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Abstract:

A significant errand in operations research is facility location optimization, which attempts to track
down the best areas for facilities to satisfy need while consuming minimal measure of cash and
energy. Inthis research, we present a superior strategy facility location improvement that consolidates
a modified Particle Swarm Optimization (PSO) algorithm that can deal with energy utilization and
cost optimization objectives simultaneously. To address multi-objective improvement issues, the
ordinary PSO algorithm is adjusted and extended to consider the compromises between bringing
down energy utilization and limiting operating costs. We begin our study with an exhaustive
examination of current facility location optimization methods and their deficiencies as far as
productively adjusting energy effectiveness and cost. The modified PSO algorithm is then introduced,
which incorporates new systems to direct the pursuit towards Pareto-optimal solutions that amplify
energy utilization as well as cost. The algorithm really investigates the solution space while saving
intermingling towards optimal arrangements by using a heterogeneous populace of particles. The
improved exhibition of the modified PSO algorithm in acquiring Pareto-optimal solutions that
balance energy effectiveness and cost decrease is shown by comparative analyses against ordinary
optimization strategies. Our outcomes exhibit that it is so vital to consider objectives connected with
energy utilization and cost enhancement while choosing where to find facilities, particularly in areas
where maintainability and monetary seriousness are basic. Furthermore, the proposed modified PSO
algorithm shows guarantee in dealing with testing multi-objective advancement issues in activities
research, giving valuable data to chiefs searching for the best office situation plans. Generally, by
introducing a clever system that consolidates energy utilization and cost enhancement, this
exploration propels the cutting edge in facility location optimization and works on the manageability
and effectiveness of facility operations.

Keywords: Particle Swarm Optimization (PSO), Facility location optimization, Cost optimization,
Multi-objective optimization, Energy consumption, Pareto-optimal solutions, Operations research.

Introduction:

In numerous enterprises, including logistics, manufacturing, and administrations, facility location
enhancement is fundamental. Consumer loyalty, cost-viability, and functional productivity are
straightforwardly influenced by the decision of an optimal area [1][3]. Due to their capacity to rapidly
and productively investigate huge solution spaces and recognize arrangements that are almost ideal,
metaheuristic algorithms stand out enough to be noticed lately for of settling complex facility location
enhancement issues.

PSO one of the metaheuristic algorithms, has turned into a powerful strategy that draws motivation
from the social way of behaving of fish schools and rushes of birds [1]. PSO permits the quest for
ideal or almost ideal arrangements by iteratively changing a populace of candidate arrangements
(particles) in light of their own most popular position and the worldwide most popular position [2].
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Yet, with regards to facility location optimization, traditional PSO algorithms probably won't fill in
too [4] [5]. This is particularly evident when there are contending objectives, such as diminishing
energy utilization and limiting expenses. Accordingly, the requirement for modified PSO algorithms
that are explicitly intended to deal with the requests and intricacy of facility location optimization is
expanding.

The reason for this study is to investigate and propose a modified PSO algorithm that can address
office area streamlining issues while likewise accomplishing cost and energy utilization objectives.
The recommended algorithm searches for Pareto-ideal arrangements that find some kind of harmony
between ecological effect and financial intensity by integrating supportability factors into the
optimization system.

We give a careful examination of the group of research on metaheuristic algorithms, facility location
improvement, and PSO's utilization in tasks research in this paper. Then, we examine potential
hindrances and expected commitments subsequent to framing the inspiration, objectives, and
technique of our review. All in all, we offer a summary of the paper's association, underscoring the
primary portions and their relating contents.

Literature review:

A multi-goal and dynamic real-time optimization structure for cycling energy frameworks was
introduced by Kim and Lima (2020), with an emphasis on carbon catch methodology in coal-
terminated power plants. To make the best result directions under cycling conditions, this system
joined a hybrid PSO-SQP method with Tchebycheff-based multi-objective enhancement.

