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1. Introduction

Metaheuristic algorithms offer significant ad-
vantages, including not relying on a strictly defined mathe-
matical model, not requiring gradient information, pos-
sessing robust search capabilities, and achieving a good bal-
ance between solution quality and computational cost. For
these reasons, they are widely used to optimize the durabil-
ity, weight, wear, and corrosion requirements of mechanical
systems. Processes characterized as goal-oriented and con-
strained decision-making activities that aim to produce
products meeting well-defined requirements are referred to
as engineering design. During the design process, the de-
signer uses mathematical analyses, experiences, and intui-
tions to develop the design.

Several analyses are conducted to determine
whether the developed design is acceptable [1]. Design op-
timization consists of a search space (feasible solutions),
specific objectives (objective functions), and a search pro-
cess (optimization methods). Feasible solutions are the set
of designs derived from all possible values of design varia-
bles. Optimization methods aim to find the best (optimal)
design among these feasible solutions [2].

Mechanical design encompasses processes where
the designer continually optimizes objectives such as dura-
bility, bending, wear, weight, and corrosion based on needs
[2]. Many mechanical design optimization problems are
challenging to solve using conventional optimization meth-
ods due to specific constraints [3]. In real-world design op-
timization problems, the large number of design parameters
and the nonlinear effects of these parameters on the objec-
tive function increase problem complexity and introduce the
possibility of multiple local optima. This pushes designers
seeking global optima in mechanical optimization problems
to employ more effective and efficient evolutionary optimi-
zation methods rather than classical techniques [4].

Evolutionary algorithms are population-based, na-
ture-inspired metaheuristic algorithms. Depending on their
source of inspiration, they may be based on swarm intelli-
gence, biological systems, or principles of physics or chem-
istry [5]. Due to these characteristics, they have been widely
preferred in optimization studies over the past two decades.
Popular evolutionary algorithms include Simulated Anneal-
ing (SA), Genetic Algorithms (GA), Particle Swarm Opti-
mization (PSO), Ant Colony Optimization (ACO), Grey
Wolf Optimizer (GWO) and Artificial Bee Colony (ABC)
Optimization, which have proven effective [6]. Metaheuris-
tic approaches are well-known and widely applied not only
in computer science but also in other fields. Their simplicity,

flexibility, and ability to avoid local optima are significant
reasons for their preference in various domains [7].

A compression spring is a system that deforms un-
der force or torque and returns the stored energy when it re-
gains its original shape. Springs are elements in mechanical
designs that provide functions such as flexibility, vibration
isolation, energy absorption, and shock attenuation and are
among the most heavily loaded components in machines.
General spring design typically involves using trace and cut
methods to determine factors such as load, deflection, the
number of active coils, and the mean diameter of the spring
wire [8].

The design optimization of springs is conducted
based on the principles of minimum weight or minimum
volume, depending on their application. This study aims to
determine the optimal design parameters of a compression
spring based on minimum volume. First defined by Sand-
gren, this problem represents a nonlinear optimization prob-
lem. Sandgren proposed using nonlinear integer program-
ming methods to solve this problem [9]. Deb and Goyal
highlighted the challenges of solving such design optimiza-
tion problems using traditional methods, given the binary,
discrete, and continuous nature of variable values in engi-
neering design problems, and proposed a combined GA
technique employing binary and real-coded variables for
different variable types [10]. Lampinen et al. modified the
Differential Evolution Algorithm (DEA) to solve nonlinear
problems with fully discrete and continuous values [11].
Yokota et al. optimized helical spring design for optimum
volume using the GA method [12]. Sahin et al. adapted the
GWO algorithm to solve the problem and demonstrated its
success [8].

Laith et al. presented a comprehensive review of
meta-heuristic optimization methods used to solve engineer-
ing design problems. Many problems solved with current
optimization techniques [13]. Moreover, specialized review
articles on the algorithm have also been published, where
the subject is explored in greater depth. Faris at al. discussed
the development of GWO and its different variant [14].
Chakraborty at al. provided an extensive review of swarm
intelligence algorithms, which are inspired by the collective
behavior of decentralized systems [15]. These algorithms
have also been used for process optimization in the industry.
For example, Calp et al. explored the optimization of project
scheduling in dynamic CPM and PERT networks using GA
to enhance efficiency and minimize project duration [16]. In
a different study, Dener and Calp addressed the optimization
of exam scheduling problems in central exams using GA to
improve scheduling efficiency and fairness [17]. Trabelsi et



al. employed interval computation and constraint propaga-
tion to optimize the design of a compression spring for a
linear vehicle suspension system, enhancing its perfor-
mance and reliability [18].

In this study, the optimal design of a compression
spring based on minimum volume was carried out using a
new metaheuristic optimization algorithm, the Worm Opti-
mization Algorithm (WOA), and the results obtained were
compared with previous studies. The first section introduces
the optimization problem of minimizing the volume of a
compression spring. The second section provides a detailed
explanation of the WOA. The third section presents experi-
mental studies and comparative results. The final section
concludes with recommendations and conclusions.

