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Abstract

This study proposes a workflow scheduling approach that incorporates varying service quality demands
in cloud environments. The main target of scheduling in the cloud is to minimise total execution time (TET)
and total execution cost (TEC) while ensuring compliance with the service level agreement (SLA). Workflow
scheduling is an NP-hard problem (Nondeterministic Polynomial time) that presents significant challenges in
cloud computing systems. Traditional algorithms cannot efficiently solve the workflow scheduling problem in
polynomial time. This paper presents a multi-objective system for workflow scheduling using a customised
weights grey wolf optimization (CWGWO) approach in cloud computing. The outcome of this algorithm
is effectively balances between exploration and exploitation capabilities. It is designed to minimise the
TET and TEC when tasks are interdependent. Experimental results indicate that the CWGWO algorithm
outperforms both the Ant Colony Optimisation (ACO) and Grey Wolf Optimisation (GWO) algorithms in
terms of TET and TEC.
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1. Introduction

The cloud system provides the following services: scalable storage, computing power, and networking
resources are available online. These services enable the system to be flexible and efficient. It allows many
users to choose specific services with flexibility on demand, similar to a subscription model. The field of
cloud computing has expanded, providing numerous benefits to users [I]. These benefits are offered by a
service provider through virtualisation, where tasks are allocated and executed on virtual machines (VMs)
in a process called task scheduling. The task scheduling in cloud environments is NP-hard, where NP
stands for Nondeterministic Polynomial time, due to their dynamic and heterogeneous nature [2]. Workflow
scheduling is a process that aligns tasks with virtual machines when those tasks are interdependent.

Several studies have proposed algorithms to minimize workflow makespan and cost [3} 5] 6] [4, [7]; however,
there is still scope for achieving further reductions in both metrics. The work in [4] introduces a method
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capable of processing both balanced and unbalanced workflows, while simultaneously optimizing commu-
nication and data-transfer related costs. The DiCSPM approach enhances data-transfer performance and
reduces communication costs when compared with GWO, BRS, and PSO [§]. The genetic algorithm (GA)
requires a significant amount of time to achieve optimal solutions . Tawfeek et al. [9] applied an ant colony
optimisation (ACO) based scheduling method for task scheduling and reported that it achieved a shorter
makespan than the first-come, first-served (FCFS) and round-robin (RR) scheduling strategies. However,
the ACO algorithm is complex and takes a substantial amount of time to reach an optimal solution [10].

The paper [I1] proposes a grey wolf optimised (GWO) task scheduling algorithm to reduce execution
cost in cloud computing using CloudSim. The modified firefly algorithm (FA) was designed to achieve better
load balancing and reduced execution time in cloud computing using workflowsim [I2]. The enhanced flower
pollination algorithm is used for cloud task scheduling to reduce makespan and shows improved performance
compared to PBACO, ACO, Min-Min, and FCFS strategies [13]. The paper uses the Bat Algorithm, a
metaheuristic inspired by bat echolocation, to reduce execution cost [I4]. This paper uses the artificial bee
colony (ABC) method to schedule tasks to improve load balancing and resource utilisation [15]. The Cuckoo
Search algorithm is used in workflow scheduling to improve energy efficiency and reduce SLA violations in
cloud computing [16]. The cat swarm optimisation (CSO) algorithm demonstrates the workflow scheduling
problem [6]. This algorithm is used for enhancing resource utilisation.

The literature review and Table [I| highlight a notable research gap as standard metaheuristic algorithms
are not well-suited for addressing cloud scheduling problems [2]. These algorithms often suffer from prema-
ture convergence to local optima, an imbalance between exploration and exploitation, high computational
overhead, and slow convergence rates. To address these identified research gaps, the following paragraph
introduces a new approach specifically designed to overcome these limitations.

This research introduces a metaheuristic approach called the Customised Weights Grey Wolf Optimiza-
tion (CWGWO) algorithm. In the original GWO, the top three leaders are influenced by equal importance.
In the proposed approach (CWGWO), a customised weight is adopted for alpha, which is influenced by
weight w;=0.50, beta is influenced by we = 0.34, and delta is influenced by ws =0.16. These weights are
assigned to these leaders. In CWGWO, the alpha wolf is super dominant during the search process and
provides stronger guidance toward the best solution. The beta and delta provide supportive contributions to
preserve diversity. The CWGWO aims to improve exploration-exploitation balance, accelerate convergence,
and avoid premature trapping in local optima. The proposed (CWGWO) algorithm is used in workflow
scheduling to reduce TET and TEC. The workflow scheduling algorithm was simulated using WorkflowSim.

