may not require the end-user’s knowledge of the physical location 
and the form of the system that is providing the services (Jadeja & Modi., 2012). The cloud computing services 
are; software as-a-Service (SaaS) it illuminates the need to install and run application on the user’s PC examples 
are Google Docs and Salesforces. Platform as a Service (PaaS) provides a computing platform using the cloud 
infrastructure. It has all the application typically needed by the customers deployed on it, hence the customers need 
not buy and install the software and the hardware required for it, Google App Engine and Microsoft Azure4 are 
the famous examples. Infrastructure-as-a-Service (IaaS) provides the required infrastructure in form of a service, 
examples are Amazon Web Services EC2 and S3 (Jadeja& Modi., 2012; Puthal, Sahoo, Mishra, & Swain, 2015). 
The customers need not buy the required servers, network resources or the data center. The cloud offers four 
delivery models to its client namely private cloud, public cloud, community cloud and hybrid cloud (Jadeja& 
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Modi., 2012; Puthal, Sahoo, Mishra, & Swain, 2015; Nazir, 2012). Cloud computing emerges the best and most 
promising solution for providing a flexible on-demand computing infrastructure over the Internet for large scale 
scientific workflow and workflow application based (Wang et al., 2018). 

Generally, a workflow is a flow of complex tasks that are bonded together through dependencies. Workflow 
applications are usually represented as a DAG (directed acyclic graph). A DAG (D = T, E) is a graph having 
dependencies between the tasks, in which no child task can be executed until all its parent tasks have completed 
their execution successfully (Simranjit Kaur et al., 2018). Workflow scheduling is an essential part of cloud 
computing and based on different criteria its decides the cost, execution time and performance. Workflow 
scheduling is an NP-complete optimization problem (Wang et al., 2018; Simranjit Kaur et al., 2018; Hamid 
&Arabnejad,2014). For such Problems, no known algorithms are able to generate the optimal solution within a 
polynomial time. The problem can be described as Let T be a finite set of task Ti (I <=i<=n) and S be a finite set 
of schedules Si (I <=i<=n), for each containing the entire task from set T. The best workflow Si is chosen based 
on the constraint or objectives. The objectives have been specified by the users as per their requirement for 
workflow scheduling. 

Numerous works have been proposed for handling the problem of scheduling a single workflow application on 
multiple resources (Asghari Alaie, Hosseini Shirvani & Rahmani, 2023; Perotin, Kandaswamy, Sun, & Raghavan. 
2024; Huixian & Xuewen, 2022; Wang et al., 2018; Topcuoglu& Hariri, 2002; Tao, Hui-youChang, YangYi, 
Chun-qinGu, & Wen-jieLi, 2011). However, many works consider single objective (Topcuoglu& Hariri ,2002; LF 
& Madeira, 2015). Most of the researchers (Hamid & Arabnejad, 2014; Arun &Ravichandran, 2015; Zhenzhen 
Xu, 2017; Hilman, Rodriguez, & Buyya, 2015; Xu, Yang, Qi, & Ahene, 2016;Li, Chen, Zhan, Du, & Zhang, 2015; 
Liu, Pacitti, Valduriez, Oliveira, & Mattoso, 2016; Zhaomeng & Zhu, 2015) considered two objectives, while 
(Zeedan, Attiya, & El-Fishawy, 2023;Wang et al., 2018;Mainak & Santanu, 2017; Yuxin &Wang, 2017; Ramirez-
Alcaraz, 2012; b, Caob, c, Khand, & Hwange, 2013; Yassa, Chelouah, Kadima, & Granado, 2013;Garg & Singh, 
2013) considered three objectives. Only a few works considered multiple objectives (Faruku, Rohaya, Azizol, & 
Shamala, 2017; Q. Tao et al., 2011) where 6 objectives are considered namely time, cost, reliability, availability, 
security, and reputation.  

Schedulers that assign resources widely to single workflow are not work preserving as they may be forced to 
leave gaps in their schedule because of the priority constraint in the workflows and this will cause wastage of 
resources and higher cost to the users. Various scheduling methods have been reported on how to solve the problem 
of scheduling a single or multiple workflow application in a cloud environment. However, despite the significant 
contribution, several challenges are left unsolved. 

