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1 Introduction 
The rapid expansion of cloud computing has fundamentally changed the execution of computationally intensive 
applications by providing scalable, on-demand computing resources through virtualization. Scientific 
communities in astronomy, bioinformatics, climate modelling, earthquake engineering, genomics, and high-
energy physics increasingly rely on cloud infrastructures to execute complex workflow applications that consist 
of hundreds or even thousands of interdependent tasks [1][2]. Unlike independent task scheduling, workflow 
scheduling requires preserving task dependencies while efficiently utilizing heterogeneous computing resources. 
As cloud providers continue to support increasingly data-intensive applications, the design of efficient workflow 
scheduling algorithms has become a critical research challenge. Directed Acyclic Graphs (DAGs), in which each 
node represents a computational job and each directed edge indicates a data dependence between two tasks, are 
frequently used to model scientific processes. Workflow scheduling is far more difficult than scheduling 
individual tasks since a job cannot start execution until all of its predecessors have finished satisfactorily [3]. In 
addition to allocating tasks to available virtual machines (VMs) and determining the order in which they should 
be executed, the scheduler must also take into account limitations on workflow precedence, communication 
delays, computation costs, and resource heterogeneity. For actual workflow sizes, achieving an ideal plan by 
exhaustive search becomes computationally prohibitive because workflow scheduling falls within the family of 
NP-hard optimization problems [4].  

Many heuristic policies have been invented to solve workflow scheduling issue in heterogeneous computing 
systems within last two decades. Because of easy to use, maintaining parent child dependency, computational 
effectiveness, the HEFT (Heterogeneous Earliest Finish Time) algorithm is popular to solve scheduling issues [5]. 
It uses and upward ranking approach to set priorities of tasks available in a workflow. After setting priorities it 
allows to map these tasks to virtual machines effectively. HEFT algorithm is a deterministic greedy approach in 
which scheduling decisions are made sequentially and are occasionally reconsidered once allocated while 
producing high-quality schedules. The scheduler may be prevented from exploring alternate task-resource 
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mappings that might result in superior global solutions when workflow size and resource heterogeneity rise due 
to HEFT's greedy nature [6]. As a result, the academics have looked for optimization strategies that can go 
beyond deterministic scheduling choices.  

Population-based metaheuristic algorithms do global search across vast solution spaces without requiring 
gradient information. These have become strong alternatives to heuristic algorithms. Particle Swarm 
Optimization (PSO) is one of these algorithms that has attracted a lot of interest because of its straightforward 
mathematical model and easy implementation [7]. PSO iteratively enhances candidate solutions by exchanging 
information between individual particles and the swarm's top performers. It works by taking inspiration from 
the cooperative movement of fish schools and bird flocks. Because of these features the PSO is especially well-
suited for resolving complex scheduling issues with several competing goals. Conventional PSO has a number of 
well-known drawbacks when it comes to workflow scheduling despite its widespread use. Particles have a 
tendency to assemble in locally favourable areas in the later stages of optimization which decreases swarm 
diversity and raises the risk of premature convergence [8], although it is a faster algorithm. In high-dimensional 
scheduling situations when there are many possible task-resource pairings, this behaviour is particularly 
noticeable. Additionally, poor-quality starting populations are frequently produced by random initialization. It 
necessitates more iteration before the swarm makes approaches competitive scheduling solutions. Consequently 
for complex scientific operations, the ultimate scheduling quality and convergence speed may get declined. 
Recent research has looked into hybrid and adaptive optimization strategies that combine the global search 
capabilities of swarm intelligence techniques. These strategies have the advantages of heuristic scheduling 
algorithms in order to address these drawbacks [9]–[12]. In these methods, the optimization process is directed 
toward promising areas of the search space by deterministic heuristics which produce an initial viable schedule. 
By reducing needless exploration during early iterations this informed initialization frees up the optimization 
process to concentrate on fine-tuning high-quality schedules. The Makespan, execution cost, and resource usage 
have all improved using a number of hybrid techniques based on HEFT, GAs, Differential Evolution, Ant Colony 
Optimization, and Grey Wolf Optimization [13]–[16]. However, a lot of current hybrid approaches either rely on 
predefined evolutionary parameters or are unable to efficiently maintain high-quality solutions during the 
optimization process. Adding elite learning mechanisms to swarm optimization is another intriguing approach. 
Elite techniques allow the search process to take advantage of high-quality areas while ensuring enough 
exploration of the remaining population by preserving superior candidate solutions throughout subsequent 
generations [17]. These techniques have shown promising performance in a number of optimization fields due to 
speeding up convergence and enhancing solution stability. However, their use in scientific workflow scheduling 
is still very restricted especially when paired with heuristic starting techniques. 

