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Multi-Objective Workflow Scheduling Using DWGWO Algorithm in Cloud Computing

Chotu Lal*, Harish Sharma and Vaishali Maheshwari

ABSTRACT: This paper presents an approach for workflow scheduling, which assumes diverse quality of ser-
vice needs in the clouds. The main target of the scheduling is to minimize total execution time (TET) and
total execution cost (TEC) while scheduling to meet the service level agreement (SLA). Workflow scheduling
is classified as an NP-hard problem in cloud environments. Conventional algorithms are unable to tackle the
workflow scheduling within polynomial time. This article proposes a multi-objective system for the workflow
scheduling problem using a Dynamic Weights Grey Wolf Optimization (DW-GWO) algorithm for cloud com-
puting. This algorithm has a balance between exploration and exploitation capabilities. This algorithm helps
to minimize the TET and TEC for tasks that depend on each other. The experimental results indicate that
the DW-GWO algorithm outperformed the ACO and GWO algorithms in terms of TET and TEC.

Keywords: Optimization algorithms, metaheuristic algorithms, Dynamic Weights Grey Wolf Opti-
mization, cloud computing, workflow scheduling, nature-inspired algorithms.
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1. Introduction

Cloud computing is a way of using the Internet to process data and provide storage and network
services. It gives users a lot of flexibility, letting them choose the services they need, often through
a subscription. Nowadays, the cloud computing area is enhanced, offering several benefits to users
[1]. These benefits are provided by a service provider using the concept of virtualization, where tasks
are mapped and executed on virtual machines (VMs), a process known as task scheduling. The task
scheduling in cloud environments remains an NP-hard problem due to their dynamic and heterogeneous
nature [2]. Workflow scheduling is a process that maps the tasks and virtual machines when tasks are
interdependent. Many researchers have designed numerous algorithms to optimize the makespan and
cost of the workflow [3,5,6,4,7]. However, there is still scope to further reduce makespan and cost.

In [4], the suggested algorithm manages balanced and imbalanced workflows. This method also
optimizes the data transfer time and communication costs. The DiCSPM [4] is utilized to enhance
efficiency and reduce communication costs to GWO [30], BRS [33], and PSO [32]. The Genetic Algorithm
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(GA) takes much time to reach optimal solutions [8]. Tawfeek et al. [9] utilized the Ant Colony
Optimization (ACO) [13] for task scheduling to decrease makespan and observed that ACO surpassed
FCFS [34] and RR [35]. However, the ACO algorithm is complex and requires a significant amount of time
to reach optimal results [10]. The paper [11] 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 [12]. The Enhanced Flower Pollination (EFP) algorithm is used for cloud task scheduling
to reduce makespan and shows improved performance compared to PBACO [36], ACO [13], Min-Min
[37], and FCFS strategies [14]. The paper uses the Bat Algorithm (BA), a metaheuristic inspired by bat
echolocation, to reduce execution cost [15]. This paper uses the Artificial Bee Colony (ABC) method to
schedule tasks to improve load balancing and resource utilisation [16]. The Cuckoo Search (CS) algorithm
is used in workflow scheduling to improve energy efficiency and reduce SLA violations in cloud computing
[17]. The Cat Swarm Optimization (CSO) algorithm demonstrates the workflow scheduling problem [6].
This algorithm is used for enhancing resource utilisation.

The literature review and Table 1 highlight a notable research gap as standard metaheuristic algo-
rithms are not well-suited for addressing cloud scheduling problems [2]. These algorithms often suffer
from premature 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 Dynamic Weights Grey Wolf Opti-
mization (DW-GWO) algorithm. In the original GWO, the top three leaders are influenced by equal
importance. In the proposed approach (DW-GWO), a dynamic weight is adopted for alpha, which is
influenced by weight w; = 1.0 to 0.5, beta is influenced by we = 0 to 0.34, and delta is influenced by
ws = 0 to 0.16, and these weights are assigned to these leaders. In DW-GWO, 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 population diversity. Consequently, exploration
is emphasized during the early iterations, and exploitation is progressively in the later stages. The DW-
GWO aims to improve exploration-exploitation balance, accelerate convergence, and avoid premature
trapping in local optima. The proposed (DW-GWO) algorithm is used in workflow scheduling to reduce
total execution time (TET) and total execution cost (TEC). The workflow scheduling algorithm was sim-
ulated using WorkflowSim. Table 2 shows the list of symbols used in this paper with their corresponding
definitions.