Many multi-workflow scheduling algorithms exists in the literature (Hanoosh et. al.,2024). However, these 
algorithms considered few QoS objectives. On the other hand, the current multi-objective scheduling approaches 
mostly schedule single workflow at a time. Recently, LAPSO was proposed to schedule single workflow while 
considering six QoS objectives (Ambursa et al., 2017). However, LAPSO selects workflows based on First In First 
Out policy. In addition, the algorithm assumes the same level of QoS requirements for all user workflows. 
According to the policy the levels of the QoS requirements of all the workflows are either in a moderate or strict 
range. It does not take into consideration the differences among workflow jobs in terms of degrees of QoS 
requirements. Therefore, in performing scheduling of workflows the algorithm selects the candidate workflows 
sequentially based on first in first out policy (FIFO). In reality, however, Web services environment consists of 
users with differing degrees of QoS requirements for their workflows. Specifically, some users have strict QoS 
requirements and therefore demand high quality services, whilst the requirements of others could belong to 
moderate range, demanding services with moderate quality. Therefore, by LAPSO policy, user jobs with strict 
QoS requirements might end up being scheduled to services that will eventually result to high violation of their 
QoS requirements. 

 
The remainder of this paper is organized as follows Section 2 discusses related works, Sect. 3 highlights the 

description of the system model, Sect. 5 presents a description of the scheduling problem and the proposed 
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scheduling models. The PSO-based scheduling optimization with constraint handling and look-ahead task 
remapping heuristic is presented in Sect. 6, Sect 7 presents the performance results. Finally, Sect. 8 concludes the 
paper and suggests future work. 
 
 
2. Related Works 

 

In this section, the analyses of the related research works are presented, its features and the underlying 
approaches are described. Their strengths and weakness are also highlighted. It also contains a table that 
summarizes the comparison of various schemes in terms of multi QoS scheduling optimization and application 
model. 

A multi-objective optimization multi workflow scheduling approach based on dynamic game-theoretic model 
aiming at reducing workflow make-spans, reducing total cost and maximizing system fairness in terms of workload 
distribution among heterogeneous cloud virtual machines (VMs) was presented by (Wang et al., 2018). In this 
study, the multi-stage dynamic game theory was applied to deal with the conflicts and competition among multiple 
optimization objectives for the multi workflow scheduling problem. The optimization objectives can be seen as 
players in the multi-stage dynamic game model, and the players are usually assumed to be fully rational. The game 
equilibrium solutions can be obtained as the optimal results. However, they considered limited QoS objectives. 

A rotary chaotic particle swarm optimization (RCPSO) was presented by (Q. Tao et al., 2011) to solve the 
trustworthy scheduling of a grid workflow.  Likewise, a trustworthy scheduling model, in which multi- QoS 
parameters are considered including time, cost, reliability, availability, security, and reputation was also presented. 
However, RCPSO did not guide the PSO towards a good region, in situation of tight constraints when a few feasible 
solutions are present in search space. The algorithm also involves slow optimization methods. 

The work conducted by Ambursa et al.,2017 to address the issues of RCPSO algorithm is to propose a constraint 
aware multi QoS workflow scheduling strategy based on particle swarm optimization and a proposed look ahead 
heuristic (LAPSO) to improve performance in moderate and tight situations. The algorithm selects the best 
scheduling solutions based on the proposed constraint-handling strategy. It hybridizes PSO with a novel look-
ahead mechanism based on a min-max heuristic, which deterministically improves the quality of the best solutions. 
This algorithm was made up of two steps of the multi-objective formulation; and solution evaluation and selection 
steps. The Multi-QoS scheduling model is made up of six QoS objectives, including; time, cost, reliability, 
availability, security, and reputation. In solution and evaluation steps, two models are used cumulative QoS 
violation rate which is defined as the sum of violation degree of user defined constraints (Ambursa et al., 2017). 

The lower the value of V_Ø the better, since low value means the solution is approaching feasible region. The 
solution is feasible if it reaches 0% CVR. 

