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Abstract

Load balancing distributes incoming traffic across a pool of resources to improve system performance and prevent overutilization or un-
derutilization of resources. In heterogeneous distributed computing systems, dynamic load balancing involves continuous monitoring and
redistribution of tasks among available nodes, considering their diverse processing capabilities. As a result, efficient task distribution
remains a major concern in these systems. The study proposes an approach that combines probability-based load migration and weighted-
based task reallocation using Particle Swarm Optimization (PSO). The primary goal is to minimize task execution time while maximizing
overall resource utilization in a heterogeneous environment, with a focus on optimizing memory and CPU usage. The proposed dynamic
algorithm effectively adapts to handle numerous tasks and fluctuating nodes. Simulations are conducted using CloudSim. The performance
is compared with existing PSO variants: Time-Conscious PSO, PPTS-PSO, EASA-MORU, and HEPGA. Results show that the proposed
method significantly outperforms other existing approaches. Specifically, the algorithm achieves an average resource utilization of 98%,
reduces execution time, improves throughput, and ensures fair workload distribution across all nodes. The proposed method is highly
suitable for distributed computing environments characterized by dynamic task demands and varying computational resource requirements.

Keywords: Dynamic load balancing; Fairness Index, Makespan; Particle Swarm Optimization,; Resource Utilization; Throughput.

1. Introduction

With the growing demand for network communication and its diverse applications, there is an increasing need for higher data rates and
reduced processing and response times within distributed systems. A Distributed Computing System (DCS) comprises autonomous com-
putational nodes that communicate with neighboring nodes to execute tasks effectively [1]. Applications leveraging distributed systems
include cloud computing, automated banking systems, and the World Wide Web (WWW), among others. Such applications require optimal
utilization of available resources, emphasizing resource sharing, a fundamental characteristic of DCS [2]. Achieving scalability and effi-
cient resource sharing is critical in achieving common objectives, which typically involve maximization of throughput and resource utili-
zation, minimization of response time, and execution time. To meet these goals, workloads must be redistributed among nodes to ensure
optimal task allocation and enhanced system efficiency, a process known as load balancing. Load balancing is typically initiated when
nodes in a system get either overloaded or underloaded. Various methods have been proposed to address load balancing challenges, with
swarm intelligence-based metaheuristics playing a prominent role due to their inherent properties of self-organization, environmental
adaptability, and decentralization [3]. Consequently, these techniques are suitable for distributed computing environments. Fig.1 shows
some of the applications of Swarm Intelligence.

Fig. 1: Swarm Intelligence Applications.
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There are multiple approaches to load balancing [4]. They are broadly characterized into two: static and dynamic methods [5]. Static load-
balancing techniques require prior knowledge of incoming traffic, which is challenging to obtain when the traffic is continuously fluctuating.
Handling this type of traffic requires robust load-distribution mechanisms that operate adaptively and without dependency on predefined
traffic characteristics. Although traditional methods can provide dynamic solutions, they are expensive and may perform poorly under
changing loads [6]. Swarm Intelligence (SI) based solutions can adapt to such changing traffic, leading to optimal results in decentralized
systems [7]. Several SI-based algorithms are used for load balancing. Some of these methods include Particle Swarm Optimization [8]-
[11], Artificial Bee Colony Optimization [12], Grey Wolf Optimization, Spider Monkey Optimization, Simulated Annealing [13], and Ant
Colony Optimization [14]-[16]. The proposed study focuses on how the PSO technique can dynamically balance the load in a heterogeneous
distributed computing system.

Load balancing is an NP-hard [17] problem, making exact task-to-resource allocation difficult in dynamic systems. To address this issue,
different techniques such as hybrid solutions, heuristics, and meta-heuristics are employed to provide dynamic allocation of tasks to re-
sources. Various studies exist for load balancing. However, with the advancement in technology and the increase in the number of users
and their varying demands, load balancing remains a challenging issue. This study emphasizes a novel probability and weighted-based
multi-objective load balancing in a heterogeneous distributed computing system using PSO. Compared with other swarm intelligence
approaches, PSO uses fewer parameters, is simple to implement, readily parallelizes, and offers effective global exploration. PSO reduces
complexity and converges quickly to high-quality solutions. The major contribution of the proposed study lies in the process of load
balancing, which involves detecting overload, estimating load, calculating processing times, and migrating tasks to an underutilized node.
The process is further optimized to determine the best possible allocation of tasks to nodes using PSO.