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 DW-GWO 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 7, and ~, is 0.5.

2.1.1. Total execution time. The computation time (CMT) of task T is calculated using Equation 2.8
and this task is assigned to resource R; [20].

Length,

5, (2.2)

CMT(T, R;) =
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Table 1: Comparative discussion of task scheduling algorithms

Refe- Approaches Used Key Contribution Limitations
rences Workflows
2018 BBO and 4 It achieves a faster conver- | The workload distribution
[18] HMBBO gence rate compared to the | over resources and the asso-
considered algorithms. ciated cost are not considered
2021 MOO algo- 2 Energy consumption is re- | This study considers only two
[19] rithm duced compared with the | scientific workflows for evalu-
considered approaches. ation.
2021 PSO + LOA 3 The performance in terms of | Only discussed a single pa-
[20] TEC is better compared to | rameter, which is cost.
PSO and LOA.
2021 PSO-GWO 4 Execution cost and time are | The results do not consider
[21] effectively reduced compared | resource scalability for large-
to GWO and PSO. scale workflows.
2022 CHGA algo- 4 CHGA achieves reduced cost | Only focused cost parameter.
[22] rithm compared to the considered
algorithms.
2023 Cost- 3 Reduced cost compared to | Evaluation was conducted us-
(23] effective PSO and GA. ing three scientific workflows.
algorithm
2023 MOS ap- 0 The makespan was reduced | The emphasis is solely on re-
[24] proach compared to  considered | ducing costs and minimizing
methods. makespan.
2023 Population 0 Reduced execution time and | No scientific workflows used.
[26] based  ap- cost.
proach
2023 Novel energy 1 Improvement in energy con- | The focus was solely on en-
[25] coefficient sumption and data depen- | ergy consumption.
based algo- dency management.
rithm
2024 HEPGA al- 0 Better at optimizing tasks | Focused solely on minimizing
[27] gorithm and fitness values. makespan
2025 MGWO 3 Multi-objective workflow | Used only three scientific
[28] algorithm scheduling. workflow.
2025 HPWOA 3 Hybrid HPWOA for single- | Only three scientific work-
[29] objective workflow schedul- | flows used and discussed only
ing. cost parameter.
2026 PSOEGWO 4 Hybrid algorithm for multi- | Only four scientific workflows
[38] objective workflow schedul- | used.
ing.
DW-GWO 5 Reduce execution time and | This approach is not used
execution cost for energy consumption and
other objectives.

Here, Length, illustrates the length of task T, in million instructions (MI), and PC} is the processing
capacity of resource R;. The TT(T,) denotes the transferring time for task 7,. The transfer time for
task Ty is the longest input transfer time of all input files. The Equation 2.3 illustrated the transferring
of the task (Tj).
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Table 2: Symbol table

Symbol Definition Symbol Definition
TET Total execution time CMT Computation time
TEC Total execution cost PC Processing capacity
T Task R Resource
MI Million Instructions TT Transferring time
PCT Processing time BW Bandwidth
STT Start time FT Finish time
RET End rental time RST Start rental time
TT(T,) = max {22240, 1) (2.3)

T,€T, BW

Here, the task T}, is a predecessor task of task T,, SZDatar, r,) illustrates the size of data that was
transferred from task 7}, to 1, and BIW denotes the available bandwidth. The transfer time is considered
zero when T), and T, are assigned to the same virtual machine (VM). The processing time (PCT) of task
T, scheduled on resource R; is expressed in Equation 2.4.

PCT(T,, R;) = TT(T,) + CMT(T,, R;) (2.4)

Equation 2.5 is used to calculate the start time (STT) of task (7;) assigned to the VM resource R;.

0, if prede (T,) =0
STT(T,, R;) = (2.5)
maxr, et {STT(Ty, Rj) + PCT(T,, R;)} if prede (T,) =0

Equation 2.6 is used to calculate the finish time (FT) of task (7).

PCT(Ty, R;), if prede (T;,) =0
FT(T,, Ry) = (26)
maxr, e, { FT(T,) + PCT(Ty,, R;)} if prede (T,) !=0

The total execution time of a directed acyclic graph is calculated using Equation 2.7.

TET = max{FT(T,, ;)} (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 have a fixed price for transferring a unit of data between
two VM nodes [20]. The execution cost (EXC) of a virtual machine can be defined by the Equation 2.8.