2. Optimization of Pressure Spring to Minimum
Volume

The optimization of a compression spring for min-
imum volume, first defined by Sandgren [9], aims to mini-
mize the volume of the spring under static load conditions.
The chosen compression spring is manufactured from
ASTM A228 music wire spring steel [19], which limits the
wire diameter to the values presented in Table 1. To define
the optimization problem, three design variables are used:
wire diameter (d), mean outer diameter (D) and the number
of active coils (/) as illustrated in Fig. 1.

Among these design variables, D is continuous, N
is an integer, and d is a discrete variable that can take one
of the 42 values listed in Table 1.
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Fig. 1 General 3D model view of the compression spring

The objective function of the problem is given in
Eq. (1):
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M

The constraints and equations defined for the problem are
presented in Table 2 and Table 3.

Other problem parameters are defined as follows:
maximum free length of the spring /,,ex = 14.0 in., maximum
operating load Fj.= 1000.0 Ib., pre-load applied for com-
pression F, =300.0 Ib., allowable maximum shear stress
S =189000.0 psi, minimum wire diameter ;= 0.2 in.,
maximum outer diameter D, = 3.0 in., shear modulus of
material G = 11.5x10° psi, allowable maximum deflection
under pre-load op, = 6.0 in., deflection from pre-load to
maximum load position &, = 1.25 in. The value ranges for
design variables (x1, x2, x3) are as defined above.

Table 1
ASTM A228 standard compression spring wire diameters (x;, in.) [19]

0.0090 0.0095 0.0104 0.0118 0.0128 0.0132 0.0140

0.0150 0.0162 0.0173 0.0180 0.0200 0.0230 0.0250

0.0280 0.0320 0.0350 0.0470 0.0470 0.0540 0.0630

0.0720 0.0800 0.0920 0.1050 0.1200 0.1350 0.1480

0.1620 0.1770 0.1920 0.2070 0.2250 0.2440 0.2630

0.2830 0.3070 0.3310 0.3620 0.3940 0.4375 0.5000
Table 2

Constraints defined for the problem [9]
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Table 3
Parameters used in the constraint equations [9]
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3. Worm Optimization Algorithm

WOA is a new type of bio-inspired metaheuristic
algorithm that takes inspiration from the contributions of
worms to nature, such as aerating the soil through their bur-
rowing actions and enriching it with waste organic matter
[20]. The method is inspired by two types of worm repro-
duction (Reproduction 1 and Reproduction 2). Reproduc-
tion 1 involves producing a single offspring on its own,
while Reproduction 2 involves producing one or more off-
spring simultaneously, successfully executed through nine
improved crossover operators. Additionally, WOA incorpo-
rates Cauchy mutation (CM). Based on the nine improved
crossover operators, nine different WOA variations, produc-
ing one, two, or three offspring, are proposed.

Objective Function f(x), x = (x1, x2, ..., xd)

Define parameters (population size N, maximum number of iterations Maxiter, lower and uppler limits Ib,
ub, and discrete values d1_values)

Initialize the population with random solutions

Evaluate the fitness of each individual and identify the best solution (BestSolution)

Set iteration count t =0
While (t < Maxiter).
- Update parameter a ((linearly decreasing from 2 to 0)
Fori=1to
- Generate random values r1, r2 and p
- Calculate coefficients A and C
A=2%a*rl-a
c=2"r2
- Update position.
If (p < 0.5)
- calculate distance: D = |C * BestSolution - X]
- new position: X_new = BestSolution-A * D
Else:
Randomly select an individual (X_rand)
- calculate distance: D =|C *X_rand - X]
- new position: X_new =X_rand-A *D
- Check boundaries and adjust d1_values to the nearest discrele value
- Evaluate the fitness of new individuals and update BestSolution

Increment iteration count t =t + 1

Return BestSolution

Fig. 2 Pseudocode of WOA for the problem

WOA is an optimization method inspired by the
behaviours of algae, which adapt naturally to environmental
conditions to access the resources they need for producing
nutrients. In this study, the design of compression springs
for minimum volume was optimized using WOA, and the
performance of WOA was evaluated for this problem. The
algorithm's performance was compared with optimization
methods applied to the problem in previous studies. Exper-
imental results demonstrated that WOA is capable of solv-
ing design optimization problems consistently and with a

low convergence rate. The pseudocode for the algorithm de-
fined for the problem is presented in Fig. 2.

4. Results and Discussion

In this section, the performance of the Worm Opti-
mization Algorithm (WOA) in solving the problem was
measured and evaluated comparatively. The best solution
values obtained by WOA were compared with the best so-
lutions from previous studies (Table 4). However, sufficient
statistical evaluations could not be found in earlier works.
For a more detailed and fair comparison, the problem was
also solved using WOA, and the results were compared.
WOA was chosen because it has been widely applied to op-
timization problems in recent years [21].