The supremacy of LAPSO over the other previous works (Ambursa et al., 2017), such as it considers six QoS 
objectives, it significantly reduces the CPU time by about 75% compared to RCPSO algorithm. It also ensures 
satisfaction of end users (0% violation) QoS constraints in both tight and moderate situations. Generally, the results 
reveal the robustness and efficiency of the method in that it is capable of satisfying various QoS requirement 
settings of users. These attribute makes it superior and closer to this work. However, the algorithm schedules single 
workflow. It also assumes the same level of QoS requirements for all user workflows. According to the LAPSO 
policy, the levels of the QoS requirements of all the workflows are either in a moderate or strict range. It does not 
take into consideration the differences among workflow jobs in terms of degrees of QoS requirements. Therefore, 
in performing scheduling of workflows the algorithm selects the candidate workflows sequentially based on first 
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in first out policy (FIFO). In reality, however, web service environment consists of users with differing degrees of 
QoS requirements for their workflows. Specifically, some users have strict QoS requirements and therefore 
demand high quality services, whilst the requirements of others could belong to moderate range, demanding 
services with moderate quality. Therefore, by LAPSO policy, user jobs with strict QoS requirements might end up 
being scheduled to services that will eventually result to high violation of their QoS requirements. Recently, 
LAPSO was improved in terms of its solution enhancement at the end of every iteration (Ambursa, 2023). 
However, the proposed improvement is still based on sequential workflow scheduling.   

On the other hand, in (Amin et al., 2018) the authors proposed an approach for scheduling multiple workflows 
that takes fairness into account with three different QoS objectives and four workflow selection policies based on 
unfairness metric. The selection policies include: ordered workflow, round-robin, weighted round-robin and direct 
heuristic. In ordered policy, a unique number is assigned to all workflows, in every iteration the unfinished 
workflow with lowest number is selected.  Round robin, the scheduler maintains a queue of unfinished workflows 
iterating over and over until all workflows are selected. In weighed round robin a workflow with largest gap ratio 
is selected for scheduling. Lastly, direct heuristic policy selects workflow that minimizes the value of unfairness 
metric iterating over the workflows until all workflows are selected for scheduling. The best workflow selection 
policy to reduce unfairness and ensure fair schedule is direct policy (Amin et al.,2018). This makes it nearer and 
relevant to this work. However, this approach takes into account limited QoS objectives. Additionally, the 
unfairness is expressed as a distribution of gain in saving and speedup among the participating workflows. In our 
work, we measure unfairness from the view point of distribution of requirements violation among the competing 
workflows. 

 
 

 
 

Figure 1: System model with multi-workflow scheduler (Amin et al.,2018) 

Other multi-workflow scheduling algorithms have been developed recently (Chakravarthi, Neelakantan, 
Shyamala, & Vaidehi, 2022; Sun, Huang, Li, Gu, Xie, & Qian, 2023; Li, Xu, Chen, Huang, Xia,  & Chai, 2023; 
Li, Tian, Xu, Abreu, Huang, Chai, & Xia, 2024). However, few objectives were still considered in the models. 

The contribution of this work are; an enhanced LAPSO (FLAPSO) capable of scheduling multiple workflows 
is proposed. The algorithm determines levels of QoS requirements of users by categorizing the candidate jobs 
based on the QoS ranges defined by LAPSO. It then order the workflows based on degree of QoS demand. 
Therefore, in each iteration, workflow with highest QoS requirements is scheduled first. The idea is to ensure that 
users with high QoS demand are serviced by appropriate services, thereby minimizing unfairness through ensuring 
equal level of violation of QoS agreement among users. 
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3. Materials and methodologies  

This section gives the description of the proposed method and its stages in detail. 

2.1. System Model Description 

In this work, we consider workflow applications (multiple workflows) that can be represented as a directed 
acyclic graph with node representing the computational task of the workflow and edges represent the data 
dependencies (data transfer) and control dependencies (order of execution) between the nodes of the applications. 
Figure 2 shows the system model with multi- workflow scheduler scheduling multiple workflows. Scheduling 
multiple workflows involve selecting and allocating resources to workflows while satisfying different QoS 
objectives specify by the user. A QoS requirement set by the user is called hard constraints while the metric to be 
minimized for each workflow is described as its soft constraints. In our work, the emphasis is on developing and 
integrating an efficient fairness mechanism for scheduling multiple workflow into LAPSO so that it can schedule 
multiple workflow at a time.  