RET; — RST;

EXC(Rj)=| SEX (2.8)

T

Where ve; represents the rental price per unit time for resource R;, and 7 is its corresponding unit time
interval. The RET; and RST}; represent the end rental time and the start rental time of the resource R;,
respectively. | | denotes the floor function, which rounds a value down to the nearest integer. The TEC
of the workflow is denoted by Equation 2.9.

TEC = Zn: EXC(R;) (2.9)

Here, n denotes virtual machines. The objective of this work is to minimize the TET and TEC.
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2.2. Grey Wolf Optimization algorithm

Mirjalili et al. [30] presented the GWO approach. In GWO, the wolves stay in hierarchical order,
such as alpha, beta, delta, and omega. The following steps illustrate the algorithm.

2.2.1. Encircling prey. This step describes how wolves encircle their prey during hunting.
¢=|kZp(t)— Z(t)] (2.10)

Z(t+1) = Zp(t) — pc (2.11)

Equations 2.10 and 2.11 help to find the best places of the wolves according to iteration (t). The Z,
and Z illustrate the position of the prey and wolf, respectively. The values of the coefficients p and k are
computed using Equations 2.12 and 2.13, respectively.

w=2.ax —a (2.12)
K= 2.x2 (2.13)

The random variables x; and y» take values in the interval [0, 1], whereas Equation 2.17 defines the
linear decrease of the parameter a from 2 to 0.

2.2.2. Hunting. In the hunting process, alpha plays the most critical role by guiding beta and delta, and
encircling the prey. The alpha, beta, and delta find the exact location of the prey (optimal solution).
The remaining wolves update their location by referencing the leaders to enhance solution exploitation.

<a = |I<;1.Za — Z‘7<B = |I€2.Zﬂ — Z|,<5 = ‘53.25 — Z| (2.14)

Z1=2Za — p1Ca, Zo = Zg — p2.Gp, 43 = Z5 — 3.5 (2.15)
VA4 Z Z

Z(t+1) = %ﬁfﬂ (2.16)

2.2.8. Attacking. The hunting process persists until the prey becomes immobile. In the mathemati-
cal model, the parameter a is gradually reduced at each iteration. Equation 2.17 specifies the control
parameter a, where t indicates the current iteration and T represents the maximum iteration count.

t

a=2x (1) (2.17)

2.3. Dynamic Weights Grey Wolf Optimization (Proposed algorithm)

In GWO, the position update of a search agent is given by three leading wolves, which are represented
in Equation 2.16. This equal-weight strategy makes the algorithm static in nature and fails to differentiate
between exploration and exploitation phases. The early iterations phase denotes exploration to avoid local
optima, whereas the later iterations phase represents exploitation. To solve this issue, we use a dynamic
weighting strategy that influences alpha by wy, beta by ws, and delta by w3 as per the iteration ”¢”.

wi(t) +we(t) +ws(t) =1, Vte[0,T)] (2.18)
where T is the maximum number of iterations.

2.8.1. Cosine-Based Weight Evolution. A mathematically smooth transition from exploration to exploita-
tion can be achieved using a cosine-based plan, which is represented in Equation 2.19.

B 1+ cos (77%)

1(0) . (2.19)

The weights are then computed as:
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Table 3: Parameters of algorithms and their respective values

Parameters GWO DW-GWO
No. of Wolf 25 25
Wolf length No. of task | No. of task
No. of Iteration 500 500
a [2,0] [2,0]
M [-a,a] [-a,a]
K [0,2] [0,2]
wl 0.33 1t00.5
w2 0.33 0 to 0.34
w3 0.33 0 to 0.16
X1, X2 [0,1] [0,1]

wy(t) = 0.5+ 0.5 f(t),
wo(t) = 0.34 (1 — f(t)), (2.20)
’(Ug(t) =1- w1 (t) — U)Q(t)

Z(t + 1) = wl(t) X Z1+ wz(t) X Zo + wg(t) X A3 (221)

In the early iterations, the weights satisfy wq(t) = 1, wo(t) & 0, and w3(t) &~ 0, which indicates strong
alpha dominance and consequently enhanced exploration. At the latter of the iterations, the weights are
w(t) = 0.5, wa(t) = 0.34, and ws(t) ~ 0.16. This stage is denoted as the exploitation. This dynamic
transition ensures smooth and stable convergence, effectively reducing the risk of premature convergence
while accelerating the convergence process during the exploitation phase. The Figure 1 represented a
curve between weights and iterations. The Figure 2 and Algorithm 1 represent a flowchart and algorithm
of the proposed algorithm, respectively.