Taking inspiration from these findings, the HEFT-Guided Elite Particle Swarm Optimization (EPSO) technique for 
workflow scheduling in heterogeneous cloud computing settings is proposed in this research. The proposed 
method uses the HEFT algorithm to create starting schedules that meet workflow precedence criteria rather 
than creating a random swarm. The particles can start the search from potential places rather than random 
locations. These schedules act as direction for the optimization process. Additionally, an elite preservation 
technique is implemented to maintain better scheduling solutions in succeeding generations. It enhances 
convergence behaviour and lowers the possibility of early stagnation of the proposed algorithm. The introduced 
technique seeks to improve workflow execution performance in terms of makespan, execution cost, and effective 
resources usages by fusing heuristic scheduling with elite-guided swarm optimization. 

The primary contributions of this research work are summarized as follows. 

1. A hybrid scheduling algorithm that fuses HEFT initialization with Elite Particle Swarm Optimization has 
been designed. 

2. An elite preservation policy along with adaptive PSO improves population quality and enhances convergence 
during optimization process. 

3. An efficient workflow scheduling strategy that maintains task precedence while exploring more task–VM 
mappings. 

4. Comparison of proposed EPSO with other algorithms using standard scientific workflow datasets, including 
CyberShake, Montage, Inspiral, and Epigenomics to check effectiveness. 

The rest of this paper is organized as follows. Section 2 reviews recent developments in workflow scheduling and 
hybrid optimization techniques. Section 3 formulates the workflow scheduling problem and presents the system 
model. Section 4 describes the proposed HEFT-Guided Elite PSO algorithm in detail. Section 5 discusses the 
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experimental setup and performance evaluation, while Section 6 concludes the paper and outlines future 
research directions. 

2 Literature Review 
Because workflow scheduling directly affects execution efficiency, resource usage, service cost, and overall 
Quality of Service (QoS), it continues to be one of the most active study areas in heterogeneous and cloud 
computing. Workflow scheduling necessitates preserving precedence connections among dependent activities 
while concurrently utilizing diverse computer resources, in contrast to independent task scheduling. As a result, 
several heuristic and metaheuristic algorithms have been put out to enhance the performance of process 
execution. Deterministic heuristic approaches were the main focus of early workflow scheduling research due to 
their predictable scheduling behaviour and minimal computer complexity. One of the most effective list 
scheduling methods for heterogeneous systems is the Heterogeneous Earliest Finish Time (HEFT) algorithm, 
which was put out by Topcuoglu et al. [5]. HEFT assigns each job to the processor that minimizes its earliest 
finish time after determining task priority through upward ranking. It is the standard approach for workflow 
scheduling research due to its steady performance and computational economy. Further research tried to 
improve the HEFT by implementing look-ahead scheduling solution principles to improve resource utilization. 
The task duplication methods and optimistic cost tables were used [12]-[14]. These expansions maintained the 
greedy scheduling philosophy making them vulnerable to less-than-ideal global decisions even when they 
improved scheduling quality under certain circumstances. Researchers started investigating evolutionary and 
swarm intelligence systems that could search far wider solution areas as workflow applications grew more 
complicated. Workflow scheduling issues have been successfully solved using a number of nature-inspired or 
swarm intelligence techniques including Genetic Algorithms (GAs), Differential Evolution (DE), Ant Colony 
Optimization (ACO), Particle Swarm Optimization (PSO), Grey Wolf Optimization (GWO), Whale Optimization 
Algorithm (WOA), and several others [15]–[18]. These algorithms iteratively refine candidate schedules rather 
than depending on a single greedy assignment. They often offer superior global search capabilities than 
deterministic heuristics. Particle Swarm Optimization has drawn a special interest among swarm intelligence 
methods because of its straightforward mathematical formulation and minimal parameter constraints. Pandey et 
al. [6] presented that by taking computation and communication delays into account together, The PSO may 
efficiently reduce process execution costs. Subsequent research improved convergence behaviour and decreased 
the likelihood of early stagnation by using nonlinear inertia weights. The adaptive acceleration coefficients, 
constriction factors, and dynamic neighborhood structures were also considered [19]–[22]. After comparing to 
the original PSO model, these changes greatly improved optimization performance especially for medium-sized 
workflow applications. Despite these advancements the traditional PSO-based workflow scheduling still has a 
number of limitations. The first swarm is created at random without taking resource availability or process 
features into account. As a result, before particles reach suitable scheduling areas a significant number of 
iterations are frequently needed. Additionally, the population eventually becomes less diverse when 
optimization moves forward. The makes leading particles to congregate around locally optimum solutions. When 
the search space grows exponentially in scientific processes with hundreds or thousands of dependent activities, 
this issue becomes more relevant [20]- [23]. Because of its distributed search capacity and positive feedback 
mechanism, Ant Colony Optimization has also been thoroughly studied for workflow scheduling. Artificial ants 
can build scheduling solutions gradually while taking use of previously identified high-quality assignments 
thanks to pheromone trails. When compared to traditional scheduling algorithms, some ACO variations have 
shown advantages in workflow makespan, execution cost, and load balancing [23]–[25]. However, excessive 
pheromone accumulation may eventually restrict search variety, and ACO often takes a reasonably high number 
of cycles before pheromone information becomes suitably useful. Another comparable option for cloud process 
scheduling is Grey Wolf Optimization. An efficient balance between exploration and exploitation during 
optimization is made possible by GWO's hierarchical leadership system. GWO often performs better than 
traditional PSO in avoiding local optima while generating competitive scheduling quality, according to several 
comparative studies [26][27]. However, ordinary GWO's local exploitation capacity is rather poor close to 
convergence, which encourages researchers to combine GWO with complementing optimization methods. 
 