The structure of the paper is organized as follows: Section 2 presents previous work related to the proposed study, Section 3outlines the
System model, and Section 4 details the proposed methodology. Section 5 describes the optimization model for load balancing, while
Section 6 discusses the simulation setup. The results and their discussions are presented in Section 7, and the paper is concluded in Section
8.

2. Related Work

Load balancing is a procedure that refers to the redistribution of load such that nodes in the system are neither overloaded nor underloaded.
Numerous studies address load balancing. This section details some research on dynamic load balancing methods.

In [18], a novel load-balancing method using a cuckoo search algorithm was proposed to reduce the response time by redistributing tasks
to virtual machines. The algorithm is evaluated against Simulated Annealing, Genetic Algorithm, and Round Robin; results show that
Cuckoo Search outperforms all others. In [19], a two-stage cloud-based load-balancing method was proposed. In the initial stage, the basic
PSO algorithm is applied, and the results are then used as the initial population in the next stage. The study is deterministic in which tasks
are allocated to a Virtual Machine (VM) that is lightly loaded, considering the processing capability of the virtual machine, and with
maximum probability. Performance metrics measured through the study are resource utilization and makespan.

In [20], each particle represents a possible solution for assigning tasks to the machine. Each particle vector of size N represents the number
of tasks, with the value inside the vector being a random number to signify the resource. To enhance performance and achieve a balance
between local and global searches, the inertia weight is adjusted. The performance metrics evaluated include flowtime and makespan. In
[21], a hybrid approach combining honey bee behaviour and PSO is proposed. The foraging behaviour of honey bee optimization is utilized,
along with resource awareness, to manage resources effectively. Experimental results demonstrate that the proposed technique reduces
total processing time, makespan, and degree of imbalance. The hybrid approach surpasses the standard PSO in terms of load balancing
performance.

In [22], a PSO-based load balancing was proposed to minimize task transfer time and task execution time. The proposed methodology uses
the weight coefficients to indicate the task scheduling significance. By changing these weight coefficients, a better optimality of the target
function is achieved. In this methodology, tasks represent the particles, and the virtual machine numbers indicate the particles’ position,
and continuous values are converted to discrete using the Small Position Value rule.

In [23], a methodology was proposed to increase resource utilization and decrease makespan. The tasks are independent and non-preemp-
tive, indicating the particles’ N-dimensional vector. The values of the vector represent the index of the machine on which the task is likely
to be executed. The fitness function is calculated using measures of the makespan and resource utilization of each machine. The position
vector is updated using a sigmoid function. Balancing is performed until there are no machines that are either underloaded or overloaded,
and the standard deviation of the system load is computed. In [24], the proposed task scheduling using swarm intelligence aims to predict
system functionality, which is less costly in implementation and requires less time. Therefore, this improves power consumption and helps
minimize overloads. The combined method of PSO and Bat optimization algorithms is used for task scheduling.

In [25], the authors proposed adaptive PSO-based task scheduling to reduce task execution time, thereby increasing throughput and resource
utilization. The study employed the Adaptive Inertia Weight and Linearly Descending method to achieve an effective balance between
local and global searches. Makespan and throughput have been compared with five other PSO-based inertia weight strategies. Experimental
results show 60% and 12% gains in average resource utilization and throughput, with a 10% reduction in makespan.

In [26], the authors proposed a novel bio-inspired method called Inventive Particle Swarm Optimization, which efficiently schedules users'
tasks to uniformly distribute the load among virtual machines. Additionally, they introduced an algorithm known as Merge Sort with Divide
and Conquer. This method allocates resources in the cloud dynamically and more efficiently. The experimentations are carried out in the
CloudSim simulator. The results of experiments have proved that the algorithms under study yield good response time, reduced execution
time, and improved VM utilization.

In [27], a novel weight assignment method is introduced to balance the load. The proposed algorithm experiments have shown improved
performance of three-tier cloud-based web applications, reducing resource failures, single points of failure, slow uncertainty sensing, and
unnecessary re-routing. The algorithm measures five server metrics—network buffer occupancy, thread count, CPU utilization, bandwidth
utilization, and RAM—to distribute workload and maintain low response time under randomly arriving user requests without degrading
performance. In [28], the authors have analyzed various virtual machine load-balancing algorithms for cloud computing. A novel virtual
machine load-balancing algorithm was introduced within an Infrastructure as a Service framework and implemented in the Cloud Analyst
virtual machine environment. This algorithm demonstrated improved response times and processing times.

n [29], load balancing using modified PSO task scheduling is proposed. In this method, nonpreemptive tasks are scheduled over the
available heterogeneous resources. Resource utilization and makespan are measured. In the study, each particle is a task assigned to a
virtual machine (VM), represented by position, and the exchanged information is denoted by velocity. Before assigning tasks to VM, the
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PSO technique is applied to obtain each particle's best position. To allocate tasks to the least loaded VM, the algorithm continuously checks
the existing load status for each VM.