1.0 - —— wy (Alpha)
w> (Beta)
0.8 - —— w3 (Delta)
u
% 0.6 4
>
= —
=
R=u
T 0.4
=
0.2 1
0.0 —_—
T T T T T T
0 20 40 60 80 100

Number of Iteration

Figure 1: Curve for weights and iterations

3. Result Analysis

The proposed DW-GWO 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 DW-GWO algorithm is
evaluated against the ACO and GWO algorithms. The experimental evaluation considers five scientific
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Initialize positions of wolf
population

Evaluate fitness of each wolf

Identify a, B, 8, and y wolves

Maxi iteration YES

Reached

[ Update control parameters

w3=0t00.16

Update the position of wolves

Use w1=1to 0.5, w2=0 to 0.34, J

[ Evaluate fitness of updated

soluiions
Return optimize task-VM

Figure 2: Flowchart of DW-GWO algorithm

Table 4: Simulation Parameters

Parameters Values

No. of task 25 to 1000

No. of virtual machines | 5

MIPS 1000

Bandwidth 1000

VM Policy Time shared and space shared

workflows, such as CyberShake, Montage, Inspiral, SIPHT, and Epigenomics, with different task struc-
tures. The characteristics of the hardware system are as follows: an Intel(R) Core i5 processor running at
2.20 GHz, 4 GB of RAM, and a Windows 8 Pro 64-bit. All algorithms are implemented using the Work-
flowSim 1.1 simulation toolkit with fixed workflow files and predefined virtual machines. Simulations
used the default random settings of WorkflowSim, and run multiple times to ensure stable and consistent
results. This simulator is an extended version of CloudSim. Table 3 presents the parameters utilized in
the proposed method, while Table 4 denotes the simulator parameters.

3.1. Simulation Results

This section presents a comparative analysis of the proposed DW-GWO algorithm against existing
approaches, namely ACO and GWO. The evaluation attention on the following performance indicators:
TET and TEC. Experiments were conducted by varying the workflow size from 25 to 1000 tasks across five
benchmark workflows: CyberShake, 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, 6, and 7. The negative (-) values in these tables indicate an increase in TET and TEC compared to
the proposed method.

Figure 3 (a) shows a comparison of the TEC of ACO, GWO, and the proposed DW-GWO algorithms
under the CyberShake scientific workflow with the following task sizes: 30, 50, 100, and 1000. The
proposed DW-GWO reduces TEC by 28.91%, 59.06%, 41.23%, and 39.12% compared to ACO, and by
4.14%, -0.38%, 1.78%, and 0.29% compared to GWO. These results demonstrate significant improvement
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Table 5: Total execution cost with different workflows (In milliseconds)

Percentage reduction

Workflow | Tasks ACO GWO | DW-GWO | From ACO | From GWO
30 1623.46 1311.46 1222.494 28.91 4.14
CyberShake 50 4846.28 | 3034.81 3046.62 59.06 -0.38
100 11450.09 | 8251.61 8107.09 41.23 1.78
1000 75465.22 | 54405.27 | 54243.26 39.12 0.29
30 8554.24 | 8159.96 | 7984.62 7.13 2.19
Inspiral 50 14231.32 | 14063.63 | 13988.74 1.73 0.54
100 28459.09 | 23830.97 | 23925.22 18.95 -0.39
1000 252813.3 | 242255.5 | 241379.9 4.74 0.36
25 293.96 290.53 284.06 3.49 2.28
Montage 50 631.14 630.56 625.21 0.95 0.85
100 1304.27 | 1310.98 1303.12 0.09 0.60
1000 12772.99 | 12755.65 | 12609.5 1.29 1.15
30 20448.32 | 11380.29 | 11164.63 83.15 1.93
SIPHT 60 31194.71 | 24784.39 | 22556.73 38.29 9.87
100 45751.31 | 38485.94 | 36301.3 26.03 6.09
1000 592117.6 | 494838.8 | 486010.7 21.83 1.82
24 21593.16 | 18703.96 | 18528.98 16.53 0.94
Epigenomics 47 47942.12 | 44900.29 | 44890.38 6.80 0.03
100 422283.1 | 414633.6 | 414971.5 1.76 -0.08
997 4874893 | 3928125 | 3926024 24.17 0.05

Table 6: Total execution time with different workflows (In milliseconds)