As a result, recent studies have moved toward hybrid optimization frameworks that blend population-based 
optimization algorithms with deterministic heuristics. Heuristic algorithms are initially used to create workable 
schedules that meet workflow precedence limitations rather than creating entirely random beginning 
populations. The evolutionary optimization process is then directed toward potential areas of the search space 
by these heuristic solutions. When compared to standalone swarm-based techniques the hybrid systems 
combining HEFT with Genetic Algorithms, Differential Evolution, PSO, and ACO have consistently shown faster 
convergence and better scheduling performance [28]–[31]. The high quality starting of the schedulers minimize 
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needless exploration during early optimization while maintaining adequate flexibility for later upgrades. The 
integration of adaptive learning techniques into swarm optimization algorithms is another significant 
advancement in today’s technical era of IoT. To dynamically control exploration and exploitation throughout the 
optimization process, researchers have suggested adaptive inertia weights, self-adjusting learning coefficients, 
chaotic initialization, opposition-based learning, Levy flight operators and local search methods [19][21][32]. 
These adaptive methods lessen sensitivity to parameter selection and increase convergence stability during 
optimization process. However, the majority of current methods keep updating all particles in the same way 
regardless of the quality of the search which may lead to the elimination of extremely promising scheduling 
solutions in subsequent generations. 
 
By maintaining high-quality candidate solutions while enabling the remaining population to keep investigating 
different scheduling areas, the elite learning algorithms offer a practical way to overcome this constraint. 
Because elite preservation speeds up convergence without appreciably compromising population diversity as a 
result it has shown promising results in a number of optimization contexts [33][34]. Despite these benefits, elite-
guided swarm evolution and heuristic initialization are rarely explicitly combined in workflow scheduling 
systems. The majority of hybrid algorithms now in use either use inflexible elite selection procedures that are 
unable to properly utilize the information included in high-quality schedules or only maintain a single best 
solution. Additionally, a review of recent research shows that workflow scheduling studies still primarily 
concentrate on minimizing makespan or execution cost separately whereas the real-world cloud environments 
necessitate the simultaneous optimization of several QoS objectives such as execution time, resource utilization, 
energy consumption, load balancing along with scheduling stability. The necessity for scheduling algorithms that 
may achieve fast convergence without sacrificing global search capabilities is further highlighted by the growing 
complexity of scientific operations and the increasing variety of cloud infrastructures. 

2.1 Research Gap 
Despite the fact that several workflow scheduling methods have been put out, a number of significant issues are 
still unsolved. First, after resource assignments have been set, deterministic heuristics like HEFT provide 
effective initial schedules but have little capacity to improve them. Second, when scheduling big scientific 
processes, traditional PSO and many of its variations still rely on randomly started populations, which cause 
slower convergence and a higher likelihood of premature standstill. Third, incorporating HEFT-generated elite 
schedules directly into the swarm evolution process has received very little attention, despite the fact that hybrid 
scheduling techniques have shown enhanced performance. Current research often only uses heuristic 
initialization once and does not take advantage of elite scheduling expertise during the optimization process. 
Lastly, a lot of algorithms use makespan and cost to assess scheduling performance, with very little focus on 
maintaining high-quality scheduling patterns across generations. The HEFT-Guided Elite Particle Swarm 
Optimization (HEFT-EPSO) technique, which combines elite-guided evolutionary learning with informed 
heuristic initialization to enhance workflow scheduling efficiency in diverse cloud settings, was developed in 
response to these discoveries. 
 