2. Mathematical model of workflow scheduling and proposed algorithm

In this section, we discuss the mathematical model of the fitness function of workflow scheduling, GWO,
and the proposed CWGWO algorithms.

2.1. Fitness function of workflow scheduling

In this subsection, we discuss the fitness function of workflow scheduling. Here a priori approach is used
to build a multi-objective function, known as a fitness function. This fitness function consists of the objective
parameters with their weights. Here, TEC and TET are the parameters of the fitness function f(TET, TEC).
These parameters are integrated with their weights to build a fitness function for multiobjective workflow
scheduling.

F(TET,TEC) = v, x TET + v, x TEC (2.1)

where the value of v; and v is 0.5.



C. Lal, H. Sharma, Journal of Prime Research in Mathematics, 2026, 256—268

258

Table 1: Study of task scheduling algorithms in cloud Computing

Refe- Approaches Used Key Contribution Limitations
rences Workflows
2018 BBO and 4 It converges more rapidly than | The approach does not consider
[17] HMBBO BBO, PSO, and HEFT. both the distribution of tasks
over resources and the associated
expenses.
2021 Multi- 2 The proposed method achieves | The results compare only cyber-
[18] objective a maximum 50% reduction in | shake and montage workflows.
optimization energy consumption relative to
algorithm MOPT, EM-MOO, and PEFT.
2021 PSO + LOA 3 The performance is better in | Only discussed a single parame-
[19] TEC compared to PSO and | ter that is cost.
LOA.
2021 | PSO-GWO 4 Effectively reducing execution | The results do not consider
[20] cost and time compare to GWO | the scalability of resources with
and PSO. large-scale workflows.
2022 CHGA algo- 4 CHGA is reduced cost compare | Only focused cost parameter.
[21] rithm to considered algorithms.
2023 Cost-effective 3 Reduced execution cost compare | Only three scientific workflows
[22] algorithm to PSO and GA. used.
2023 | Population 0 Reduced execution time and cost | No scientific workflows used.
[24] based ap- by allocated task to their appro-
proach priate resource.
2023 | Novel energy 1 Improvement in energy consump- | The focus was solely on en-
[23] coefficient tion and data dependency man- | ergy consumption, and the re-
based algo- agement. sults were compared with only
rithm two workflows.
2024 | HEPGA algo- 0 Better at optimizing tasks and | Focused solely on minimizing
[25] rithm fitness values. makespan.
2025 | MGWO 2 This study employs MGWO | Applied on only two workflows
[26] for  multi-objective  workflow | used.
scheduling.
2025 | HPWOA 3 Hybrid HPWOA for single- | Only three scientific workflows
[27] objective workflow scheduling. used and discussed only the cost
parameter.
2025 | PSO-MGWO 4 This study is wused for Hy- | Only four scientific workflows
[28] brid multi-objective workflow | used.
scheduling.
CWGWO 5 Reduce execution time and exe- | This approach is not used for en-
(proposed cution cost ergy consumption and other ob-
approach) jectives.

2.1.1. Total Execution Time
As described in [19], the computation time (CMT) of task ¢, on resource r; is given by Eq. (2.2).

Length,

CMT(TQ7T]) = PC
J

(2.2)

Here, Length, denotes the instruction size of task 7 in million instructions (MI), and PC) refers to the
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processing capability of resource r;, measured in MFLOPS. The TT(T;) denotes the transferring time for
task T,. The transfer time for task 7} is the longest input transfer time from all the input files. The Eq.
(2.3) denoted the transferring of the task (77).

—} (2.3)

Here, the task T}, is a predecessor task of task T,, Data(r,r,) is the data size to be transferred from
task T, to T, and BW for bandwidth. If T,, and 7|, share the same VM, their transfer time is zero. Eq.
(2.4) defines the processing time (PCT) of task T, on VM r;.

PCT(T,,r;) = TT(T,) + CMT (T}, ;) (2.4)
The start time (STT) of task T, on VM r; is determined by Eq. (?2.5]).

0, if prede (1) =0
STT(Ty,rj) = (2.5)
maxr,er, {STT(Ty,rj) + PCT(Ty,r;)} if prede (T) # 0
The finish time (FinT) of task 7, on VM r; is computed by Eq. .