Percentage reduction

Workflow | Tasks ACO GWO DW-GWO | From ACO | From GWO
30 568.46 439.45 423.21 34.32 3.83
CyberShake 50 1140.07 749.56 742.71 53.50 0.92
100 2550.03 1798.48 1780.24 43.24 1.024
1000 15565.76 | 11252.91 | 11198.41 38.99 0.48
30 1974.45 2515.54 | 2487.76 -20.63 1.11
Inspiral 50 3627.57 | 3866.08 3770.74 -3.79 2.52
100 7647.39 5665.73 5716.13 33.78 -0.88
1000 61241.08 | 49755.23 | 49700.43 23.22 0.11
25 67.23 84.79 89.51 -24.89 -5.27
Montage 50 136.45 153.49 144.89 -5.82 5.93
100 278.44 290.79 282.43 -1.41 2.96
1000 2640.57 2683.968 | 2682.39 -1.55 0.06
30 5400.3 4424.6 4419.29 22.19 0.12
SIPHT 60 8338.89 6820.25 6302.37 32.31 8.21
100 11009.13 | 9039.24 | 8945.41 23.07 1.05
1000 120032.7 | 100337.1 | 98594.53 21.74 1.76
24 6717.8 7846.05 7733.62 -13.13 1.45
Epigenomics 47 13140.41 | 13442.22 | 12800.82 2.65 5.01
100 95277.34 | 121109.3 | 108561.3 -12.23 11.55
997 1201141 | 876848.8 | 844381.4 42.25 3.84
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Algorithm 1 DW-GWO workflow scheduling algorithm

Require: Workflow (V, D) and resources {VMi,...,VM;}
Ensure: Assigning tasks to resources
1: Initialize parameters: a < 2, p < 0, k < 0, x1 < rand(0, 1), x2 < rand(0, 1)
2: for n < 1 to popSize do
3 pop[n] < randomize()
4: end for
5: Compute fitness for each individual using Equation (2.1).
6
7
8
9

11+ 0
: while ¢ < maxlIteration do
Update «, 8,9 (wolves) according to Equation (2.15).

: Update parameters p, k, a according to Equations (2.12), (2.13), (2.17).
10: Update positions using Equation (2.21).
11: Evaluate fitness and update best solutions (if improved).
12: t—t+1
13: end while
14: return best mapping found

over ACO and slightly better or comparable performance to GWO. Figure 3 (b) illustrates the TET
comparison of ACO, GWO, and DW-GWO for the CyberShake workflow. DW-GWO reduces TET
by 34.32%, 53.50%, 43.24%, and 38.99% compared to ACO and by 3.83%, 0.92%, 1.02%, and 0.48%
compared to GWO for considered tasks.

80000 18000
70000 16000
60000 14000

12000
50000

10000
8000

40000

30000
6000

4000

10002 . zooz .

20000

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

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
mGWO 1311.46 3034.81 8251.61 54405.27 mGWO 439.45 749.56 1798.48 11252.91
= DWGWO 1259.31 3046.64 8107.09 54243.26 mDWGWO 423.21 742.71 1780.24 11198.41
Number of task Number of task
(a) CyberShake (b) CyberShake

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

Figure 4 (a) compares the execution cost of ACO, GWO, and DW-GWO approaches using the Inspiral
workflow with the following task sizes: 30, 50, 100, and 1000. The proposed DW-GWO algorithm reduces
TEC by 7.13%, 1.73%, 18.95%, and 4.73% compared to ACO, and by 2.19%, 0.53%, -0.39%, and 0.36%
compared to GWO across the given task sizes. Figure 4 (b) compares the execution time of ACO, GWO,
and DW-GWO approach using the Inspiral workflow. The DW-GWO algorithm reduces TET by -20.63%,
-3.79%, 33.78%, and 23.22% compared to ACO and by 1.11%, 2.52%, -0.88%, and 0.11% compared to
GWO for considered tasks.

Figure 5 (a) presents the Montage workflow results. DW-GWO reduces TEC by 3.48%, -1.42%, 1.33%,
and 1.13% compared to ACO, and 2.27%, -1.51%, 1.85%, and 0.99% compared to GWO for 25, 50, 100,
and 1000 tasks, respectively. Improvement is moderate, particularly for large-scale workloads. Figure 5
(b) compares the execution time of ACO, GWO, and DW-GWO methods using the Montage workflow.
The DW-GWO algorithm shows -24.89%, -5.82%, -1.41%, and -1.55% reduction compared to ACO and
-5.27%, 5.93%, 2.96%, and 0.05% compared to GWO for 25, 50, 100, and 1000 tasks.
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Table 7: Fitness with different workflows (In milliseconds)