3 Problem’s Formulation 
Scientific workflow scheduling aims to allocate a set of dependent tasks onto heterogeneous virtual machines 
while satisfying precedence constraints and optimizing multiple Quality of Service (QoS) objectives. In cloud 
computing environments, workflows are generally represented as a Directed Acyclic Graph (DAG), denoted by  
 

w = (T, E)                                                                                      (1) 
where T = {t1, t2, … , tn} represents the set of workflow tasks and E denotes the dependency edges among tasks. 
An edge {ti, tj} indicates that task Tj cannot begin execution until task tj has completed. Therefore, every 

scheduling decision must preserve workflow precedence constraints throughout the execution. Let: 
 

VM = {vm1, vm2, … , vmm}                                                     (2) 
 

be the available heterogeneous virtual machines as discussed in simulation setup. The objective of the scheduler 
is to determine an efficient mapping 

f: T → VM                                                                                  (3) 
 

such that every workflow task is assigned to exactly one virtual machine while minimizing workflow completion 
time and execution cost, degree of imbalance. 
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3.1 Makespan 

The overall workflow completion time, commonly referred to as makespan, is defined as the finishing time of the 
last completed workflow task i.e. maximum of finish time. 
 

Makespan = maxti∈T(FinishTimei)                                        (4) 

 
Reducing makespan also reduces cost and increases workflow throughput. 

3.2 Execution Cost 

Cloud providers generally follow a pay-as-you-use pricing model. Therefore, workflow execution cost depends 
upon the processing time consumed on allocated virtual machines. The computation cost has been calculated 
using Eq. (5). The detailed explanation of the cost calculation is available in [35]-[38] researches. 

cost =
CF+MF

2
                                                                                    (5) 

Where, CF is cost factor and MF is migration factor explained in [35]-[38] researches. 
 
3.3 Degree of Imbalance 
The degree of imbalance (DI) is used to find the load distribution on VMs. The formula of DI is given in Eq. (6). 

DI = (Tmax − Tmin)/Tavg                                                                     (6) 

Where, Tmax, Tmin, and Tavg represent maximum, minimum and average loads respectively among all VMs. 

 
3.4 Optimization Function 
The workflow scheduling problem is formulated as a multi-objective optimization problem. The proposed 
scheduler attempts to 

• Minimize workflow makespan,  
• Minimize execution cost, 
• Minimize degree of imbalance 
• Maintain workflow precedence constraints.  

These objectives are combined into a single fitness function (see Eq. (7)) using weighted normalization, w1 +
w2 + w3 = 1 [38]. The values of w1, w2, and w3 are 0.5, 0.3 and 0.2 respectively. 
 

fitness =
w1×makespan+w2×cost+w3×DI

DC×VMs
                                                               (7) 

 
Where, DC represents number of datacenter and VMs represents number of virtual machines. 
The scheduler searches for the task-to-virtual-machine mapping that minimizes the above fitness value while 
preserving all workflow dependencies. 
 

4 Proposed Methodology 
This section explains the proposed method in detail. As discussed in introduction section, we have designed Elite 
PSO (EPSO) algorithm for workflows scheduling optimization. We have used three strategies along with HEFT 
[35]-[38] to improve the traditional PSO. The HEFT algorithm has been used to initialize the virtual machines 
with tasks ranking generated by HEFT. The HEFT algorithm is shown in Algorithm 1. Rest, other strategies are 
discussed one by one. 
 
Strategy 1: In strategy one, we have used self-motivated inertia weight as discussed in [35]-[38]. This 
exponential decay based inertia improves the balance between exploration and exploitation of PSO. The SMIW 
strategy is represented in Eq. 8. 

ω =  ωmax × exp (−x × (
itr

itrmax 
)

y

)                                                         (8) 

 
Where, ωmax is the initial inertia weight and it is set to 2.0. x is the local searching attractor and y is the global 
searching attractor. 
 