In [30], the authors propose an approach for full utilization of virtual machines and to minimize makespan to accomplish initial load
balancing. The SPSO-TCS technique combines Time-Conscious Scheduling with Supportive Particle Swarm Optimization to achieve the
goal. The method is divided into two stages. The first stage employs PSO to schedule the tasks on virtual servers. The second stage has a
time-aware scheduler to allocate the jobs to virtual servers and minimize makespan. The method computes a balanced schedule initially,
but does not continuously re-optimize once the execution begins. In an environment where new tasks arrive dynamically or a few nodes
are slowing down, the algorithm would not inherently adjust the schedule.

In [31], the Hybrid HEFT-PSO-GA algorithm (HEPGA) combines Heterogeneous Earliest Finish Time, PSO, and GA, which aims to
allocate tasks to resources efficiently. The algorithm integrates PSO and GA to optimize the scheduling of tasks in cloud computing envi-
ronments. The approach uses the parallel processing capabilities of resources to further enhance resource utilization. The weights of the
fitness function are varied, and performance is measured in terms of makespan and Resource Utilization, showing that the approach is
adaptable to varying priorities. In this method, some of the fastest nodes are heavily loaded while slower nodes may be underutilized. The
method is complex due to the runtime overhead for a larger set of tasks.

In [32], the authors present PPTS-PSO, a hybrid approach that integrates two efficient algorithms to optimize the scheduling of interde-
pendent cloud tasks. This work adopts a hybrid approach, combining an intelligent PSO variant: neighbourhood PSO with the PPTS heu-
ristic. The approach allocates tasks to the most appropriate cloud VM, thereby achieving lower execution times and cost. The method
schedules the functions in a batch manner; however, some computational nodes may remain underutilized.

In [33], the authors proposed a method, EASAMORU, to maximize the makespan and use the resources effectively in cloud infrastructure.
The technique uses the Dung Beetle Optimization (DBO) to schedule the tasks. The technique effectively balances the load and distributes
the resources based on the demands of the cloud infrastructure. In this method, once the schedule is produced by the algorithm, the solution
is static. If the node's performance changes or if new tasks arrive, the method would need to re-run the optimization — it doesn’t inherently
support on-the-fly adjustments.

In [34], the tasks are prioritized based on their features. The virtual machines are given priority levels and categorized based on their
importance and availability using the K-means algorithm. The results measured are makespan, energy consumption, load balancing, and
resource utilization. In [35], the authors proposed a bandwidth-aware and energy-efficient multi-objective methodology using a genetic
algorithm to minimize makespan, network congestion, and energy consumption. The simulations are carried out and tested for data-inten-
sive applications.

3. System Model

In a heterogeneous distributed computing architecture, a server handles many client requests. The clients generate requests that are to be
distributed among the servers based on their computational capabilities. Given a system consisting of m computational nodes, denoted as
Mi, My, ..., Mm, and n” heterogeneous tasks, denoted as Ti, T2, ..., Tn, with varying lengths 1i, 12, ..., In, where n >> m, the tasks must be
mapped to computational nodes. Each computational node is uniquely identified by an identity number, a storage capacity ‘C’ that indicates
the maximum queue length, and a service rate measured in Million Instructions Per Second (MIPS). The system’s heterogeneity is charac-
terized by differences in its computational capabilities, including server processing speed and queue length. The tasks are characterized by
a unique identity number, length in Million Instructions (MI), and preemption type. The study aims to determine an optimal allocation of
‘n’ tasks to m ' nodes.

4. Proposed Methodology

The proposed methodology is a hybrid approach that combines probability-based and weighted-based load balancing for fair distribution
of tasks using Particle Swarm Optimization in a heterogeneous network. The objectives are to maximize resource utilization and minimize
the overall execution time of the tasks. It comprises the following steps:

1) Load Estimation

2) Probability-based load balancing

3) Weight-based reallocation of tasks.

Table 1 refers to the key notations used in the study.

