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1.0  Introduction 

As the world is advancing towards faster and more efficient 

computing paradigms, cloud computing has evolved as an efficient 

and cheaper solution to meet such increasing and demanding 

requirements. Cloud is a computing paradigm that allows its users 

to access any amount of resources and other services anytime, 

anywhere via the internet [1]. It is an internet-based computing 

platform that allowed buy of computing resources in form of 

infrastructures, platforms and software as subscription-based 

services in a pay-as-you-go model to consumers, in the same way 

that public utilities are. Today, most business and scientific 

processes conducted on the cloud platform are represented in terms 

of workflows. A workflow is an application composed of a 

collection of tasks with interdependencies which can be used to 

complete scientific, business or engineering processes. The process 

of mapping inter-dependent tasks on the available resources such 

that workflow application is able to complete its execution within 

the user’s specified Quality of Service (QoS) objectives (time, cost, 

reliability, availability, security and reputation, etc.) and constraints 

such as deadline and budget is known as Workflow scheduling [2]. 

For instance, users might specify one or more preferred QoS  

 

 

parameter as the optimization objective(s). The QoS on the other 

hand, is a set of parameters that specify the properties of the cloud 

services. Thus, it is the ability to provide different priority to 

different workflow tasks and to guarantee certain level performance 

to the cloud resources [3].  

Generally, cloud users and service providers negotiate and 

delineate a binding agreement in terms of the QoS to be delivered 

and amount to be paid for the cloud services. Therefore, satisfying 

the QoS requirements for cloud consumers involves minimizing 

violation of the user defined QoS constraints and improving the QoS 

satisfaction. Moreover, some of the QoS constraints such as 

deadlines, budgets, minimum reliability, etc. imposed on the 

workflow application by cloud users are conflicting in nature 

making the workflow scheduling task more difficult task. This has 

posed serious challenge to research community because it involves 

a form of complex trade-off between the QoS constraints and 

objectives. 

Recently, various scalable and dynamic heuristic, meta-heuristic 

and hybrid-based algorithms have been proposed for finding optimal 

solutions to the cloud workflow scheduling problem keeping in  
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ABSTRACT 
Workflow scheduling (WFS) is a very important aspect in cloud computing which involves the 

process of mapping inter-dependent tasks on the available resources such that workflow 

application (WA) is able to complete its execution within the user’s specified Quality of Service 

(QoS) requirements. Generally, WAs come with various QoS requirements which are mostly 

conflicting in nature, satisfying them for the cloud consumers has posed serious problem to 

research community. Recently, many researchers have addressed the challenge.  However, most of 

the existing techniques provide low QoS satisfaction in highly tight constraints setting scenarios. In 

this paper, the application of look-ahead cat swarm optimization (LACSO) in cloud consumer QoS 

requirement satisfaction has been exploited. Java programming language was used to implement 

and substantiate the performance of the LACSO algorithm in satisfying QoS requirements in 

comparison with other existing state-of-art approach via simulation experiment. Two sample WAs 

(scientific and business workflow applications) with 15 and 36 tasks were used in conducting the 

experimental evaluation. Results with respect to the Cumulative QoS Satisfaction Rate (CQSR) 

metric demonstrated that LACSO algorithm significantly outperformed the benchmark algorithm 

with about 41% improvement in terms of the QSR. The findings of the research can help cloud 

users to increase their QoS requirements and hence expand the spread of cloud computing to even 

more businesses and enterprise organizations. 
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mind the QoS objectives and user constraints. Unlike heuristics or 

metaheuristics approaches, which focused on one or two objectives 

optimization, hybrid algorithms are capable of handling multiple 

and conflicting QoS objectives that need to be satisfied in cloud 

environment. Verman and Kaushal [1] introduced a multi-objective 

Hybrid strategy for solving cloud workflow scheduling problem. 

The authors considered satisfying makespan and cost objectives 

only.  One of the limitations of the scheme is that only budget and 

deadline constraints were taken into account.  Similarly, Bilgaiyan, 

et al. [4] proposed strategy for satisfying time and cost objectives 

and their constraints. Another study by Ambursa et al. [2] 

considered tradeoff between six (6) objectives and constraints. 