2.2. Previous Scheme Description 

Look-ahead PSO (LAPSO) is a light weight constraint-aware multi QoS workflow scheduling algorithm based 
on particle swarm optimization with min-max strategy. The min-max approach is used to deterministically improve 
best PSO solution in terms of two models QoS violation and QoS satisfaction models. Cumulative QoS satisfaction 
rate is define as the weighted sum of the values of the six QoS metrics (Ambursa et al., 2017; Ambursa 2023). The 
metrics are described with Ø representing a workflow schedule. The algorithm was made up of two steps of multi-
objective formulation; solution evaluation and selection(CSS) steps. The Multi-QoS scheduling model is made up 
of six QoS constraint time, cost, reliability, availability, security, and reputations. In solution and evaluation steps, 
a Constraints –aware solution evaluation and selection algorithm (CSS) was proposed evaluation algorithm to 
reduces violation of user’s constraints by using BTS method (binary tournament selection) based on two models 
QoS satisfaction model and cumulative QoS violation rate (Ambursa et al., 2017). The operation of LAPSO 
algorithm is shown in Algorithm 1. The lower the value of V_Ø the better, since low value means the solution is 
approaching feasible region.  The solution is feasible if it reaches 0% CVR. 

The major advantages of LAPSO over the other previous works are that: it considers six QoS objectives, it 
reduces the number of PSO iterations and also reduces CPU time, it ensures satisfaction of end users (0% violation) 
QoS constraints. However, the algorithm schedules single workflow at a time, it also follows a sequential order of 
scheduling based on First In First Out (FIFO) policy and lacks a fairness selection mechanism for scheduling 
multiple workflows. In cloud you can have multiple workflows waiting in a queue and many users may encounter 
delays or even more costly schedule plans, this will cause unfairness to the priority task. The reader is referred to 
the reference (Ambursa et al., 2017) for details of Algorithm 1 (LAPSO). An improvement of LAPSO is also 
reported in (Ambursa, 2023). 
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2.3. Proposed Fair Selection Algorithm (FLAPSO) 

The algorithm determines levels of QoS requirements of users by categorizing the candidate jobs based on the 
QoS ranges defined by LAPSO. It then orders the workflows based on degree of QoS demand using the formula 
in Equation 1. The model is adopted from (Ambursa et al., 2017). Therefore, in each iteration, a workflow with 
highest QoS requirements is scheduled first. 
 

Algorithm 2: Proposed Fair Look-Ahead PSO Algorithm. 
1 Input: QoS requirement, Workflows W 
2 Output: 𝑄" 
8 for-each 𝑤$ 
9  Compute priority  𝑸𝑫'( using equation 2 
10       Order a W based on 𝑸𝑫'( 
11   for each iteration 
12       select 𝑤$ with highest  𝑸𝑫'( 
13          Invoke LAPSO algorithm to schedule	𝑤$  
15      End 
17 End 
18 return  𝑄" 

 
The idea is to ensure that users with high QoS demand are serviced by appropriate services, it also lets short 

jobs complete within a reasonable time while not starving long jobs thereby minimizing unfairness through 
ensuring equal level of violation of QoS requirement among users. The operation of the proposed FLAPSO 
algorithm is presented in Algorithm 2. 
 

Algorithm 1:  Look Ahead PSO (LAPSO) 
1 foreach particle 
2  initialize	𝑥$23 	and	𝑣$23  
3  compute 𝑓(𝑥$3) 
4  initialize 𝑝𝐵𝑒𝑠𝑡$3 with 𝑥$3 
5 compute 𝑔𝐵𝑒𝑠𝑡23 
6 while stopping condition not satisfied do  //next 

iteration 
7  foreach particle 
8   update	𝑣$23AB 
9   update	𝑥$23AB 
10   compute 𝑓(𝑥$3) 
11   update 𝑝𝐵𝑒𝑠𝑡$3AB 
12  update 𝑔𝐵𝑒𝑠𝑡23AB 
13  //decode PSO's previous and current global 

best particles to schedules 
14  𝜙DEF33  = 𝑔𝐵𝑒𝑠𝑡23 
15  𝜙DEF33AB = 𝑔𝐵𝑒𝑠𝑡23AB 
16  invoke LATR Algorithm to improve  the 

schedule 𝜙DEF33AB  
17 return 𝜙DEF3A  
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𝑄𝐷∅ = 𝑤1	 K1 − M∅
N
	O + 𝑤2	 K1 − R∅