Table 1: Key Notations

Symbol Description

n Total number of tasks

m Total number of nodes

1 Task number

I Task length

TL, Total load on a node X

ECT Expected Completion Time
TECT Total Expected Completion Time
Hx Processing Speed of a node
TL nax Maximum load in the system
TLmin Minimum load in the system
MS, Makespan of node X

tmin Minimum threshold value
timax Maximum threshold value
RU Resource Utilization

Wy Weight of a node X

X Particle position

v Particle velocity
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4.1. Load estimation

Before load balancing is performed, it is necessary to check for load imbalance in the network. The load is calculated as the length of tasks
waiting in the queue for execution. If the length exceeds the preset threshold value, then there is an imbalance, and the balancing of the
load is initiated by the node as follows:

If the sum of the completion time of the existing load and the newly assigned task exceeds the expected processing time after migration,
the task is transferred to the neighbouring node Mj

Let Trew denote the new task with length lnew arriving at a node Mi.

The total load on the node M; after the arrival of the new task is as given in Eq. (1)

TLi= (1 + L +...4) +lhew "

Where li denotes the length of all the tasks assigned to a node, and TLi denotes the Total Load on node M; after adding the length of the
newly arriving task.

If TLi exceeds the threshold, the node has to initiate load balancing.

To calculate the Expected Completion Time, let ‘n’ be the number of tasks received by the system dynamically and let I; be the length of
the task; then the total load on each node M; is as given in Eq. (2).

TL; = XL Xl Vj=1.2,..m ©

o i is the length of the task,

e x;jis 1 if'task ‘i is assigned to node ‘j°, otherwise 0

e and TL;is the total load on node M;

The time taken to execute all tasks locally on node Miis computed as shown in Eq. (3)

TL;

ECTI =
Hi

Vi=12,...m 3)
Where ECT; denotes the Expected Completion Time on node M;, wiis the service rate of node Mi.
The total time to execute the tasks on m nodes is as given in Eq. (4)

TL;
TECT = Y2, ECT; = Zﬂlr “4)

Where TECT is the Total Expected Completion Time
The Average time to complete the execution of all tasks on m nodes in a fully distributed heterogeneous system is given in Eq. (5)

AvgECT === )

The objective of the study is to minimize overall execution time, thereby minimizing the Average Expected Completion Time. The objec-
tive function is stated as in Eq. (6)

MinimizeAvgECT (TL1, TLa, ...., TLm) (6)

Subject to constraints tmin < TLi < tmax, V 1= 1, ..., m, where tmin and tmax are the minimum and maximum threshold values set on the queue
lengths of the nodes.

The threshold value is used as a measure to categorize the nodes as overloaded or underloaded.

Overloaded nodes: A node is considered overloaded if its queue length exceeds the threshold value tmax.

Underloaded nodes: A node is considered underloaded if its queue length falls below the minimum threshold value tmin.

Fig. 2 illustrates the optimization model proposed for the allocation of tasks to computational nodes.

Calculate Load of
each node

Load > Threshold
Yes
Probability based
Load Balancing

Weighted based
reallocation of tasks

Execute
Locally

Optimal allocation of
tasks to nodes

Particle Swarm Optimization

Fig. 2: Optimization Model for Load Balancing Solved by Using PSO.
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4.2. Probability-based load balancing

As system load increases, imbalance becomes more likely and must be addressed to maintain the system’s performance. An imbalance is
a situation in which the queue length either exceeds or falls below some specified threshold value. To balance the load, some of the tasks
from the overloaded nodes have to be migrated to suitable nodes.

If a task Ti is to be migrated, it is assigned to a new node Mj with the highest probability. The load is balanced by migrating the tasks
probabilistically by considering the previous allocations of tasks to computational nodes, thereby enhancing the resource utilization.

Task migration probability calculation :

Each task Tiis scheduled on a lower-utilized node based on the probability Pmigrate calculated as the difference ratio, as shown in Eq. (7).

_ TLmax — TLmin
Pmigrate - TL (7)
max

Where TLmax and TLmin represent the maximum load and the minimum load in the system. The task is migrated from a node Mmax with
maximum load to a node with Mmin based on the probability Pmigrate and generating a random number. If the generated random number is
below the Pmigrate, the task is migrated from Mmax to Mmin. The loads on the nodes are updated, and the process is repeated until no further
load balance is possible. This probability-based load balancing ensures optimal task-to-node allocation, minimising local imbalances.

4.3. Weight-based reallocation of tasks

While probability-based load balancing evens out the load, it does not consider node processing speeds during the migration of the task.
To address this, we perform weight-based task reallocation. In this step, the tasks are reallocated by calculating the weight for each node.
The tasks are migrated from overloaded nodes based on the probability PW, as shown in Eq. (8).

PW=1-W, (8)

Let Wj denote the weight of node j for task assignment, computed as in Eq. (9).