Authors introduced LAPSO scheme that satisfy user QoS 

requirements in various degrees. However, the scheme provides low 

QoS satisfaction. On the other hand, Saidu et al. [5] proposed 

LACSO algorithm considered six (6) objectives as well. However, 

the scheme is applied in minimizing violation of user constraints 

only. QoS satisfaction has not been considered. In this paper, the 

application of LACSO in satisfying cloud consumer QoS 

requirements is exploited. 

 

2.0  Methodology 

2.1  Problem Modeling and Description. 

Many models have been proposed to optimize the management 

and execution of workflow applications, in order to guarantee QoS 

on distributed systems such as grid and cloud. Some examples of the 

workflow management systems (WFMS) include; Pegasus [6], 

Taverna [7], Kepler [8], Swift [9] and Trident [10].  Each of the 

WFMS has its own mechanism to compose, map and execute the 

workflows on resources and ensure workflow QoS management is 

achieved.  In this study WFMS reference model is used. The model 

consists majorly of a workflow portal where a cloud user (client) 

submits a service request containing a description of his/her 

workflow application job in form of an abstract workflow, workflow 

enactment engine, workflow scheduler, service registry, and a pool 

of service providers as shown in Figure 1.  

 

 

 

Figure 1. WFMS Reference Model [2]. 

 

 

In the model, service instances are registered and published in 

a service registry, (which stores information about available 

services), by their provider(s). Examples of existing service 

registries include Universal, Description, Discovery and Integration 

(UDDI), EMI Registry [11]. The workflow enactment engine 

receives the abstract workflow from the workflow portal and parses 

it. The mapper component analyses the dependencies of the 

workflow tasks and maps the ready ones to the scheduler. The  
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scheduler based on the job description, triggers the service discovery 

module which is responsible for finding and retrieving from the 

service registry all the available service instances that match tasks 

of the workflow job. With the list of the candidate service instances 

and the specification of the QoS requirement of the user, the 

scheduler then invokes the workflow planner. The scheduling 

algorithm serves as a module for service selection and scheduling 

that constructs a composite service for the workflow based on the 

specified QoS requirements. In this study, the focus is on developing 

an efficient algorithm to enhance the functionality of service 

selection and the scheduling component. 

 

Precisely, the above system is modeled using a connected, 

undirected graph G = (𝑆, 𝐸), where S represents a set of service 

instances and E represents the set of communication links. Each 

service can be characterized by its service type, processing speed 

(performance) measured in millions of instructions per second 

(MIPS), price, reliability, availability, security degree and 

reputation. It is assumed that the workflow application tasks are 

heterogeneous, and each task denoted by 𝑡, has an implementation 

domain of services 𝑆𝑡 = {𝑆𝑡,𝜇}| 𝑆𝑡𝜖 𝑆; 1 ≤ 𝜇 ≤ 𝑚. 

 

 

Figure 2. E-Business Workflow Application [12]. 

 

A workflow application is modeled as a Directed Acyclic Graph 

(DAG). An e-Business workflow application sample with 36 tasks 

used in this study is shown in Figure 2. The workflow is defined by 

𝐺 = (𝑇, 𝐸),where 𝑇 = {𝑡1, 𝑡2 , … 𝑡𝑛} and represents the set of n tasks 

of the Workflow application, and E is a set of e edges which 

represent the dependencies or data communication between pairs of 

workflow tasks. Supposed that all tasks in T are compute-intensive 

and each 𝑡𝑖 has a size 𝑠𝑡 in millions of instructions (MI) then, 𝑒𝑥,𝑦 ∈

𝐸,  represents a communication from task 𝑥 𝑡𝑜 𝑦. Each 𝑒𝑥,𝑦  link is 

denoted as (𝑥, 𝑦) where 𝑥 is the child ( predecessor) task of  𝑦 𝑎𝑛𝑑 𝑦 

is the parent (successor) task of 𝑥. The workflow task graph involves 

a relationship in which the execution of a child task cannot be started 

before its parent finishes its execution [1]. A task with no parent is  
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known as an entry task and a task with no children is known as exit 

task. 