PCT(Ty,1y), if prede (1) =0
FinT (T, r;) = (2.6)
maxr, et { FinT(Tp) + PCT(Tp,r;)} if prede (Ty) # 0
The total execution time of a directed acyclic graph (DAG) is taken as the largest finish time among its

tasks.
TET = 7r%g%{FmT(Tq, i)} (2.7)

2.1.2. Total execution cost
The cloud services are provided by cloud service providers (CSPs) to the user based on a pay-per-use

model. These services apply a fixed charge for moving each unit of data between two VM nodes [19]. The
execution cost can be defined by the Eq. (2.8).

RFTj — RST;

T

EXT(r;)=| | *ve; (2.8)

Here, vc;j is the cost of leasing VM r; per time unit, and 7 represents the associated time interval. RFT}
and RSTj represent r;’s finish renting time and start renting time while executing a workflow, respectively.
| | denotes the floor function, which rounds a value down to the nearest integer. The TEC of the workflow

is denoted by Eq. ([2.9)).
TEC = > EXT(ry) (2.9)
=1

Where n is the number of virtual machines. This work aims to assign each workflow task to a suitable
VM while minimizing makespan and keeping the TEC within budget.

Min i.e. TEC < Budget (2.10)

2.2. Grey wolf optimisation algorithm

Mirjalili et al. [29] presented GWO, is a metaheuristic modeled on the behavior of grey wolf packs. In
GWO, the wolves stay in a hierarchical order, such as alpha, beta, delta, and omega. The following stages
illustrate the algorithm.
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2.2.1. Encircling prey
In GWO, grey wolves surround their prey while hunting.

¢ = [w.Zp(t) - Z(2)| (2.11)

Z(t+1) = Zp(t) — pc (2.12)

Eq. (2.11) and Eq. (2.12)) help in updating the position of the wolves according to iteration (t). Z,
and Z denote the position of prey and the current location of wolf, respectively. The values of ;1 and k are

obtained using Eq. (2.13]) and Eq. (2.14]), respectively.
w=2.ax1—a (2.13)
K= 2.X2 (2.14)
The random variables x; and x2 lie within the interval [0, 1], while Eq. (2.18)) defines the linear decrement

of a from 2 to 0.

2.2.2. Hunting

In the hunting process, the alpha plays the most critical role by guiding the beta and delta, and encircles
the prey. The dominant wolves locate the prey, representing the optimal solution. Remaining agents update
their locations with respect to the dominant wolves to exploit the best solutions.

Coc = ’/il.Za — Z‘7C6 = |I€2.Zg — Z|,€5 = |H3.Z§ — Z| (2.15)

Zy=Zo — p1Ca, Zo = Zg — p2.Qp, Z3 = Zs — ji3-5 (2.16)
YA Z Z

Z@+1)=4ii7§i—3 (2.17)

2.2.3. Attacking

The grey wolf continues the hunt until it ceases to move. During each iteration, a gradually decreases.
In Eq. (2.18)), a is the controlling variable, ¢ denotes the current iteration, and 7 is the total number of
iterations.

a=2x(1-"Y) (2.18)

T

2.8. Customized weight grey wolf optimization (CWGWO)

In the normal GWO, the main three wolves: «, 8 and ¢, guide the other wolves with equal weights,
where wy = we = w3 = % But in reality, the top leader a has more control than £, and last . In the
proposed approach, we use the weights assigned to wolves leader as constant values likely, w; = % for a,
Wy = % for 5, and wsg = % for §. This way, a becomes the main guide in the start and middle of the search, 3
gives medium support, and § plays a smaller helping role. So this weighting enhances convergence capability
by maintaining strong exploration in the early phase while improving exploitation in the latter phase. The
Figure [I] shows the Flowchart of the CWGWO algorithm. The Algorithm [I] represents the pseudocode of
the CWGWO workflow scheduling algorithm.

3 2 1
Z(t+1) =g x 2t g x Dot g % Zy (2.19)
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Table 2: Parameters of algorithms and their respective values

Parameters GWO CWGWO
Wolf Size 25 25
Wolf length No. of task | No. of task
No. of Iteration 500 500
a [2,0] [2,0]
H [_ava] [—a,a]
K [0,2] [0,2]
wl 0.33 0.5
w2 0.33 0.34
w3 0.33 0.16
X1, X2 [0,1] [0,1]

Table 3: Simulation Parameters

Parameters Values

Task 24 to 1000

Virtual machines | 5

MIPS 1000

RAM 512

Bandwidth 1000

Processor 1

VM Policy Time shared and space shared

Algorithm 1 The CWGWO Workflow Scheduling

e e e

,_.
e

: Input: Workflow and set of resources
Output: Task allocation on virtual machines
Initialize: a < 2, pu < 0, k < 0, x1 < rand|0, 1], x2 + rand|0, 1]
for s = 0 to populationSize do
popls| < randomize()

end for
Compute the fitness function using Eq. (2.1)).
s+ 0

while s < maxzimumliteration do
Update «, 8, and 6 wolves as per Eq. (2.16]).