TL; —B'i )

TLmax Hmax

W=

A higher value of W; indicates that the node is given a higher priority for receiving the task.

TL; denotes the load on node M;, and a higher value of TL; means the node is overloaded.

TLmax denotes the maximum load among all nodes, and pumax denotes the maximum speed among all the nodes.

a and f are control parameters Indicating the priorities for resource utilization and total execution time. The values are chosen between 0
to 1. In the study, the values are set equal, indicating that both parameters are equally important.

5. Optimization Model for Load Balancing

To ensure system stability, there are different performance metrics measured in load balancing [36]. Some of the metrics are makespan,
response time, resource utilization, communication time, throughput, etc. The makespan and resource utilization are the metrics measured
in the study. As a result of good load balancing, the throughput and fair distribution are also measured.

Makespan:

Makespan is the amount of time required to complete all the tasks in the system. It is the time elapsed between the start of the first task and
the end of the last task. The objective is to minimize the makespan (MS), maintaining the load balance in the system. The MS is given in
Eq. (10)

MS; = maxECTVi=1,2,3, ... m (10)
The average makespan, AvgMS, as calculated in Eq. (11)

AvgMs = — ¥, MSi (11)
The objective F is to minimize AvgMS.

F1=minimize AvgMS(TL1, TLa, ....., TLn)

Resource Utilization:

Resource utilization is a measure of how much the available resources are currently being utilized. Load balancing should ensure that

resources are utilized proportionally to their capabilities, and the objective function is to maximize resource utilization.
Let RUi denote the resource utilization of node ‘i as given in Eq. (12)

Rui=%v1=1,2,3,...,m (12)
To measure the average utilization of all nodes in the system is given in Eq. (13)

1 .
AvgRU = —X1, RUi (13)

The objective is to maximize the average utilization of the system, and the objective function can be stated as in (14)
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F2=MaximizeAvgRU (TL1,TLs,.....,TLm) (14)

Load Balancing as a Maximization Problem:
Combining both objectives, load balancing can be described as a maximization problem and is expressed as in Eq. (15)

Maximize F = Fo—F (15)

In this study, PSO is employed to meet the objectives of load balancing such that each node gets optimal loads L1, L2",..., Ln" to achieve
a steady state of the system. The fitness function is calculated as in Eq. (15)

5.1. Particle swarm optimization

Optimization is a technique that involves finding minima or maxima of some function in a feasible region. The steps in the PSO

The algorithm includes initializing the population with a specified setting of initial positions and velocities for each particle, and iteratively
updating these positions and velocities.

Initial Population: In the study initial population is generated randomly. Each particle in the population represents the candidate solution,
indicating random allocation of tasks to nodes.

Initial Position: Each particle’s position vector, represented by xi, is initialised randomly as in Eq. (16).

Xi = [ Xil, Xi2,-....Xin] (16)

Where xi; € {1, 2, ..... m}

Initial Velocity: This component is used to move the position of each particle in the search space for the optimal solution.

Fitness function: In each iteration, the objective function is evaluated according to Eq. (15) to meet the objectives defined for the problem.
Updation: During each iteration, the position and velocity of each particle are adjusted based on their own experience, Poest, and the influ-
ence of their neighbours, Guest. The position and velocity are updated according to Eq. (17) and Eq. (18). The position value represents the
allocation of a task to a node, and the value is rounded to lic between 1 to m.

xit+ 1) =x,0®) +vi(t+ 1) a7

vi(t+1) = wvi(D) + c1r1 (Poest — Xi(1)) + c2r2(Gpest - Xi (1) (18)

Where i represents particle index; ¢l and c2 are acceleration coefficients; xi(t) and vi(t) are particle position and velocity at time t respec-
tively, inertia weight is indicated by ; r1 and 12 denote randomly chosen values; Puest refers to a particle's personal best solution, while
Gest represents the best solution achieved by the entire swarm at time t.

In PW-PSO, the fitness function F in Eq. (15) aggregates the two main objectives: maximizing Average Resource Utilization (AvgRU)
while minimizing Average Execution Completion Time (AvgECT). A higher value of F, therefore, corresponds to a task allocation that
uses the heterogeneous nodes more evenly and finishes tasks more quickly, in line with the probability-based migration and weight-based
reallocation rules, producing an updated allocation vector xi(t) and vi(t) denoting the position and velocity. For each particle, the fitness Fi
of'its current position task to node assignment is compared with its personal best and the global best. If F; is larger, the corresponding Phest
and Guest are updated. The standard PSO update in Eq. (18) then maps particles towards the allocations with a higher F value. In this way,
the swarm’s movement is explicitly guided toward configurations that best satisfy the combined objectives encoded in the fitness function,
highly utilized, well-balanced nodes with reduced completion time.