Workflow Tasks ACO GWO DW-GWO
30 1095.96 875.455 841.26
50 2993.17 1892.185 | 1894.67

CyberShake | 7000.06 5025.04 4943.665
1000 | 45515.49 | 32829.09 | 32720.84
30 5264.34 5337.75 5236.19

. 50 8929.44 8964.855 | 8879.74
Inspiral

100 18053.24 14748.35 14820.68
1000 157027.2 146005.4 145540.2

25 180.59 187.66 186.785
Mont 50 383.79 392.025 392.57
omage 00 | 791.35 800.885 784.79
1000 7706.78 7719.80 7656.32
30 12924.31 7902.445 7791.962
60 19766.8 15802.32 14429.55
SIPHT 100 28380.22 23762.59 22623.36
1000 356075.2 297587.9 292302.6
24 14155.48 13275.01 13131.3
Epinenomics 47 30541.27 29171.26 28845.6
pms 100 258780.2 267871.4 261766.4
997 3038017.48 | 2402487.14 | 2385203.01
300000 70000
__ 250000 60000
£ £ so000
% 200000 P
g £ 40000
S 150000 é
3 5 30000
% 100000 g
- 5 20000
® 50000 a 10000
N——— 1} ENNp——— |
30 50 100 1000 30 50 100 1000
=ACO 8554.24 14231.32 28459.09 25281331 uACO 1974.45 3627.57 7647.39 61241.08
mGWO 8159.96 14063.63 23830.97 242255.47 mGWO 251554 3866.08 5665.73 49755.23
WDWGWO|  7984.62 13988.747 23925.22 241379.9 DWGWO|  2487.76 3770.74 5716.13 49700.43
Number of task Number of task
(a) Inspiral (b) Inspiral

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

Figure 6 (a) compares the TEC of ACO, GWO, and DW-GWO using the SIPHT workflow with
following task sizes: 30, 60, 100, and 1000. The DW-GWO achieves reductions of 83.15%, 38.29%,
26.03%, and 21.83% over ACO, and 1.93%, 9.87%, 6.01%, and 1.81% over GWO for task sizes 30, 60,
100, and 1000, respectively. The reduction is most prominent for small and medium scientific workflows.
Figure 6 (b) illustrates TET for SIPHT workflow. DW-GWO achieves reductions of 22.19%, 32.31%,
23.07%, and 21.74% over ACO and 0.12%, 8.21%, 1.04%, and 1.76% over GWO for 30, 60, 100, and 1000
tasks, respectively.

Figure 7 (a) illustrates TEC results for the Epigenomics workflow. DW-GWO achieves 16.53%, 6.79%,
1.76%, and 24.16% cost reduction over ACO, and 0.94%, 0.02%, -0.08%, and 0.05% over GWO for 24,
47, 100, and 997 tasks. DW-GWO consistently performs better than ACO and remains competitive with
GWO on large datasets. Figure 7 (b) compares the TEC of ACO, GWO, and DW-GWO methods under
the Epigenomics workflow. In the Epigenomics workflow, DW-GWO achieves -13.13%, 2.65%, -12.23%,
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and 42.25% improvement compared to ACO and 1.45%, 5.01%, 11.55%, and 3.84% compared to GWO.
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4. Conclusion and future scope

The proposed DW-GWO 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 different task
sizes. The performance improvement is achieved by using dynamic weights for the «, 3, and § wolves,
rather than equal weighting, in basic GWO, where all leaders are influenced by equal weight. The DW-
GWO assigns a weight of 1.0 to 0.5 for «, 0 to .34 for 8, and 0 to 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.

In terms of TEC, DW-GWO achieved substantial reductions over ACO, reaching up to 83.15% for
the SIPHT workflow with 30 tasks, 59.06% for CyberShake with 50 tasks, and 24.17% for Epigenomics
with 997 tasks, while also outperforming GWO by up to 9.87% for SIPHT with 60 tasks. Similarly,
for TET, DW-GWO reduced execution time by up to 53.50% over ACO for CyberShake with 50 tasks
and 42.25% for Epigenomics with 997 tasks, along with consistent improvements over GWO of up to
8.21% across medium and large workflows. These results confirm the effectiveness of DW-GWO in
reducing both execution cost and execution time compared to the baseline algorithms. The proposed
DW-GWO algorithm is evaluated only on static scientific workflows, and its performance for dynamic or
online workflow scheduling is not considered in this study. 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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