Update parameters u, x, and a as per Eq. (2.13), (2.14), and (2.18).

Update positions as per Eq. (2.19).
s+—s+1

: end while
: Return: Optimal mapping of tasks to virtual machines




C. Lal, H. Sharma, Journal of Prime Research in Mathematics, 2026, 256—268 262

Initialize positions of wolf
population

Evaluate fitness of each wolf

Identify a, B, 5, and y wolves

Maximum iteration
Reached

NO

‘ Update control parameters ‘

v
Use wy=0.5, w,= 0.34, and wy= 0.16|

Y

‘ Update the position of wolves ‘

A\ 4
‘ Evaluate fitness of updated ‘

Y
‘ Return optimize task-VM

Figure 1: Flowchart of CWGWO algorithm

3. Results and discussion

The proposed CWGWO algorithm is tested across five different workflows to assess its performance
in terms of TET and TEC based on the fitness function. The performance of the CWGWO algorithm
is evaluated against the ACO and GWO algorithms. The experimental evaluation considers five scientific
workflows, such as CyberShake, Montage, Inspiral, SIPHT, and Epigenomics, with different task structures.
The characteristics of the hardware system are as follows: Core i5 processor, 4 GB RAM, and Windows 8.
These algorithms are implemented on a standard tool known as WorkflowSim 1.1 simulation toolkit [30].
This simulator is an extended version of CloudSim. Table [2] lists the algorithm parameters, while Table
denotes the simulator parameters.

This section presents a comparative discussion of the CWGWO algorithm against existing approaches,
namely ACO and GWO. The evaluation focuses on two performance metrics: TET and TEC. Experiments
were conducted by varying the workflow size from 25 to 1000 tasks across five benchmark workflows: Cyber-
Shake, Inspiral, Montage, SIPHT, and Epigenomics. For all experiments, the maximum number of iterations
was fixed at 500. Each algorithm along a particular scientific workflow is executed ten times, and the average
values are recorded as results. The outcomes are provided in Tables [, 5 and [6]
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Table 5: Total execution time with different workflows (In milliseconds)

Percentage reduction

Workflow Task | ACO GWO CWGWO | From ACO | From GWO
CyberShake | 30 568.46 439.45 433.21 29.36 1.44
20 1140.07 749.56 745.31 52.09 0.57
100 2550.03 1798.48 1785.48 41.78 0.73
1000 | 15565.76 11252.91 11201.01 38.33 0.46
SIPHT 30 5400.3 4424.6 4422.29 22.05 0.06
60 8338.89 6820.25 6309.37 22.2 8.09
100 11009.13 9039.24 9001.41 21.79 0.42
1000 | 120032.74 | 100337.1 | 98609.21 19.62 1.75
Inspiral 30 1974.45 2515.54 2510.16 -21.50 0.21
50 3627.57 3866.08 3809.4 -6.16 1.48
100 7647.39 5665.73 5720.13 34.97 -0.95
1000 | 61241.08 49755.23 | 49712.38 23.08 0.08
Montage 25 67.23 84.79 87.02 -20.70 -2.57
50 136.45 153.49 149.82 -11.10 2.45
100 278.44 290.79 285.49 -4.24 1.85
1000 | 2640.57 2683.968 | 2686.39 -1.61 -0.09
Epigenomics | 24 6717.8 7846.05 7709.11 -14.37 1.77
47 13140.41 13442.22 | 13040.21 -2.24 3.08
100 95277.34 121109.3 | 108661.17 | -21.38 11.45
997 1201141.33 | 876848.79 | 854382.26 36.98 2.63
Table 4: Total execution cost with different workflows (In milliseconds)
Percentage reduction
Workflow Task | ACO GWO CWGWO | From ACO | From GWO
CyberShake 30 1623.46 1311.46 1287.42 23.79 1.86
50 4846.28 3034.81 3032.74 99.68 0.07
100 | 11450.09 8251.61 8112.17 38.76 1.718
1000 | 75465.22 | 54405.27 54256.26 38.70 0.27
SIPHT 30 20448.32 | 11380.29 11271.69 79.68 0.96
60 31194.71 | 24784.389 23711.02 25.86 4.52
100 | 45751.31 | 38485.94 37327.56 18.87 3.10
1000 | 592117.6 | 494838.75 488020.1 19.65 1.39
Inspiral 30 8554.24 8159.96 7899.61 4.83 3.29
50 14231.32 | 14063.63 13997.71 1.19 0.47
100 | 28459.09 | 23830.97 23901.22 19.42 -0.29
1000 | 252813.3 | 242255.47 241560.8 4.35 0.28
Montage 25 293.96 290.53 286.38 1.18 1.44
50 631.14 630.56 628.26 0.09 0.36
100 1304.27 1310.98 1308.31 -0.51 0.20
1000 | 12772.99 | 12755.65 12722.17 0.14 0.26
Epigenomics 24 21593.16 | 18703.96 18601.14 15.44 0.55
47 47942.12 | 44900.29 44860.69 6.78 0.9
100 | 422283.1 | 414633.57 414601.6 1.85 0.08
997 | 4874893 | 3928124.86 3927127 24.11 0.03
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Table 6: Fitness with different workflows (In milliseconds)