The step-by-step procedure for the hybrid methodology is given in Algorithm 1.

Algorithm 1 Proposed method PW-PSO
Input: Initialize particle swarm with random allocation of tasks to nodes
QOutput: Optimized Task to Resource Allocation
Initialize velocities, Fhegt, and Gpest
for i < 1 to 20 do
Update velocity and position of each particle
Compute AvgRU - L 3™ RU;

m
Compute AvgECT ¢ 37, %‘
Compute Fitness: F' « AvgRU — AvglCT
Compute Load and Identify Overloaded node M., and Underloaded
node Min
for j« 1ltondo
Compute Probability based migration Ppigrate ¢
With probability Prigrate, move task to Myin

Compute node’s weight using it’s load and processing speed
7. TLj I
Wi a- -8

Fuax

TLys
Ty

Reallocate tasks based on weights to achieve load balancing
end for
Update Phest: #i(t+ 1) ¢ z;(8) + vt + 1)
Update Gest: vi(t+1) ¢ wy(t) 4+ 171 (Phest — 2:(t)) — cara(Ghest — 2i(t))
end for
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6. Simulation Setup

The implementation of load balancing using PSO involves setting a few PSO parameters to control the algorithm's behaviour and optimize
the problem. These parameters include problem dimensionality, swarm size, particle velocity, cognitive learning rate, inertia weight, ran-
dom factors, and social learning rate. Initially, the population is generated by randomly assigning tasks to nodes. The simulations are
conducted using the CloudSim simulator. The simulation parameter settings are listed in Table II.

Scenario 1: The simulations are conducted with the nodes set at 200 and the task size varying from 1000 to 5000 in steps of 1000.
Scenario 2: The simulations are conducted with a constant task size of 5000, while the number of nodes varies from 40 to 200 in steps of
40.

7. Results and Discussions

During peak usage, some servers receive excessive requests and become overloaded, causing request failures. Hence, in such situations,
load balancing becomes crucial to improve the system's stability. The key findings in the proposed study are the total execution time and
resource utilization. As a result of load balancing, throughput and fairness of load distributions are measured as in Eq. (19) and Eq. (20),
respectively.
Throughput(T): Throughput is the number of tasks completed per unit time, as in Eq. (19). It is used to evaluate the efficiency of a distrib-
uted system.

_ Total tasks completed

T (19)

Total time taken

Fairness Index(FI): In dynamic load balancing, fairness is a measure of how evenly tasks are distributed across all the available computa-
tional loads. The Jain’s Fairness Index (JFI) is calculated as shown in Eq. (20).

— (Zin;l RUi)2
TH m (I, RU7) 20)

Table 2: Simulation Parameters

Type Parameters Values
40-200
o Number of Nodes . 128MB 256MB,
Node characteristics Node memory capacity 512MB
Redckee 500 — 1000 MIPS
Population size 30
Lower bound of xq 1
Upper bound of X 40-200
Lower bound on v, -0.5
Swarm parameters Upper bound on v, 0.5
Number of iterations 20
C1 1.9
C2 1.9
Inertia weight ® Constant — 0.9
1000-5000
Task characteristics T%I;llr)r;b:; t(:;]t(asks IAHS) e;giecndent
Non-preemptive
o S
B 0.5
Hyper parameters to 0.8
tmin 0.2

Tables 3-6 show the comparative results for makespan, resource utilization, throughput, and fairness index, respectively, for Scenario 1.
Table 3 compares the makespan of the proposed PW-PSO method with other techniques examined in the study. The row values represent
the makespan in seconds for a varying number of tasks. Fig. 3 shows the comparison of the makespan measured for existing techniques
and the proposed study, clearly demonstrating that the proposed methodology achieves a better makespan, emphasizing its effectiveness.
The dynamic task allocation by the algorithm effectively prevents slower nodes from increasing execution time, resulting in consistently
low makespan values across various task loads. This enhances the robustness and efficiency of the proposed algorithm in maintaining
optimal performance under different workload conditions.

Table 3: Comparison of Makespan for Varying Task Sizes

No. of Tasks Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA PW-PSO (Proposed)
1000 103 110 96 88 81

2000 202 214 185 162 154

3000 310 335 284 256 225

4000 389 411 364 326 297

5000 477 494 446 402 368
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Fig. 3: Comparison of Makespan for Varying Task Sizes.