Conventionally, a task graph has single entry and a single exit 

task. However, some task graphs possess more than one entry task. 

In such a situation, since task-scheduling algorithm may require a 

single entry and a single exit task, pseudo task-entry with zero-cost 

edges is used and doing so does not affect schedule [13]. The fitness 

function modeled the (six) QoS objectives as weighted sum of the 

values of the six metrics (i.e.; time, cost, reliability, availability, 

security and reputation) of the solution. The model has been adopted 

from Tao et al. [12] and is mathematically expressed as follows: 

 

   𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝒲𝜙 = 𝓌1 (1 −
𝑀𝜙

𝒟
) + 𝓌2 (1 −

𝐶𝜙

ℬ
) 

+𝓌3 (
𝑅𝜙

ℜ
− 1) + 𝓌4 (

𝐴𝜙

𝓐
− 1) 

                       +𝓌5 (
𝑠𝑒𝑐𝜙

𝒮
− 1) + 𝓌6 (

𝑅𝑒𝑝𝜙

Ɽ
− 1)    (1) 

 

where 𝒲ϕ represents the CQSR of the feasible schedule ϕ, which 

denotes the cumulative satisfaction rate of the soft requirements. 

The model is used to evaluate solutions based on their cumulative 

achievements for the optimization of user soft constraints, and more 

details can be found in the references [2, 12]. 

 

2.2  Cat Swarm Optimization (CSO) Algorithm. 

CSO is an optimization algorithm in the field of swarm 

intelligence [14], and was developed by [15] based on the behavior 

of cats.  Lately, a lot of researchers have used CSO algorithm and 

its hybrid to solve optimization problems. CSO has two modes 

(Seeking and tracing) and four essential parameters: Seeking 

Memory Pool (SMP), Seeking Range of the selected Dimension 

(SRD), Counts of Dimension to Change (CDC) and Self Position 

Consideration (SPC). 

 

Seeking Mode 

The seeking mode is used to model the cat during a period of 

resting but being alert-looking around its environment for its next 

move. The process of seeking mode is described as follow: 

 

Step 1: Make j copies of  Ῥcatk
, where j = SMP. If the value of SPC 

is true, let j = (SMP-1), then retain the Ῥcatk
as one of the candidates. 

Where Ῥcatk
denotes cat position in M-dimensional space 

Step 2: For each copy, according to CDC, randomly plus or minus 

SRD percent of the present values and replace the old ones.  

Step 3: Calculate the fitness values 𝑓(𝑐𝑎𝑡𝑘)of all candidate cats.  

 

 

 

Step 4: If all 𝑓(𝑐𝑎𝑡𝑘)are not exactly equal, calculate the selecting 

probability of each candidate cat, otherwise set all the selecting 

probability of each candidate to be 1.  

Step 5: Randomly pick Ῥcatk
to move to from the candidate Ῥcatk

and 

replace Ῥcatk
of the original catk. 

 

Tracing Mode  
Tracing mode represents cats that are in fast moving mode with 

high energy desire to trace targets and foods by moving toward the 

next best position. The process of tracing mode can be described as 

follows: 

Step 1: compute the new velocity𝑉𝑖
𝑡+1, for every dimension 

according to: 

 

 𝑉𝑖
𝑡+1 = 𝜔𝑉𝑖

𝑡 + cr(Xbest − 𝑋𝑖
𝑡  )   (2) 

 

where 𝜔 represents inertia weight, 𝑉𝑖
𝑡 previous velocity, c 

acceleration constant, r random number in the range between 0 and 

1. 𝑋𝑖
𝑡, denotes the current location and Xbest , the best location. 

Step 2: Update the position of cat according to (3). 

 

 𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡 + 𝑉𝑖
𝑡+1    (3) 

 

Step 3: check if the position of the cat goes beyond the specified 

range. If so, assign the boundary value of the cat. 