S
	O + 𝑤3	 KU∅

U
− 1O + 𝑤4	 KW∅

W
− 1O + 𝑤5	 KYEZ∅

Y
− 1O + 𝑤6	 KUE\∅

U
− 1O

 (1) 

 

Where: 
𝑴∅= Minimum execution time  
D= Deadline 
𝑪∅= minimum cost 
B= Budget 
𝑹∅= maximum Reliability 
R= Reliability 
𝐴∅= Maximum Availability 
A= Availability 
𝑆𝑒𝑐∅= Maximum security 
S= security  
𝑅𝑒𝑝∅= Maximum reputation 
R= Reputation 

 

In order, to achieve fairness the method in (Amin et al., 2018) is adopted and modified to carry out the task. 
The model proposed by (Amin et al., 2018) is shown in Equation 2 below; 

	𝑈 = 	 ∑fg"h|YfjW	k |A∑f∈"m|nfjW	k |
|"| 	  (2) 

Where 𝑊S= budget workflow 

𝑊S = Deadline workflow 

𝐴	k  = average resource sharing 

𝑆' = speedup of deadline 

𝐸' = partial savings of budget 

However, in the above unfairness model only two QoS objectives were taking into account: time and cost. And 
additionally, the unfairness is expressions of distribution of gain in saving and speedup among the participating 
workflows. In our work slightly, we measure unfairness from the view point of distribution of requirements 
violation among the competing workflows. Our scheme uses two scheduling models: violation model and 
unfairness model. The violation model handles the hard requirement of users, while satisfaction models handle the 
user soft requirement. These two models are adopted from the work by (Ambursa et al.,2017). Meanwhile the 
unfairness is to be defined relative to requirements violation.  

First we determine the violation model, let 𝜎 and Ω respectively denotes a QoS dimension set of all QoS 
dimensions and 𝒲𝜎 a QoS satisfaction rate in dimension 𝜎. 𝒲𝜎 represents the percentage satisfaction of 
constraints in dimension 𝜎. let𝛿tu represent a violation rate for a constraint in dimension𝜎. The term𝛿tuis depicted 
in Equation 3 below: 

𝛿tu = 	

⎩
⎨

⎧
tuj𝒲u
yz{

, 𝑖𝑓	𝒲σ < (f	or	𝜎���)
𝒲ujtu
yz{

, 𝑖𝑓	𝒲σ > 𝜋σ	(f	or	𝜎�$�
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                         (3) 

where, 𝜋𝜎 denote the constraint in the QoS dimension 𝜎 and 𝛾𝜋𝜎 is the largest violation of 𝜋𝜎 in the entire 
solution set. A solution is feasible if it ensures QoS satisfaction set by the users. Therefore a feasible solution has 
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zero violation for all the 𝛿tu. A workflow scheduling solution is infeasible if it has value of 𝛿tu greater than zero. 
The model for the hard constraints is denoted in Equation (4): 

Minimize 𝑉Ø	 = ∑ Ωt��� 	   (4) 

𝑉Ø = 𝛿t��� + 𝛿tD�3A𝛿t�E� + 𝛿t���	 + 𝛿tFEZ + 𝛿t�E\ 

s.t 𝑉Ø= 0. 

Where 𝑉Ø	 denotes the cumulative Qos violation rate (CVR) of schedule Ø , 
and	𝛿t���,𝛿tD�3,𝛿t�E�, 𝛿t���	, 𝛿tFEZ, 𝛿t�E\  represents violations of deadline, budget, reliability, availability, 
security and reputation constraints respectively. The lower the value of 𝑉Ø the better, since low value means the 
solution is approaching feasible region. Therefore, a solution is feasible if it achieves 0% violation. 

To model unfairness, we first give the following definition:  

A fair solution is the one that ensures equal distribution of net violation among the participating workflows.  
Based on this, and a decision averaging theory we define unfairness as follows: we first determine the mean 
violation of all the multi workflow scheduling solution using the formula in Equation 5. Then, unfairness of a 
solution is defined as the mean of the absolute value of the difference between the individual workflow violation 
and the mean violation of all the workflows. The formula for unfairness of a solution is depicted in Equation 6. It 
is the proposed fair selection mechanism for scheduling multiple workflows application.  