Workflow Task | ACO GWO CWGWO
CyberShake | 30 1095.96 | 875.455 | 860.315
50 2993.175 | 1892.185 | 1889.025
100 7000.06 5025.045 | 4948.825
1000 | 45515.49 | 32829.09 | 32728.64
SIPHT 30 12924.31 | 7902.445 | 7846.99
60 19766.8 15802.32 | 15010.2
100 28380.22 | 23762.59 | 23164.49
1000 | 356075.2 | 297587.9 | 293314.7
Inspiral 30 5264.345 | 5337.75 5204.885
50 8929.445 | 8964.855 | 8903.555
100 18053.24 | 14748.35 | 14810.68
1000 | 157027.2 | 146005.4 | 145636.6
Montage 25 180.595 187.66 186.7
50 383.795 | 392.025 | 389.04
100 791.355 | 800.885 796.9
1000 | 7706.78 7719.809 | 7704.28
Epigenomics | 24 14155.48 | 13275.01 | 13155.13
47 30541.27 | 29171.26 | 28950.45
100 258780.2 | 267871.4 | 261631.4
997 3038017 | 2402487 | 2390755

Figure |2| (a) shows the TEC under the CyberShake workflow with the following task sizes: 30, 50, 100,
and 1000. The proposed CWGWO reduces TEC by 23.79%, 59.68%, 38.76%, and 38.70% compared to
ACO, and by 1.86%, 0.07%, 1.71%, and 0.27% compared to GWO. These results demonstrate significant
improvement over ACO and slightly better or comparable performance to GWO. Figure [2 (b) shows the
TET for CyberShake workflow. CWGWO reduces TET by 29.36%, 52.09%, 41.78%, and 38.33% compared
to ACO and by 1.44%, 0.57%, 0.73%, and 0.46% compared to GWO for considered tasks, respectively.

80000 18000

70000 16000

60000 14000

12000
50000
10000
40000
8000

30000
6000

Total execution cost (ms)
Total execution time (ms)

20000 4000

10000 2000
0 [ h 0 e | w1 h

30 50 100 1000 30 50 100 1000
mACO 1623.46 4846.28 11450.09 75465.22 mACO 568.46 1140.07 2550.03 15565.76
B GWO 1311.46 3034.81 8251.61 54405.27 mGWO 439.45 749.56 1798.48 11252.91
uCWGWO 1287.42 3032.74 8112.17 54256.26 mCWGWO 433.21 745.31 1785.48 11201.01
Number of task Number of task
(a) (b)

Figure 2: (a) TEC and (b) TET with CyberShake

Figure |3| (a) compares the TEC under the SIPHT workflow with the following task sizes: 30, 60, 100,
and 1000. The CWGWO achieves reductions of 79.68%, 25.86%, 18.87%, and 19.65% over ACO, and 0.96%,
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4.52%, 3.10%, and 1.39% over GWO for task sizes 30, 60, 100, and 1000, respectively. The reduction is most
prominent for small and medium scientific workflows. Figure |3 (b) illustrates TET for SIPHT workflow.
CWGWO achieves reductions of 22.05%, 22.2%, 21.79%, and 19.62% over ACO and 0.06%, 8.09%, 1.75%,
and 0.21% over GWO for considered tasks, respectively.