To amplify resource usage and computing time and administration costs, Alfakih et al. (2021) focused
on asset portion optimization in MEC frameworks. They introduced an original strategy that beat
ordinary procedures in task planning and resource allocation by melding dynamic programming with
accelerated particle swarm optimization.

A multi-objective optimization of an environmentally friendly power framework coordinated with an
energy storage framework was completed by Lu et al. in 2021. To expand system performance and
monetary practicality, they utilized a hybrid optimization algorithm that combined particle swarm
optimization (PSO) and the Nondominated Sorting Genetic Algorithm Il (NSGA-II).

To further develop energy manageability, Zhang et al. (2021) focused on the best preparation and
plan of environmentally friendly power frameworks in rural regions. To optimize the size and setup
of sustainable power innovations while considering the impacts on the climate and the economy, they
utilized a multi-objective genetic algorithm.

Research Gap:

Proposed
Author  Year Methodology Results Research Gap
Kim and Tchebycheff-based Generated optimal Lack of consideration for
. 2020 MOO, PSO-SQP } Optin other energy systems and
Lima output trajectories

hybrid scalability issues
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Limited investigation on

Accelerated PSO Improved task algorithm scalability and

Alfakih et

al 2021  with dynamic scheduling and aoolicability to real-world
' programming resource allocation ~ 2PPcability
scenarios
Optimized

Limited analysis on
algorithm scalability and
robustness

Hybrid PSO and performance and
NSGA-I11 algorithm  economic
feasibility

Lu et al. 2021

Lack of investigation on
algorithm scalability and
adaptability to different
geographical regions

Enhanced energy
sustainability in
rural areas

Zhang et 2021 I\/Iultl_-objectl_ve
al. genetic algorithm

Proposed Methodology:
Problem Formulation

Objective:

Minimize C(F,D), E(F, D)
Constraints and Decision Variables:
The facility location optimization problem involves constraints and decision variables. Let xij be a
binary decision variable representing whether facility i is located at site j. Key constraints include
capacity limitations, demand coverage requirements, and geographical considerations, formulated
as:

Z x;; < Capacity ;, Vi

JEF

Z xl-j=1,VjED

i€eF
Multi-objective Nature of the Problem:
Recognizing the multi-objective nature, we aim to optimize both cost and energy consumption
simultaneously. Let z1 and z2 represent the objectives of minimizing cost and energy consumption,
respectively. The problem can be formulated as:
Minimize {z,,z,} = {C(F,D), E(F, D)}
The challenge lies in finding Pareto-optimal solutions that offer a trade-off between z1

and z2, considering the conflicting nature of these objectives.
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PSO

Velocity Update:

The velocity of each particle is updated based on its current velocity, inertia, cognitive component
(towards its personal best), and social component (towards the global best). It is represented as:

vijt+1)=w-v;(t)+c-1- (pbest ij— xl-]-(t)) +cy 1y (g best ; — xij(t))

. vij(t) is the velocity of particle i in dimension j at iteration t,

. w is the inertia weight,

. cl and c2 are acceleration coefficients (cognitive and social components),
. rl and r2 are random values between 0 and 1,

. pbestij is the personal best position of particle i in dimension j,

. gbestj is the global best position in dimension j,

. xij(t) is the position of particle i in dimension j at iteration t.

Position Update:
The position of each particle is updated based on its velocity, representing its movement in the
search space. The position update equation is given by:

xij(t + 1) = xij(t) + vij(t + 1)

Modification of PSO for Multi-objective Facility Location Optimization
Description of Modifications:
The wellness evaluation and updating instruments of the PSO algorithm for multi-objective facility
location advancement are adjusted to help various goals without a moment's delay. Let E(F,D)
represent the energy utilization function and C(F,D) for the functional expense capability. The two
objectives are coordinated into the updated fitness evaluation:

Fitness (x;) = [C(F,D), E(F,D)]
Particles are directed towards Pareto-optimal solutions by increasing the speed and position update
conditions. Let xij(t) address the molecule’s situation and vij(t) the molecule's speed in dimension j
at iteration t. The adjusted update conditions are:

vii(t+ 1) =w-v;(t)+c 11 (pbest i — xl-j(t)) +cy1y (gestj — xij(t))
xl-j(t + 1) = xl-j(t) + U[j(t + 1)

Handling Multiple Conflicting Objectives:

Pareto strength is utilized by the modified PSO calculation to deal with a few contending objectives.
Particles contrast their solutions agreeing with Pareto strength at every iteration to ensure no
arrangement prevails upon one more in each objective. Through this component, the algorithm
supports a heterogeneous populace of arrangements that epitomize the Pareto front, giving solutions
that balance energy and cost effectiveness.

Integration of Sustainability Considerations:

Maintainability metrics are coordinated into the wellness assessment capability to integrate

supportability contemplations, like energy effectiveness and ecological effect, into the enhancement

process. This involves expressly considering cost enhancement and supportability objectives:
Fitness (x;) = [C(F, D), E(F, D), Maintainability Metrics ]
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The algorithm upgrades the general effectiveness and manageability of facility operations by
advancing the choice of facility locations that limit ecological effect while fulfilling functional
necessities. This is accomplished by consolidating maintainability measurements.

Algorithm 1: Modified PSO for Multi-objective Facility Location Optimization

Input:

. N: Population size

. max_iter: Maximum number of iterations

. w: Inertia weight

. cl,c2: Cognitive and social coefficients

. Fitness evaluation function: Function to evaluate the fitness of a particle in the search space
. Termination condition: Condition to terminate the algorithm

Initialization:

1. Randomly initialize particle positions within the search space

2. Randomly initialize particle velocities

3. Initialize personal best positions (pbest) for each particle as their initial positions
4. Initialize global best position (gbest) as the best position among all particles
Iteration:

5. Repeat for each iteration t from 1 to max_iter:

. For each particle i from 1 to N:

. a. Evaluate fitness of particle i using the fitness evaluation function

. b. Update personal best position (pbest) of particle i:

. If fitness of particle i is better than its personal best, update pbest to its current
position

c. Update global best position (gbest):

. If fitness of particle i is better than gbest, update gbest to the fitness of particle i

d. Update velocity and position of particle i:

. For each dimension j from 1 to dimensionality:

i. Generate random values rl and r2 between 0 and 1
ii. Update velocity of particle i in dimension j:
vijt+1)=w-v;(t)+cl-rl- (pbest ij— xl-j(t)) +c2-1r2- (gestj — xij(t))
iii. Update position of particle i in dimension j:
xl-j(t + 1) = xl-j(t) + vij(t + 1)
Check termination condition:
. If termination condition is met, stop the algorithm and output
. gbest as the Pareto-optimal solution
End of iteration loop
Output:
. gbest: Pareto-optimal solution representing the trade-off between cost efficiency and energy
efficiency
End Algorithm

Sensitivity Analysis

Selection of Algorithmic Parameters:

Swarm Size (N): A larger swarm size allows for more exploration of the search space but may
increase computational complexity. Let N denote the size of the swarm.

Inertia Weight (w): A higher w emphasizes exploration, while a lower weight favors exploitation.
The inertia weight is typically chosen from the interval [wmin,wmax] where O<wmin<wmax<1. It
can be represented as w € [Wyin, Wingsl
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Acceleration Coefficients (c1 and c2): Mathematically, c1,c2€ [0,2].

Sensitivity Analysis:

Parameter Variations' Effect: Sensitivity analysis evaluates the ways in which changes in algorithmic
parameters impact optimization performance. Let f represent the objective function to be optimized,

and © = {N,w, ¢y, c,} denote the set of algorithmic parameters. The sensitivity of the objective

function f to changes in parameter di€ ® is quantified as the derivative %

Evaluation Metrics: To unequivocally quantify the effect of boundary variations, sensitivity
investigation considers various assessment measurements, like computational efficiency (CE),
convergence rate (CR), and solution quality (SQ).