𝜔k = ∑ �∅fg�
�

     (5) 

 

𝑈 = ∑ ��∅j�k �fg�
�

    (6) 

Where 
N is the number of workflows 
𝜔k	is the mean violation of all multi workflows 
𝑉∅	is the cumulative QoS violation model 
 

 
 

Table 1: Simulation Test Cases 

Workflows Number of Task QoS Requirements (D, B, R, A, S, Rp) 
 

5 Task Application 5 Tight case Moderate case Loose case 
10 Task Application 10 8.0, 23.0, 0.85, 5.0, 5.0 20.0, 50.0, 0.8, 0.8, 

5.0,5.0 
20.0, 50.0, 0.7,0.7, 
5.0,4.0 

Montage 20 20.0, 100.0, 0.8, 0.8, 
4.5, 4.3 

35.0,150.0, 0.8,0.8, 5.0, 
5.0 

35.0, 150.0, 0.7, 0.7, 
5.0, 4.0 

e-Protein Application 15 14.0, 80.0, 0.85, 0.85, 
5.0, 5.0 

30.0, 120, 0.8, 0.8, 5.0, 
5.0 

30.0, 120.0, 0.7, 0.7, 
5.0, 4.0 

Cybershake Application 20 28.0, 120.0, 0.85, 0.85, 
5.0, 4.3 

40.0,150.0, 0.8, 0.8, 
,5.0, 4.3 

40.0,150.0, 0.7, 0.7,5.0, 
4.0 

e-Business Application 36 35.0, 180.0, 0.8, 0.8, 
4.5, 4.3 

50.0, 200.0, 0.8, 0.8, 
4.5, 4.3 

50.0, 200.0, 0.7, 0.7, 
5.0, 4.0 
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Figure 2: Six real world workflow applications 

4. Performance Evaluation 

The performance of the proposed algorithm is evaluated and compared with the bench mark work which is 
based on fairness that is minimizing the unfairness. To test the performance of the proposed fair LAPSO (FLAPSO) 
our scheme uses three models namely violation handler, user satisfaction handler adopted from (Ambursa et al., 
2017) and unfairness handler, details of these models have been described in chapter three .The two approaches 
were tested using the scientific and business workflow applications of different domain such as, e-protein, e- 
business montage, cyber shake, epigenomics, simple DAGs  with 15, 36, 20, 20, 10 and 5 tasks respectively as 
depicted in figure 2. To every individual tasks in the workflow, depending on the test case; a moderate scale was 
randomly assigned in the range 30-60 through 60 – 120 range of set of service instances as shown in Table 1. The 
values for the six QoS parameters of each service were generated randomly (Ambursa et al., 2017; Ambursa 2023). 
They maintain the rule that the service cost for the same task is dependent on the values of other parameters. The 
algorithm was assessed in 3 different test instances. The test instances reveal a range of different scheduling 
situations with different level of complication from low to moderate and tight. 
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4.1 Experiments Environment 

This section presents the experimental environment for the proposed method such as computer resources, 
network topologies and the experimental setup. The resources are used to test the performance of the proposed 
algorithm. The experimentation study was conducted by means of simulation using NetBeans Java Programming 
Environments. The simulation was performed on a computer with a Celeron (R)Dual- Core CPU (1.8GHz, 2 Cores) 
and 2GB RAM. The operating System was MS Windows 10. The excel file was used to depict the result. 

The performance metrics considered in this work are; unfairness (minimizing unfairness) it is depicted in 
Equation 6 and CVR (violation rate) depicted in Equation 4 that evaluate the six objectives namely cost, time, 
reliability, availability, security and reputation) as considered in the previous work. Details of these metrics have 
been described above. 

4.2 Experimental Scenarios 
The algorithms were tested using a e-Protein workflow application, e-Business workflow application as used 

in the benchmark work and four more additional scientific workflow of different domain astronomy (Montage 
workflow), earthquake science (Cyber Shake workflow) used in (Amin et al., 2018), and 10 tasks DAG   and 5 
tasks DAG used in (Yuxin et al.,2017).  They are depicted in Figure 2 below. 