Step 4: evaluate the fitness value of the cats and update the solution 

set with the best positions of the current iteration. 

 
2.3  The Look-ahead Cat Swarm Algorithm (LACSO) 

The LACSO [5] algorithm is a synergy between CSO algorithm 

and constraint handling algorithms (CSS and auxiliary Min-Max 

heuristic). In a nutshell, the base line CSO metaheuristic optimizes 

scheduling solution by iteratively searching for and producing good 

solutions. In order to combine its two modes, a mixture ratio (MR) 

which indicates the rate of mixing of seeking mode and tracing mode 

is defined. This parameter decides how many cats will be moved 

into seeking mode or tracing mode process. For example, if the 

population size is 60 and the MR parameter is equal to 0.65, there 

should be 60×0.65 = 39 cats move to seeking mode and 21 

remaining cats move to tracing mode in this iteration. First of all, N 

cats are created and then, their positions and velocities are 

initialized. Also, flags are assigned to each of the cats to indicate 

which mode they belong and then the fitness value of each of the 

cats is evaluated according to the objective function defined in 

equations (1), the best cat is then stored in the memory. 

In next step, according to cat’s flag, a seeking mode or tracing 

mode process is activated by a cat. The descriptions of how the two  
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modes operate are provided in algorithm 1 and algorithm 2 

respectively. After completing the related processes in the two 

modes, the fitness values of all cats are re-evaluated to determine 

the best cat (solution) and store in the memory. At the end, 

termination condition is checked, if satisfied, the program is 

terminated and the global best solution is returned.  However, if 

termination criteria are not satisfied, then cats are redistributed into 

seeking and tracing modes and the process is restarted all over again. 

Figure 3 illustrates the step by step processes involved. Note that 

𝑙𝐵𝑒𝑠𝑡𝑖
𝑡 , 𝑔𝐵𝑒𝑠𝑡𝑖

𝑡  and 𝑔𝐵𝑒𝑠𝑡𝑖
𝑡+1 denote the local best, global best and 

improved global best schedule solutions respectively. The 

algorithms for the Cat’s Seeking and Cat’s Tracing Modes. 

 

 
 

 
 

 

 

The Algorithm for the Look-Ahead CSO (LASCO) is shown below. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 1: Cat’s Seeking Mode 
1. Start 

2.  For each cat in seeking mode 

3.     Make j copies catkwhere j = SMP.// copies of the 

present position of a cat  

4.  If the value of SPC is true, let j = (SMP-1), then 

5.    Retain the present Ῥcatk
as one of the candidates.  

6. For each j, according to CDC, randomly + 𝑜𝑟    SRD% 

from the present values and replace the old ones.  

7.    Calculate the f(catk)of all candidate cats using Eq. 

(1)  

8.    Invoke algorithm 3 

9.    Randomly pick Ῥcatk
to move to from the candidates 

Ῥcatk
 and replace Ῥcatk

of original cat
k
. 

10.End for 
11.End 

Algorithm 2: Cat’s Tracing Mode 

1.  Start 

2. For each cat in tracing mode 

3. compute Vi
t+1, for every dimension using Eq. (2) 

4.    Update Xi
t+1 for cat according to Eq. (3) 

5. If Xi
t+1 >  0,1  then   

     

6. Xi
t+1 = 1 

7. Evaluate f(catk)using Eq. (1) and  

8.   Update lBesti
t using Eq. (3) 

9. End for 

10. End 

Algorithm 3: Look-ahead CSO (LACSO) Algorithm 

1. Start 

2. initialize N; MR; SMP; SRD; CDC;  

3. Generate an empty M-dimensional solution space array of 

(N × M) size 

4. Set all 𝐶𝑎𝑛𝑆𝑒𝑟𝑆𝑒𝑡𝑄𝑜𝑆// set candidate services sets and their 

corresponding QoS attributes  

5. Initialize xi
tand  vi

t 

6. According to the value of MR assign each cat a flag to fit 

them into seeking or tracing modes  

7. iter ← 10000 

8. For each iter do 

9. Calculate f(catk)of each cat according to Eq. (1) 

10. Compare f(catk)for all cats, and  

11.      f(catk) ← f(catk)best// store the position with best 

fitness value (FS) in memory. 