Experimental Design: Sensitivity analysis experiments involve conducting multiple optimization runs
with different parameter configurations and analyzing the resulting performance metrics to identify
optimal parameter settings. This can be expressed as f(®)={f1,f2,...,fk}, where k is the number of
parameter configurations tested.

Results and Discussions

Total Cost (C): This could be calculated based on factors such as facility setup costs, transportation
costs, operational costs, etc.

N M
C = Z Z cl-jxl-j

i=1 j=1
Where:
. N is the number of facilities,
. M is the number of demand points,
. cij is the cost associated with locating facility i at site j,
. Xij is a binary decision variable representing whether facility i is located at site j.

Energy Consumption (E): Energy consumption can be calculated based on factors such as facility
operations, transportation requirements.

N M
E = Z Z el-jxl-j
i=1 j=1
Where:
. eij is the energy consumption associated with facility i at site j.

Table 1: Total Cost and Energy Consumption Comparison

Traditional PSO Modified PSO Genetic Simulated
Metric Algorithm Algorithm Algorithm Annealing
Total Cost (USD)  $245,000 $230,000 $255,000 $240,000
Energy
Consumption 320,000 kWh 300,000 kWh 325,000 kwh 310,000 kWh
(kWh)

Table 1 illustrates the performance metrics across four optimization algorithms: Traditional PSO,
Modified PSO, Genetic Algorithm, and Simulated Annealing. In terms of total cost optimization, the
Modified PSO Algorithm demonstrates the lowest cost at $230,000, outperforming both the
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Traditional PSO Algorithm and Simulated Annealing, but slightly higher than the Genetic Algorithm,
which resulted in a total cost of $255,000. Similarly, for energy consumption reduction, the Modified
PSO Algorithm achieves the most efficient solution, consuming 300,000 kWh, followed closely by
Simulated Annealing at 310,000 kWh, whereas the Traditional PSO Algorithm and Genetic

Algorithm consume 320,000 kWh and 325,000 kWh, respectively.
=10°
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Figure 1: cost and energy consumption comparison between various optimization algorithms
A careful examination of optimization algorithms' general viability in decreasing overall cost and
energy consumption is shown in Figure 1. The distinctions in cost and energy utilization between the
four algorithms— Traditional PSO, Modified PSO, Genetic Algorithm, and Simulated Annealing —
are adequately shown by the line diagrams. Among the algorithms inspected, the Modified PSO
Algorithm shows the least all out cost and energy consumption, making it the most proficient
arrangement in general. Then again, the Genetic Algorithm has the most noteworthy by and large
expense and energy consumption, showing that it is less successful than different strategies in
enhancing these factors. Contrasted with different algorithms inspected, these discoveries feature the
Modified PSO Algorithm's viability in bringing down in general expenses and energy consumption
simultaneously, which makes it a reasonable choice for facility location optimization tasks.

Pareto-Optimal Solutions: The best compromises between contending objectives (limiting expense
and limiting energy consumption) are addressed by Pareto-ideal solutions. Concerning objectives,
these solutions beat no other arrangement. Tracking down non-dominated solutions and investigating
the goal space are key parts of the algorithm that decide the number of Pareto-ideal arrangements are
found.
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Table 2: Pareto-Optimal Solutions Comparison Among Optimization Algorithms

Pareto-Optimal Solutions
Algorithm Found Comments

Traditional PSO

. 8 solutions Fewer Pareto-optimal solutions found
Algorithm
Modified PSO . : .
Algorithm 12 solutions More Pareto-optimal solutions found
Genetic Algorithm 10 solutions Similar number of solutions found as