Strategy 2: In strategy two, we have used adaptive tuning of cognitive and social parameters c1 and c2 which is 
represented by Eq. (9) and (10). 
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c1(t) = c1
max − (c1

max − c1
min)

t

Tmax
                                                (9) 

c2(t) = c2
min − (c2

max − c2
min)

t

Tmax
                                               (10) 

Where, t represents the current generation and Tmax denotes the maximum number of generations. 
In this research, c1 is decreased linearly from 2.5 to 0.5 and c2 is increased linearly from 0.5 to 2.5. This adaptive 
strategy exercises improved exploration and exploitation during earlier and later stages respectively and 
improves the convergence of the algorithm after combination of the strategy 3 which is explained next. 
 

 
Strategy 3: This strategy preserves top 5% best solutions found of the population and guides the EPSO 
algorithm to move towards best scheduling solutions. The pseudocode of this strategy is demonstrated in 
Algorithm 2. 
 

 

4.1 Proposed Algorithm 
In this research we have fused all strategies mentioned above with PSO algorithm. The newly designed algorithm 
is called EPSO. 
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The mathematical model of the PSO algorithm (J. Kennedy and R. Eberhart, 1995) is presenting in Eqs. (11) and 
(12). Eq. (11) shows how to update the velocity of particles and Eq. (12) shows particles position update 
formula. 
 

vi
t+1 = ωvi

t + c1r1(pBesti − xi
t) + c2r2(gBest − xi

t)                                    (11) 
xi

t+1 = xi
t + vi

t+1                                                                                                       (12) 
 

Where, ω is inertia weight, c1 is cognitive coefficient, c2 is social coefficient, r1 and r2 are random numbers in the 
range (0, 1), xi is current solution’s position and vi is current velocity. 

 
 
Algorithm 3 is representing all steps involved in newly proposed EPSO algorithm. In algorithm 3, first of all 
population generated by HEFT algorithm is fed. The adaptive c1 and c2 are calculated for exploration in early 
stages and strong exploitation in later generations. The SMIW strategy given in Eq. 8 balances the exploration 
and exploitation phases. The velocity and positions are updated using Eqs. (11) and (12). In next step, Elite 
strategy mentioned in Algorithm 2 is called to guide the PSO for searching effective solutions using elite class 
preserved solutions. This process continues until the stopping condition is met. 

5 Simulation Setup and Results Discussion 
The simulation has been performed on a computing machine having processor 12th Gen Intel(R) Core(TM) i5-
1235U (1.30 GHz), RAM 16.0 GB and OS Windows 11 Pro Edition. All algorithms were implemented in CloudSim 
3.0 using Java 8 in NeatBeans to ensure fair experimental evaluation. A single datacenter comparison one host 
machine is considered in this research. A total of 50 virtual machines (VMs) were created with computing 
capacities ranging from 500-2500 MIPS, RAM capacities ranging from 512-2556 MB, bandwidth of 1000 Mbps, 
and one processing element (PE) per VM. The algorithms properties are given in Table 1. 
 

Table 1: Algorithms Parameters 
Algorithm Name Parameter Value 
PSO, IPSO, APSO [38], PSOJaya and Proposed EPSO Population (Particles) 100 

Max Generations 250 
c1, c2, r1 and r2 1.5, 1.5, r1 and r2 random  

range in (0, 1) respectively 
GWO [27] Population (Wolves) 100 

Max Generations 250 

5.1 Results Discussion 
This section is presenting the results such as the average makespan, DI (degree of imbalance), cost and 
throughput obtained by all algorithms tested (20 times) on Workflows CyberShake, Montage, Epigenomics and 
Inspiral. 
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Figure 1: Results Using CyberShake Workload 

Figure 1 compares the performance of proposed EPSO, APSO [38], IPSO, PSOJaya, PSO and GWO [27] algorithms 
using CyberShake-1000 workflow. Among all algorithms, the proposed EPSO algorithm consistently achieves the 
best overall performance. It records lowest makespan and faster workflow completion compared to its 
competitor APSO algorithm. The proposed EPSO algorithm also produces minimum execution cost, 
demonstrating efficient resources utilization. The EPSO attains lower degree of imbalance (DI) to APSO, proving 
a balanced distribution of tasks across virtual machines. Further, EPSO gives maximum throughput compared to 
other algorithms. This is due to elitism guidance and better load distribution. 

