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Abstract

Nature solves complex problems in a simple manner. This inspired researchers to
develop a mathematical model to solve real-world problems that are not solvable or require
high-end resources. The particle swarm optimization (PSO) is a nature-inspired techniques
that have solved numerous engineering optimization problems. Sometimes PSO suffers
from slow and premature convergence due to a high rate of exploration and exploitation,
respectively. To overcome this problem, this paper introduced a modified PSO algorithm
with dynamic inertia weight control with the help of fitness to improve convergence. The
proposed approach uses dynamic inertia weight control in PSO to improve balancing in
exploration and exploitation. Due to a fitness-driven approach, the proposed variant is
adaptable for the population and avoids premature convergence, which is usually a problem
basic PSO faces. The proposed approach is named as dynamic inertia weight control using
fitness metrics in the PSO Algorithm (DIW-PSO). The experimental results demonstrated
that DIW-PSO is best suited for multimodal high-dimensional problems and in a dynamic
environment.

Subject Classification: Primary 68T01, Secondary 68Q32.

Keywords: Particle swarm optimization, Engineering optimization, Nature inspired algorithm,
Adaptive inertia weight.

1. Introduction

Algorithms inspired by natural phenomenon are termed as Nature-inspired
algorithms (NIA) and mainly divided into two classes: swarm intelligence and
evolutionary algorithms [1-3]. Well-known swarm-based algorithms [4] are: ant
colony optimization (ACO) by Dorigo and Caro [5] in 1992 with foraging and
pheromone communication in ants, PSO developed by Kennedy and Eberhart
[6] in 1995 inspired by collective behavior of fish schooling/bird flocking,
spider monkey optimization (SMO) [7]. Other swarm-based algorithms are
artificial bee colony (ABC) algorithm [8], cuckoo search (CS) [9], firefly
algorithm (FA) [10], bat algorithm (BA) [11], bacterial foraging optimization
(BFO) [12], and many more.

This study explored PSO and its applications with recent variants.
Chauhan, Shivani, and Suganthan [13] conducted in-depth research of PSO and
identified some challenges. Some of them are: effect of individual or hybrid
strategies on performance, impact of learning mechanisms on convergence
speed, robustness, exploration-exploitation, and development of self-adaptive
variants for solving different problems across domains. Inertia weight (w) is
important parameters in PSO to control its performance. It gives better
exploration with larger values while improving exploitation with small values of
(w)—a balanced value of w in PSO is required in each iteration for better
performance.
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2. Literature Review

Zhang and Li [14] introduced a nonlinear decreasing inertia weight with
mutation for high-dimensional problems. Zhang and Li [14] used the following
approach (refer to Eq. (1)) to compute the inertia weight.

W = Wmin + (Wmax — Omin) X (1 — (iter/MAX_ITER)%) (1)

Where w4, and w.,i, are upper and lower bounds on weight, iter and
MAX_ITER are current and maximum number of iterations. The proposed
modification helped to avoid premature convergence.

Gandhi et al. [15] modified w to improve convergence and reduce the
influence of particles' previous velocity, and improved exploration and
exploitation. Jiang et al. [16] introduced an adaptive approach for deciding the
inertia weight dynamically using Eq. (2).

. my ftnl (t) = ftnavg (t)

Y= ftn(©)—ftngp (0 (2)
i — x —————97— " fin(t) < ft t
mi1 + {m1 — mz} O ftn(6) < ftn (0)

W

Jiang et al. [16] suggested assigning weights according to the population's
average fitness. It improves local search if fitness is lower than average and
enhances global search with higher fitness.

Chen et al. [17] introduced a variant of PSO with increasing inertia weight
using a sigmoidal function. Earlier, a similar approach (refer Eq (3)) was used in
SMO [18].

Wmax— Wmin (3)

iter
a—bxx~
1+e itermax

W = Wpin +

The sigmoidal approach prevents PSO from trapping in local optima,
giving a greater inertia weight at later iterations and a smaller value during the
initial stage.

Wang et al. [19] changed the inertia weight dynamically using eq. (4), it
updates the weight according to the situation and uses a classifier with optimized
parameters.

W (t) = Omin + (“’maxz “’mm) * ln(e+zkz)2) + (wmaxz ("mm) *rand() )

Lower and upper bounds for w are 0.4 and 0.9, correspondingly [19]. The
second component reduces the value of w gradually, and this value is adjusted
by the third component over time.

Bala, Chauhan, and Mitchell [20] worked on PSO with mutation strategy
based on self-adaptive inertia weight and orthogonal initialization for improved
convergence. Kumari and Kumar [21] predict student performance using
different parameters to track their progress. The author proposed a new variant
of PSO to select the optimal features that increase the model's efficiency.

Hossain et al. [22] formulated the performance index and applied the PSO
algorithm to reduce electricity costs. The cost function is validated using
different case studies, and it found that operational cost is reduced by 12% of the
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original cost function. Table 1 shows more modifications in PSO for different
applications.

Table 1
Recent modifications in PSO
Modification in PSO

Quaternary-valued PSO, define the
particles’ trajectories and velocities

Author [Ref]
Cui et al. [23]

Abdi, Motamedi
and Sharifian
[24]

Application

Planar graph colouring problem

Merge the shortest job to the fastest
processor algorithm into PSO

Task Scheduling in the cloud
computing environment

Unimodal and multimodal test
function, engineering inverse
problem

Exponential weight is tested on
different benchmark functions

Khan et al. [25] |Update parameters

Exponential decay weight for inertia

Yan et al. [26] weight

Khalilzadeh et |Modified the rules for displacement of|Minimize the total weighted
al. [27] particles resource tardiness penalty cost
Syahputra, Inertia weight is decreased linearly in

Soesanti, and
Ashari [28]

proposed in PSO to improve
exploration

Enhance the performance of
distribution.