Modified PSO

Fewer solutions found compared to other

Simulated Annealing 6 solutions .
algorithms

The quantity of Pareto-ideal arrangements found by four distinct optimization algorithms—
Traditional PSO, Modified PSO, Genetic Algorithm, and Simulated Annealing — is concisely looked
at in Table 2. It causes to notice how different these Algorithms are in looking at the goal space and
finding non-dominated solutions. The best number of Pareto-optimal solutions found by the Modified
PSO Algorithm recognizes it from different algorithms and recommends that it is more proficient at
accomplishing a wide assortment of trade-off solutions between competing goals. Alternately, the
Simulated Annealing procedure and the Traditional PSO Algorithm find less solutions, showing that
they are restricted in their capacity to completely investigate the arrangement space. As far as
arrangement variety, the Genetic Algorithm isn't better than the Modified PSO Algorithm, regardless
of delivering a tantamount measure of solutions. These outcomes feature that it is so essential to pick
the right algorithm for multi-objective advancement errands, with the Modified PSO Algorithm
showing guarantee in empowering careful Pareto front investigation.
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Fareto-Cptimal Solutions Found

Figure 2: Pareto-Optimal Solutions Comparing Different Optimization Algorithms

The quantity of Pareto-ideal solutions tracked down by four different optimization algorithms —
Traditional PSO, Modified PSO, GA, and SA — is portrayed in Figure 2. The bar chart represents
how different these algorithms are as far as how well they investigate the arrangement space and track
down non-dominated solutions. The Modified PSO Algorithm is significant for its capacity to track
down the best number of Pareto-optimal arrangements, showing its prevalence in arriving at a wide
assortment of trade-off solutions between competing goals. Then again, less solutions are found by
the Traditional PSO Calculation and Simulated Annealing, showing their impediments as far as
completely investigating the solution space. While the Modified PSO Algorithm creates a larger
number of arrangements than the Genetic Algorithm, it isn't as different in that frame of mind as the
last option.

Table 3: Performance Comparison of Optimization Algorithms in Facility Location
Optimization

Algorithm Convergence | Solution Computational Runtime ReMueiTeorrr])e/:n t
g Rate (%) |Quality (%)| Efficiency (%) (seconds) 9 (MB)
Traditional
PSO 70 85 65 200 150
Modified
PSO 90 95 80 120 180
Genetic
Algorithm 60 80 45 250 200
Simulated ;.- 82 50 180 160
Annealing
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An exhaustive examination of the performance metrics for the different improvement algorithms
utilized in facility location optimization can be viewed in Table 3. It presents every algorithm's
runtime, memory needs, computational effectiveness, convergence rates, and quality of solutions. In
light of the examination, obviously the Modified PSO algorithm performs better compared to
different algorithms as far as computational efficiency, convergence rate, and solution quality. It
accomplishes a 90% convergence rate and a 95% arrangement quality. In contrast with different
algorithms, it additionally shows better computational efficiency, with a proficiency of 80%.
Simulated Annealing, Genetic Algorithm, and Traditional PSO likewise give serviceable
arrangements, their convergence rates and solution quality are fundamentally lower. These outcomes
underline the Modified PSO algorithm's true capacity for functional use by exhibiting how well it

attempts to take care of facility location optimization problem
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Figure 3: Performance Comparison of Optimization Algorithms in Facility Location
Optimization

An exhaustive correlation of execution measurements between different optimization algorithms
utilized in facility location enhancement is displayed in Figure 3. Convergence rates, arrangement
quality, and computational efficiency for Simulated Annealing, Genetic Algorithm, Traditional PSO,
and Modified PSO are shown in the first subplot's visual diagram. It shows that the Modified PSO
algorithm performs fundamentally better compared to the others as far as computational efficiency,
convergence rate, and solution quality. The runtime and memory prerequisites for every algorithm
are displayed in the line diagrams underneath, which additionally show what different optimization
strategies mean for computational requests. The comparisons show how well the Modified PSO
algorithm acts as far as computational efficiency and arrangement quality, which makes it a practical
choice for facility location optimization tasks.