 
Figure 2: Results Using Montage Workload 

Figure 2 presents the performance comparison of proposed EPSO, APSO [38], IPSO, PSOJaya, PSO and GWO [27] 
methods using Montage-1000 workflow. The proposed EPSO demonstrates the best overall performance in 
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terms of lowest makespan, lowest cost, comparable DI to APSO and higher throughput, indicating faster 
workflow execution and better resource utilization. The proposed HEFT-Guided Elite PSO (EPSO) algorithm 
maintains good load distribution among all VMs in case of Montage data too. In contrast, GWO exhibits very poor 
performance compared to all algorithms. The elite PSO provides best performance due to faster convergence, 
good resource utilization and exploration. The second best algorithm is found APSO, which is previously [38] 
proposed by us. 
 

 
Figure 3: Results Using Inspiral Workload 

 

 
Figure 4: Results Using Epigenomics Workload 
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Figure 3 compares the performance of the proposed EPSO, APSO [38], GWO [27], IPSO, PSO and PSOJaya 
algorithms on the Inspiral-1000 workflow. The proposed EPSO (Elite PSO) gets the best overall results, 
recording the lowest makespan, minimum execution cost and higher throughput. It shows the ability of EPSO to 
execute Inspiral workflows faster while utilizing cloud resources effectively. The EPSO shows comparable degree 
of imbalance to APSO [38], that shows effective load distribution among virtual machines in case of Inspiral data. 
The GWO performs worst in this research due to poor exploration and getting stuck in local optima. The elite 
learning mechanism in proposed EPSO algorithm improves convergence and scheduling quality for large scale 
workflow data. 
 
Figure 4 illustrates the performance comparison of proposed Elite PSO (EPSO), APSO [38], GWO [27], PSO, IPSO, 
and PSOJaya on Epigenomics-1000 workflow data. The proposed EPSO consistently deliver the best performance 
in case of makespan, cost, and throughput. The degree of balance achieved by EPSO is comparable to APSO that 
means the EPSO distribute the load among all VMs efficiently. The GWO is proved worst algorithm in this 
experiment too whereas the best algorithm is EPSO. 
 
The EPSO algorithm is working better due to its elitism property and better exploration and exploitation 
compared to other algorithms. It achieves faster convergence and all workflows are completed faster compared 
to its competitor APSO [38]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5: Convergence Analysis of All Algorithms 
Figure 5 illustrate the convergence behavior of proposed EPSO, APSO, GWO, IPSO, PSOJaya, and PSO algorithm 
across all workflows. It is evident that the proposed EPSO method converges more rapidly than its competing 
algorithms. It reaches lower fitness values within early generations and maintains stability thereafter. In contrast 
PSO, IPSO, PSOJaya and especially GWO converge more slowly and remain at higher fitness values throughout 
the entire optimization process. The convergence behavior of EPSO demonstrates that the elite preservation 
policy effectively guides the swarm towards high class scheduling solutions. It prevents the EPSO to get stuck in 
local optima i.e. premature convergence across all workflows datasets. 
 

6 Conclusion and Future Scopes 
This paper presented a HEFT-Guided Elite Particle Swarm Optimization (EPSO) algorithm for workflows 
scheduling in heterogeneous cloud computing environments. The proposed method combines the HEFT policy 
for VMs initialization, adaptive strategy for better exploration and exploitation and elite solution preservation 
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mechanism to search better scheduling solution. The effectiveness of the proposed EPSO algorithm was tested 
suing four widely adopted scientific workflow datasets namely CyberShake, Montage, Inspiral and Epigenomics. 
Comparative experiments against APSO, IPSO, GWO and PSOJaya demonstrated that EPSO algorithm consistently 
achieved lower makespan, reduced execution cost, improved load distribution and throughput. Furthermore, the 
convergence analysis confirmed that the proposed elite guided search strategies accelerates the convergence 
while avoiding premature convergence and guides the proposed algorithm to search high quality solutions 
within few initial generations. Overall, the experimental findings indicate that adaptive particle swarm 
optimization with elite class guidance enhances the workflows scheduling performance in heterogeneous cloud 
environment. The proposed EPSO algorithm represents an effective and computationally efficient approach for 
executing large scale workflows. Compared to APSO [38], proposed EPSO algorithm improves the makespan by 
11% and cost by 25% for CyberShake dataset, the makespan by 9% and cost by 9% for Montage dataset, the 
makespan by 17% and cost by 28% for Inspiral dataset and the makespan by 22% and cost by 29% for 
Epigenomics dataset. 

In future, more experiments can be conducted with other dataset like Google Cluster 2019 traces and other 
independent tasks. The proposed algorithm can be test in other engineering areas as well. A new strategy can be 
proposed to enhance the overall cloud performance and it can be applied on datacenter level. 
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