12.If (flag = 1) 

13.  Invoke algorithm 1//Seeking mode process  

14.Else  

15.  Activate algorithm 2 // Tracing mode process 

16.Re-evaluate f(catk) for all cats using Eq. (1) 

17.Update gBesti
t using Eq. (3)// global-best cat 

18.  Invoke algorithm 2 to improve the schedule solution 

19.If (termination condition is not reached?) 

20.counter + + 

21.Go to step 6. 

22.Else 

23.Return the gBesti
t+1 solution 

24.End for 

25.End 
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Figure 3. LACSO Flowchart 
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2.4  Experimentation 

The experimentation was conducted by means of simulation 

using NetBeans IDE for Java Program development. The simulation 

was performed on a computer with an Intel(R) Core™ Duo CPU 

(2.17 GHz, 2 cores) and a 2GB RAM with 32-bit MS Windows 7 

Operating System. The results were illustrated with excel files. The 

two schemes are tested using two workflow applications (scientific 

and business workflow applications) with 15 and 36 tasks 

respectively as used in [2, 5, 12]. To each of the tasks in the 

workflow, depending on the test case, a medium scale was randomly 

assigned – in the range 60 to 120- or a large scale in the range 60 to 

150 – set of service instances as shown in Table 1. The values for 

the six QoS parameters of each service instance are also randomly 

generated [2, 12], but they follow the rule that for the same task the 

service cost depend on the values of the other parameters [16] as 

cited in [2]. The algorithms were assessed in four (4) different test 

instances as depicted in Table 1. The test instances demonstrated a 

range of different scheduling scenarios with different levels of 

complications – from moderate to tight situations. For each test case 

20 independent runs are carried out with 10000 iterations in each for 

both the two algorithms and the best and mean of the results are 

recorded. For the purpose of graphical illustration of the 

experimental results, ‘LAPSO_mean’, ‘LAPSO_best’, 

‘LACSO_mean’, and  ‘LACSO_best’ are used to denote the CQSR 

mean result of LAPSO, best result of LAPSO, mean result of 

LACSO and best result of LACSO respectively. 

The initial population chosen for both algorithms is 60. PSO 

parameters are adopted from and used according to [2, 12]. Also, the 

CSO parameters setting used in this work are as follows: MR =
0.65 CDC = 0.66, SMP = 7, c = 2.05,  r in the range  0,1 . 
These configurations are chosen in accordance with 

recommendations provided in the references [4, 17-20]. 

 

 

Table 1. Test Instances 

Test 

Case 

 

Workflow 

size 

 

Service 

scale 

Constraints 

Budget Deadline Min. 

Availability 

Min. 

Reliability 

Mean 

Security 

Mean 

Reputation 

1 15 60-120 75 40 0.8 0.8 5.4 4.5 

2 15 60-120 70 42 0.9 0.92 5.7 5.6 

3 36 60-150 165 35 0.8 0.8 5.5 4.8 

4 36 60-150 95 35 0.8 0.8 5.3 4.7 

 

 

3.0  Results and Discussion 

3.1 Test case 1: Moderate Constraints (medium scale 

 Cloud). 

In this experiment, all the user-defined hard constraints, 

including budget are set to moderate condition and the cloud scale 

to medium. As regards to maximization of CQSR which is presented 

in Figure 4 LACSO has produced a solution quality with about 38% 

(best result) and 35% (mean result). LAPSO on the other hand, 

produced solution quality with about 26% (for best result) and 23% 

(for mean result) respectively. This showed the superiority of 

LACSO over LAPSO. 

 

3.2 Test case 2: Moderate Budget and tight other 

 Constraints (medium scale Cloud). 