Table 4 shows the resource utilization of various existing methods and the proposed method. The values in the table represent the resource
utilization of the computational nodes. Fig. 4 depicts the comparison of resource utilization measured for the existing methods in the study
and the proposed methodology for Scenario 1. As shown in Fig. 4, the proposed method outperforms other existing methods significantly.
The probabilistic task allocation introduces controlled randomness, preventing premature convergence and ensuring optimal resource uti-
lization outcomes. Moreover, the weighted load migration demonstrates dynamic adaptability by efficiently redistributing tasks to lightly
loaded nodes without compromising system performance. With an increasing number of tasks, the proposed algorithm shows good perfor-
mance, demonstrating robustness and scalability across diverse computational scenarios.

Table 4: Comparison of Resource Utilization for Varying Task Sizes

No. of Tasks Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA PW-PSO (Proposed)
1000 0.90 0.89 0.85 0.89 0.93
2000 091 0.89 0.86 0.90 0.94
3000 0.92 0.90 0.87 091 0.94
4000 0.93 091 0.88 091 0.95
5000 0.94 0.92 0.89 0.92 0.95
mmm Time-Conscious PSO
1.2 | . PPTS-PSO
EASA-MORU
N HEPGA
m PW-PSO
1.0
< 08
g
5
g os
8
0.4
0.2
0.0
1000 2000 3000 4000 5000

No. of Tasks
Fig. 4: Comparison of Resource Utilization for Varying Task Sizes.

System efficiency is evaluated using throughput and fairness index, with the proposed method outperforming the existing techniques.

Table 5 presents the throughput of the proposed study in comparison with existing approaches. The values in the table indicate the number
of tasks completed per unit of time for each of the methods. Fig. 5 depicts the comparative analysis of throughput between existing methods
and the proposed method. The figure clearly indicates that the proposed method achieves higher throughput than the other techniques. The
adaptive task allocation employed by the proposed algorithm enhances parallel task execution, effectively reducing the makespan and
thereby increasing throughput. Furthermore, the load migration model continually monitors the node load conditions and transfers tasks
dynamically to the most suitable nodes, enabling the successful completion of a greater number of tasks within the distributed system.

Table 5: Comparison of Throughput for Varying Task Sizes

No. of Tasks Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA VSO
(Proposed)

1000 11.8 11.48 12.2 11.2 12.46

2000 12.3 11.65 12.6 11.5 13.1

3000 12.6 11.89 13, 11.8 13.4

4000 12.94 12.16 13.2, 12.2 13.52

5000 13.3 12.9 13.4 12.5 13.6
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Fig. 5: Comparison of Throughput for Varying Task Sizes.

Table 6 presents the fairness index, which reflects the distribution of tasks across computational nodes. The values range from 0 to 1, with
values closer to 1 indicating more equitable task allocation. Fig. 6 illustrates the fairness in task distribution among the evaluated methods,
with the PW-PSO algorithm attaining the highest fairness index. The improved fairness is attributed to the algorithm’s probabilistic redis-
tribution and load migration mechanisms, which dynamically monitor and adjust load imbalances. Consequently, the proposed algorithm
achieves equitable workload distribution across all nodes and mitigates task starvation on previously overloaded nodes.

Table 6: Comparison of Fairness Index

No. of Tasks Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA PW- PSO (Proposed)
1000 0.92 091 0.947 0.89 0.965
2000 0.927 0915 0.95 0.896 0.97
3000 0.932 0.923 0.955 0.905, 0.976
4000 0.936 0.93 0.961 0916 0.979
5000 0.941 0.934 0.968 0.925 0.983
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Fig. 6: Comparison of Fairness Index for Varying Task Sizes.

The proposed method is also tested for its adaptability to a varying number of computational nodes.

Tables 7-10 present the performance evaluation for Scenario 2, where the number of tasks is fixed at 5,000, and the number of nodes ranges
from 40 to 200 in increments of 40. In each table, the column values indicate the results of the performance metric for different methods
and the proposed method.

Table 7 summarizes the makespan obtained for 5000 tasks under varying numbers of nodes. Each column value represents the task com-
pletion time of various approaches. Fig. 7 illustrates the comparative makespan analysis of the proposed method against existing techniques.
The proposed algorithm consistently yields superior results, highlighting its adaptability to larger networks with increased nodes, which
provide more options for effective load migration. The probability-based approach selectively migrates tasks based on the calculated mi-
gration probability, effectively reducing task queue lengths. Additionally, the weighted-based method strategically redistributes tasks ac-
cording to the computational capabilities of nodes, further enhancing the system's overall efficiency and performance.
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Table 7: Comparison of Makespan for Varying Nodes

No. of nodes Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA PW- PSO (Proposed)
40 1988 2132 1911 1823 1784
80 995 1065 961 923 898
120 785 823 723 688 604
160 652 701 598 523 459
200 477 494 446 402 368
mmm Time-Conscious PSO
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1500 4
c
g
[
% 1000
H
500 -
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Fig. 7: Comparison of Makespan for Varying Numbers of Nodes.