Zhou et al. [29]

Dynamically adjust the inertia weight
to improve the speed of convergence

Cloud computing energy
consumption model

Hung, Mao, and
Huang [30]

Modify the calculation formulas of
inertia weights

Train recurrent fuzzy neural
network (RFNN)

Kumar et al.

Sigmoidal approach for update inertia

Sentiment analysis using tweets
related to Covid-19 vaccination

[31] weight

public opinion

3. Dynamic Inertia Weight Control Using Fitness Metrics in PSO (DIW-
PSO)

The PSO sometimes it suffers with the problem of premature or slow
convergence caused due to excessive exploitation or excessive exploration
respectively. The inertia weight (w) is one of the important factors that decides
balancing in these two activities. In basic PSO value of w is linearly decreased
from a high to a low with advancement in iteration, which is a static and creating
problem.

This paper proposed a fitness-driven adaptive variant of PSO where the
inertia weight is calculated dynamically using the fitness-based method,
improving the proposed model's performance.

W = Wpgy — iter x f 6)
where

_ (Wmax=®min) Fitmax—Fitmin)
(Fitmax+Fitmin)(iterpax)

f O]
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Here in Eq. (6) and Eq. (7), Wpax and wy,;, represent maximum (0.9) and
minimum (0.2) value of inertia. This value is fixed after exhaustive experiments.
Fitqx and Fit,,;, denotes maximum and minimum fitness in solutions.

The proposed dynamic weight adjustment makes PSO more responsive and
improves convergence. The proposed dynamic inertia weight control using
fitness metrics in PSO improve exploitation in early stages with diverse
population as it decays faster due to large gap and maintained exploration in
later stages with converged population as it decays slower due to narrow gap in
Fitpax — Fityin- These modifications make population adaptive with change in
iteration and avoid premature convergence. Steps of proposed algorithm shown
in Algorithm 1.

Algorithm 1: Dynamic Inertia Weight Control Using Fitness Metrics in
PSO

1. Initialize position x; and velocity v; for each particle i =1 to N.
Set personal best pBest; = x;
Evaluate fitness f; = f(x;)
Determine global best: gBest = arg min; f(pBest;)
For iter = 1 to itery,, do:
a. Compute Fit,,,, = max;f(pBest;) and Fit,,;, = min;f (pBest;)
b. Calculate fitness-based decay factor:
f = ((wmax - (‘)min) * (Fitmax - Fitmin))/((Fitmax + Fitmin) *
iterMax)
9. c. Update inertia weight:
10. W = Wpgy — iter * f
11. d. For each particlei=1 to N do:
12. i. Generate ry, 1, ~ U(0,1)
13. ii. Update velocity:
14. v, =@ *v; + ¢y x 1y * (pBest; — x;) + ¢, * 1, x (gBest — x;)
15.  iii. Update position: x; = x; + v}
16. iv. Evaluate fitness f; = f(x;)
17. v. If f; < f(pBest;), then set pBest; = x;
18. vi. If f; < f(gBest), then set gBest = x;
19. e. End For
20. End For
21. Return gBest, f(gBest)

PR R WD

4. Experimental Results

The modified PSO has been compared with existing PSO for success rate,
number of average function evaluation and standard deviation as given in Table
2. These identification algorithms are performed on the same parameters, an
equal number of iterations, population size, and observations.
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Table 2
Comparison for PSO and DIW-PSO
Function\Algorithm PSO DIW-PSO

Evaluation Metric SD FEval | SR SD F Eval | SR
Ackley 3.92E-07 76295 100 | 4.43E-07 | 69955 | 100
Alpine 5.00E-05 96774.5 | 99 | 5.02E-07 | 73832 |100
Zakharov's 1.62E-02 | 196207.5 | 31 | 5.38E-04 | 101343 | 100
Cigar 4.97E-07 68869 100 | 8.13E-07 | 59724 | 100
Schewel Prob 3 3.96E-07 71026 100 | 4.93E-07 | 66396 | 100
Rotated hyper-ellipsoid 6.79E-07 56702 100 | 7.28E-07 | 54901 | 100
2D Tripod function 3.36E-01 38554 87 | 2.55E-01 | 36734 | 93
Shifted Rosenbrock 6.74E+00 | 186800.5 | 48 |1.22E+01|123303.5| 73
Hosaki Problem 3.29E-06 15323 93 | 3.38E-06 | 14995.5 | 94
Meyer and Roth Problem 2.68E-06 33545 | 100 | 2.91E-06 | 6180 | 100
Pressure Vessel 3.23E-05 96886 62 | 3.19E-05 | 94929 | 66

5. Conclusion

The modified inertia weight function based PSO proposed in this paper.
This paper compared the performance of PSO with new variant using
benchmark problems and finds that modified PSO gives better results than other
existing algorithms. The proposed algorithm balances the exploration and
exploitation phase. The results of modified PSO were compared with PSO for
three metric and results were found better than existing algorithm.

In the future, this algorithm will address different image classification-
based problems and real-world optimization problems. In addition to this, the
algorithm can add or modify other parameters to solve the optimization
problems very efficiently.
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