In this experiment, budget is set to moderate and all the other 

user-defined hard constraints to tight settings and the cloud scale to 

medium. In terms of maximization of QoS satisfaction the behavior 

of the two algorithms is shown in Figure 5 which reveals the 

dominancy of LACSO with about 25% and 28% over LAPSO with 

about 19% and 21% solution quality for the mean and best results, 

respectively. 

 

3.3 Test case 3: Moderate Constraints (Large scale Cloud). 

In this experiment, budget and all other user-defined hard 

constraints, are set to moderate situations and the cloud scale to 

large. In terms of maximization of QoS satisfaction, Figure 6 reveals 

that LACSO is predominant over LAPSO where LACSO recorded 

about 29% and 27%, and LAPSO 16% and 14%, for the best and 

mean results, respectively. 

 

3.4 Test case 4: Tight Budget & moderate other  Constraints 

 (large scale Cloud). 

The budget is set to tight and all the other user-defined hard 

constraints to moderate situations and the cloud scale to large. In 

terms of maximization of QoS satisfaction the behaviors of the two 

algorithms is shown in Figure 7 where LACSO recorded about 21% 

and 19%, and LAPSO 12% and 10%, for the best and mean results, 

respectively. This indicates that when the budget is tight and the 

cloud scale is large, LACSO produced better results than LAPSO. 
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Figure 4: CQSR under moderate user constraints and medium scale cloud. 

 

 
 

Figure 5: CQSR under moderate budget, tight other constraints and medium scale cloud 

 

 
Figure 6: CQSR under moderate budget & other user constraints, a large scale cloud. 
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Figure 7: CQSR under tight budget, moderate other constraints and large scale cloud. 

 

 

The Figures 4 to 7 indicate the comparison between LACSO 

and LAPSO in terms of CQSR. From the resultant figures, it can be 

observed that the LACSO scheme significantly outperformed the 

LAPSO scheme particularly when the tightness level of user-defined 

constraints is increased. The rationale behind the better performance 

of LACSO can be attributed to the fact that the baseline CSO exhibit 

intelligent positions’ update mechanism, which save energy and 

hence increases speed and efficiency of reaching at the best solution 

rather than, random updation mechanism by PSO.  

The two approaches used different baseline metaheuristic. The 

former used CSO and the latter PSO. The main difference in the 

learning rule between the PSO and CSO is that the local and global 

searches for pBest and gBest, respectively, in PSO affect all 

particles’ velocities and positions that decide the step size of the 

particle in the next generation. On the other hand, the CSO has 

different strategies for global and local searches. The update of 

velocity and position is used only for the global search cats in 

seeking mode, not for the local search cats in tracing mode. For the 

cats in seeking mode, the step size of them is selected by the SRD 

value chosen, not affected by the velocity and position. Without the 

large change in the velocity and position of seeking mode cats, they 

are possible to focus on an exhaustive search for the local area. Thus, 

the reason for the better performance of LACSO over LAPSO is 

attributed to the inherent CSO. 

On the whole, the simulation results showed the robustness and 

efficiency of the LACSO algorithm in satisfying various users’ QoS 

requirement settings, delivering solutions with improved QoS 

satisfaction. Results from the experiments with respect to the metric 

demonstrated that LACSO algorithm significantly outperformed the 

benchmark algorithm with about 41% improvement in terms of the 

QSR. 

 

 

Conclusion 

In this paper, the application of LACSO in satisfying cloud 

consumer QoS requirements has been exploited. Results from the 

simulation using two workflow applications with 15 and 36 tasks 

demonstrated that the LACSO algorithm is effective enough to 

improve the QSR for cloud consumers’ resources. Hence, the 

algorithm significantly outperforms the state-of-the-art algorithm 

(LAPSO) in terms of CQSR in heavily tight situations. In the future, 

LACSO algorithm is to be evaluated on real cloud environment with 

real time infrastructures such as Amazon EC2 or some other 

Infrastructure as a platform (IaaS). Moreover, a selection strategy 

that will allow LACSO algorithm to schedule multiple workflows at 

a time instead of single shall be exploited. 
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