Table 8 reports the resource utilization values for varying numbers of nodes, while Fig. 8 compares the performance of the proposed and
existing methods. The results indicate that the proposed algorithm achieves higher resource utilization. As the number of nodes increases,
flexibility in selecting nodes for task migration improves. The weighted method further allocates tasks in proportion to node capabilities.
Consequently, the adaptive strategy attains efficient task allocation, leading to improved average resource utilization across all nodes.

Table 8: Comparison of Resource Utilization

No. of nodes Time-Conscious PSO PPTS-PSO EASA- MORU HEPGA PW- PSO (Proposed)
40 0.962 0.943 0.915 0.94 0.978
80 0.958 0.938 0.91 0.935 0.972
120 0.952 0.931 0.905 0.93 0.966
160 0.946 0.925 0.898 0.924 0.96
200 0.94 0.92 0.89 0.92 0.955
1.00
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s PPTS-PSO
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Fig. 8: Comparison of Resource Utilization for Varying Numbers of Nodes.

In Table 9, the values represent the throughput obtained for the existing methods and the proposed method, while Fig. 9 shows a compar-
ative analysis of throughput for varying numbers of nodes. The graphical results demonstrate that the proposed method achieves superior
throughput due to its dynamic capability to effectively balance the workload across a larger and more diverse set of nodes. The increased
number of nodes enhances parallel task execution, thereby significantly improving the overall system throughput and performance.
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Table 9: Comparison of Throughput for Varying Number of Nodes

No. of nodes Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA PW- PSO (Proposed)
40 23 2.0 2.7 1.7 2.9
80 4.5 4.1 5.1 3.7 5.6
120 72 6.7 7.7 6.1 8.3
160 9.8 9.3 10.3 8.9 11.0
200 12.0 11.2 12.8 10.8 13.6
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Fig. 9: Comparison of Throughput with Varying Numbers of Nodes.

Table 10 presents the fairness index for 5000 tasks under varying node numbers, while Fig. 10 compares the task distribution fairness
between the proposed algorithm and existing methods. The figure demonstrates that as the number of nodes increases, the proposed method
consistently improves the Jain's Fairness Index (JFI) due to its adaptive capability to consider both current load conditions and node pro-
cessing speeds. Furthermore, the algorithm’s flexibility in balancing loads improves with the addition of nodes, facilitating a more uniform
distribution of tasks across the nodes and enhancing overall system fairness and performance.

Table 10: Comparison of Fairness Index for Varying Number of Nodes

No. of nodes Time-Conscious PSO PPTS-PSO EASA-MORU HEPGA E(‘)Z(;;;SO (Bia-
40 0.927 0917 0.951 0.908 0971
80 0.930 0.922 0.957 0.913 0.975
120 0.935 0.926 0.96 0.917 0.978
160 0.938 0.931 0.965 0.920 0.981
200 0.941 0.934 0.968 0.925 0.983
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Fig.10: Comparison of Fairness Index for Varying Numbers of Nodes.

The proposed PW-PSO method outperforms the baseline algorithms considered in this study, consistently delivering superior results across
multiple performance metrics. The probabilistic approach of scheduling and weighted load reallocation continuously monitors and balances
the load. The work, combined with PSO, highlights a novel method to achieve the objective of optimal allocation of tasks to nodes.

8. Conclusion

The integrated Probability-Weighted load balancing approach using Particle Swarm Optimization (PW-PSO) significantly enhances the
efficiency of load distribution in heterogeneous distributed computing environments. By enabling continuous monitoring and dynamic
redistribution of workloads, the proposed method ensures optimal task allocation across nodes. It effectively assigns tasks in proportion to
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the computational capabilities of each node, resulting in a fair and balanced distribution of load. This leads to improvements in system
performance with reduced makespan, increased resource utilization, higher throughput, and an improved fairness index. Simulation results
confirm that the proposed PW-PSO algorithm consistently outperforms existing approaches such as Time-Conscious PSO, PPTS-PSO,
EASAMORU, and HEPGA, demonstrating its potential for more efficient and scalable task scheduling. Furthermore, future research can
explore the fine-tuning of PSO control parameters and hyperparameters to further optimize performance.
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