700000 140000
600000 120000
= =
£ 500000 E 100000
- i
g E
o 400000 = 80000
c
2 ]
= =
3 >
2 300000 3 60000
x x
) G)
£ 200000 £ 40000
(o) o
= -
100000 20000
0 _h____-_ 0 _____-_
30 60 100 1000 30 60 100 1000
mACO 20448.32 31194.71 4575131 592117.61 mACO 5400.3 8338.89 11009.13 120032.74
BGWO 11380.29 24784.389 38485.94 494838.75 EGWO 44246 6820.25 9039.24 100337.1
B CWGWO 11271.69 23711.02 37327.56 488020.1 B CWGWO 442229 6309.37 9001.41 98609.21
Number of task Number of task
(a) (b)

Figure 3: (a) TEC and (b) TET with SIPHT

Figure |4 (a) represents the TEC under the Inspiral workflow with the following task sizes: 30, 50, 100,
and 1000. The proposed CWGWO algorithm reduces TEC by 4.83%, 1.19%, 19.42%, and 4.35% compared
to ACO, and by 3.29%, 0.47%, -0.29%, and 0.28% compared to GWO across the given task sizes. Figure
(b) shows the TET for the Inspiral workflow. The CWGWO algorithm reduces TET by -21.50%, —6.16%,
34.97%, and 23.08% compared to ACO and by 0.21%, 1.48%, -0.95%, and 0.08% compared to GWO for
considered tasks.
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HCWGWO 7899.61 13997.71 23901.22 241560.81 B CWGWO 2510.16 3809.4 5720.13 49712.38
Number of task Number of task
(a) (b)

Figure 4: (a) TEC and (b) TET with Inspiral

Figure |5| (a) presents the Montage workflow results. CWGWO reduces TEC by 1.18%, 0.09%, -0.51%,
and 0.14% compared to ACO, and 1.44%, 0.36%, 0.20%, and 0.26% compared to GWO for 25, 50, 100,

and 1000 tasks, respectively. Improvement is moderate, particularly for large-scale workloads. Figure |5 (b)
presents the TEC under the Montage workflow. The CWGWO algorithm shows -20.70%, -11.10%, -4.24%,
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and -1.61% reduction compared to ACO and -2.57%, 2.45%, 1.85%, and -0.09% compared to GWO for
considered tasks.
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Figure 5: (a) TEC and (b) TET with Montage

Figure |§| (a) illustrates TEC results for the Epigenomics workflow. CWGWO achieves 15.44%, 6.78%,
1.85%, and 24.11% cost reduction over ACO, and 0.55%, 0.09%, 0.08%, and 0.03% over GWO for 24,
47, 100, and 997 tasks. CWGWO consistently performs better than ACO and remains competitive with
GWO on large datasets. Figure |§| (b) presents TEC under the Epigenomics workflow. In the Epigenomics
workflow, CWGWO achieves -14.37%, -2.24%, -21.38%, and 36.98% improvement compared to ACO and
1.77%, 3.08%, 11.45%, and 2.63% compared to GWO.
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Figure 6: (a) TEC and (b) TET with Epigenomics

4. Conclusion and future direction

The proposed CWGWO algorithm shows significant improvements in workflow scheduling compared to
the basic GWO and ACO algorithms. It reduces both TEC and TET across multiple scientific workflows such
as CyberShake, SIPHT, Inspiral, Montage, and Epigenomics, tested at various task sizes. The performance
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improvement is achieved by using customised weights for the a, 8, and § wolves, rather than equal weighting,
in basic GWO, where all leaders are influenced equaly. The CWGWO assigns a weight of 0.5 for «, 0.34 for S,
and 0.16 for §. This approach enhances the exploration ability in the early phase and exploitation in the later
phase, resulting in faster convergence, avoidance of local optima, and improved solution quality. Figures [2]
(a), Figure[3| (a), and Figure [6]a) present the best reductions in TEC, while Figures[2| (b), Figure 3| (b), and
figure [4] (b) show the best reductions in TET. For example, TEC decreased by 59.68% for CyberShake (50
tasks), by 79.68% for SIPHT (30 tasks), and by 24.11% for Epigenomics (997 tasks). Similar improvements
were observed for TET, including reductions of 52.09% for CyberShake (50 tasks), 22.20% for SIPHT (60
tasks), and 34.97% for Inspiral (100 tasks). These observations confirm that CWGWO provides the best
results in many of the tested workflows and maintains performance close to, or better than, GWO in larger
workflows.

In the future, the method can be improved by making weights adaptive, combining it with machine
learning or other algorithms to make more intelligent decisions, and also reducing energy consumption,
along with costs and time.
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