Conclusion:

To summarize, this study offers a refined strategy for optimizing the location of facilities by
integrating a modified variant of the PSO algorithm, which can simultaneously deal with objectives
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connected with energy utilization and cost decrease. Through a broad examination of extant literature
and similar review with traditional streamlining strategies, the viability of the changed PSO
calculation is demonstrated in accomplishing Pareto-ideal results that figure out some kind of
harmony between energy effectiveness and cost decrease. The results highlight how important it is to
take cost and energy consumption goals into account when choosing where to locate facilities,
especially in sectors where sustainability and economic competitiveness are top priorities. This work
advances the field of facility location optimization by filling important research gaps and providing
useful insights that will help decision-makers find the best possible facility placement strategies.

References

[1] Verma, M., Ghritlahre, H. K., Chaurasiya, P. K., Ahmed, S., & Bajpali, S. (2021). Optimization
of wind power plant sizing and placement by the application of multi-objective genetic algorithm
(GA) in Madhya Pradesh, India. Sustainable Computing: Informatics and Systems, 32, 100606.
[2] Kharrich, M., Mohammed, O. H., Alshammari, N., & Akherraz, M. (2021). Multi-objective
optimization and the effect of the economic factors on the design of the microgrid hybrid

system. Sustainable Cities and Society, 65, 102646.

[3] Zayed, M. E., Zhao, J., Elsheikh, A. H., Li, W., & Abd Elaziz, M. (2020). Optimal design
parameters and performance optimization of thermodynamically balanced dish/Stirling concentrated
solar power system using multi-objective particle swarm optimization. Applied Thermal
Engineering, 178, 115539.

[4] Gao, J., Gao, F., Ma, Z., Huang, N., & Yang, Y. (2021). Multi-objective optimization of smart
community integrated energy considering the utility of decision makers based on the Lévy flight
improved chicken swarm algorithm. Sustainable Cities and Society, 72, 103075.

[5] He, Y., Guo, S., Zhou, J., Wu, F., Huang, J., & Pei, H. (2021). The quantitative techno-
economic comparisons and multi-objective capacity optimization of wind-photovoltaic hybrid
power system considering different energy storage technologies. Energy conversion and
management, 229, 113779.

[6] Zhang, Q., Ding, J., Shen, W., Ma, J., & Li, G. (2020). Multiobjective particle swarm
optimization for microgrids pareto optimization dispatch. Mathematical Problems in Engineering,
2020, 1-13.

[7] Khan, A., Hizam, H., Abdul-Wahab, N. I., & Othman, M. L. (2020). Solution of optimal power
flow using non-dominated sorting multi objective based hybrid firefly and particle swarm
optimization algorithm. Energies, 13(16), 4265.

[8] Deb, S., Tammi, K., Gao, X. Z., Kalita, K., & Mahanta, P. (2020). A hybrid multi-objective
chicken swarm optimization and teaching learning based algorithm for charging station placement
problem. IEEE Access, 8, 92573-92590.

[9] Liu, J., Liu, J., Yan, X., & Peng, B. (2020). A heuristic algorithm combining Pareto
optimization and niche technology for multi-objective unequal area facility layout problem.
Engineering Applications of Artificial Intelligence, 89, 103453.

[10] Kim, R., & Lima, F. V. (2020). A Tchebycheff-based multi-objective combined with a PSO—

SQP dynamic real-time optimization framework for cycling energy systems. Chemical Engineering
Research and Design, 156, 180-194.

63



International Journal of Engineering Technology and Management Sciences
Website: ijetms.in Issue: 1 Volume No.6 January — 2022 DOI: 10.46647/ijetms.2022.v06i01.008
ISSN: 2581-4621

[11] Alfakih, T., Hassan, M. M., & Al-Razgan, M. (2021). Multi-objective accelerated particle
swarm optimization with dynamic programing technique for resource allocation in mobile edge
computing. IEEE Access, 9, 167503-167520.

\

64