 
5. Results and Discussion 
 

This section presents the results of the proposed multi objective multi-workflow scheduling algorithm. The 
proposed scheme is developed, tested and compared with benchmark LAPSO. It also presents the QoS demand of 
each workflow, their priority and the degree of violation of each workflow. This subsection presents the overall 
results of the experiments. The proposed method and the adopted method have been developed and executed in 
the same settings to prove the effectiveness of our proposed scheme. The results of the proposed method against 
the LAPSO algorithm in terms of unfairness metric under different scale of service instances is presented in Table 
2 through 4. 

Experiment 1: Tight Case 

In the tight case scenario as shown in Table 2, it can be seen that the proposed algorithm outperforms the 
benchmark in terms of spreading the QoS violation of the applications, where none of the applications’ QoS 
violation goes up to 10%. In contrast, the benchmark recorded a QoS violation of e-Protein with more than 13%. 
This enables the proposed method achieved lower unfairness of only about 1.9%, where the benchmark recorded 
about 2.9%, thereby achieving about 35% decrease in unfairness. 

Table 2: QoS violation and unfairness in different cases     

  QoS Violation (%)     

  Tight case Moderate case Loose Case 
S/N Workflow Type FLAPSO LAPSO FLAPSO LAPSO FLAPSO LAPSO 

1 Five-task 5.93 5.93 1.86 1.86 0.00 0.00 
2 Ten-task 7.35 7.43 1.86 0.00 0.00 0.00 
3 Montage 9.55 9.18 1.86 3.31 0.00 0.00 
4 e-Protein 7.60 13.72 0.00 0.00 0.00 0.00 
5 Cybershake 1.36 1.17 1.86 0.48 0.00 0.00 
6 e-Business 5.85 7.80 2.67 3.18 0.00 1.10 

Unfairness 1.89 2.69 0.56 1.31 0.00 0.31 
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Experiment 2:  Moderate Case 

In the moderate situation, it can be observed, in Table 2, that the proposed algorithm also outperforms the 
benchmark in terms of spreading the QoS violation of the applications, where the proposed tries to provide equal 
distribution of the QoS violation with the five-task, ten-task, montage and cybershake applications each obtaining 
1.86%. In the case of the benchmark, 2 applications suffer relatively high violation, which increased relative 
unfairness of the algorithm compared to the benchmark. The proposed method outperforms the compared approach 
by more than 57%. 

Experiment 3: Loose Case 

In the loose case depicted in Table 2, the proposed approach clearly achieves 0.00% violation across all the 
applications, which earns it 0.00 unfairness, where the compared benchmark still records violation and hence 
unfair. 

Experiment 4: Unfairness with Different scale of services 

From the simulation results, Figure 3 depicts the performance comparison of the proposed method against the 
LAPSO algorithm in terms of unfairness against different scale of service instances. It can be seen that under 
moderate situation you will realize that the unfairness is moderate as the number of services are being reduced, in 
the case of LAPSO it increases because it has no mechanism to select which workflow should be allocated to 
which service in such a way that good services are being allocated to workflows with high QoS demand.  

 
6. Discussion 

Overall, results of the proposed FLAPSO shows that unfairness is minimized even in tight situation because it 
has a mechanism to select an appropriate workflow to schedule in such a way that workflows that have critical 
requirement are scheduled first, followed by workflows with lower QoS demand. This makes it possible for 
FLAPSO to minimize the violation requirement of high priority demands at difficult situation, therefore the 
unfairness become minimal. 

 

Figure 3. Unfairness metric against different scale of service instances. 
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6. Conclusions 

This paper proposes an enhanced efficient fairness mechanism FLAPSO (fairness LAPSO) for scheduling 
multiple workflows and ensuring fairness among the participating workflows under different scale of services setting. 
The algorithm determines levels of QoS requirements of users by categorizing the candidate jobs based on the QoS 
ranges defined by LAPSO. It then order the workflows based on degree of QoS demand. Therefore, in each iteration, 
workflow with highest QoS requirements is scheduled first. The idea is to ensure that users with high QoS demand 
are serviced by appropriate services, thereby minimizing unfairness through ensuring equal level of violation of QoS 
agreement among users. Results of the simulation experiments illustrated that the proposed FLAPSO significantly 
outperformed the benchmark LAPSO. The proposed FLAPSO when simulated under different services settings 
outperformed the benchmark LAPSO in all the settings, further experiments can be performed with different scale of 
service settings.  
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