The necessary codes for applying WOA to the
problem were prepared and executed using MATLAB
2024b software. Measurements carried out on a 64-bit Win-
dows 10 Pro operation system using an Intel(R) Core(TM)
i7-10510U 1.80 GHz CPU with 16 GB RAM. The algo-
rithm's population size was set to 30, and the number of it-
erations was set to 500. Thus, the maximum number of fit-
ness evaluations was limited to 9000. The cutting force, ad-
aptation parameter, and energy loss parameter, which are
WOA-specific parameters, were applied as 2, 0.5, and 0.3,
respectively. Both algorithms were run 100 times, and the
results were obtained.

The best values obtained in Table 4 are presented
in comparison with the results of previous studies. Accord-
ing to these values, WOA can achieve the known best value
for the problem. Additionally, the maximum fitness evalua-
tion count of the algorithm was found to be 7625. It is
clearly seen that WOA converges to the solution earlier
compared to other algorithms.

Fig. 3 and Fig. 4 analyze the performance of the
WOA during the optimization process. Firstly, the Global
Best Fitness and Local Best Fitness graph demonstrate how
the algorithm optimizes the best solutions over iterations.
The Global Best Fitness graph reveals a decrease in the fit-
ness value of the best individual within the entire population
as the number of iterations increases. This indicates that the
algorithm successfully converges towards better solutions,
achieving the desired optimization of the objective function.

Table 4
Optimal outcomes achieved for the compression spring
Df?sign Sandgren GeneAS DE PSO GWO AAA WOA
variables 1990, [9] | 1997,[10] | 1999,[11] | 2004, [22] 2017, [8] 2018, [23]
x1(d), mm 0.2830 0.2830 0.2830 0.2830 0.2830 0.2830 0.2830
X2(D), mm 1.1807 1.2260 1.22304 1.22304 1.22304 1.22304 1.22304
x3(N), mm 10 9 9 9 9 9 9
g1(x), psi -54309 -713.510 -1008.8114 -1008.8114 -1008.6445 -1008.8114 -1008.8114
25(x), in. -8.8187 -8.933 -8.9456 -8.9456 -8.945628 -8.945635 -8.9456
23(x), in. -0.08298 -0.083 -0.083 -0.083 -0.083 -0.083 -0.083
24(x), in. -1.8193 -1.491 -1.777 -1.777 -1.7769574 -1.776958 -1.776941
gs(x) -1.1723 -1.337 -1.3217 -1.3217 -1.3217053 -1.32169 -1.32199
26(x), in. -5.4643 -5.461 -5.4643 -5.4643 -5.464283 -5.46428 -5.464279
24(x), in. 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
gs(x) 0.0000 -0.0090 0.0000 0.0000 -4.886¢-06 -1.1102e-15 -4.886¢-06
fx), in. 2.7995 2.665 2.65856 2.65856 2.658562 2.658559 2.658559
Number of Suitability N/A N/A 26000 15000 8979 7265 8971
Value Calculations
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Fig. 4 Performance graphs of WOA methods: a — exploration vs. exploitation percentages, b — diversity measurement chart

Similarly, the Local Best Fitness graph reflects the improve-
ment of local solutions. The consistent decline in both
graphs confirms that the algorithm effectively reduces the
spring weight at both global and local levels.

Secondly, the Exploration vs. Exploitation Per-
centages graph evaluates the balance between the algo-
rithm’s search and development processes within the solu-
tion space. At the beginning of the iterations, the exploration
rate is observed to be high, but as the iterations progress, the
exploitation rate increases. This behavior shows that the al-
gorithm initially explores a broader solution space to iden-
tify potential solutions and then focuses on refining the ex-
isting ones to achieve more optimized results. This balance
plays a crucial role in optimization processes, indicating that
the algorithm operates effectively by preserving diversity
and ensuring convergence.

Lastly, the Diversity Measurement Chart assesses
the diversity among individuals in the population. A de-
crease in diversity is observed as the number of iterations
increases. This reduction indicates that the algorithm mini-
mizes differences among solutions, converging toward an
optimal solution. However, maintaining a certain level of
diversity is crucial to prevent the algorithm from being
trapped in local minima. In this context, the graphs academ-
ically validate that the optimization process was success-
fully completed and that effective solutions were provided
for the spring weight reduction problem.

4. Conclusions

In this study, the WOA was applied for the first
time to the optimization of a compression spring design with
the objective of minimizing its volume. The results obtained
demonstrate that WOA successfully reached the known best
solutions for the problem. Furthermore, the algorithm ex-
hibited a high convergence rate and consistency across mul-
tiple iterations, validating its reliability and robustness in
solving such optimization problems.

The comparative analysis revealed that WOA per-
formed competitively with other established optimiza-tion
methods like GA, PSO and GWO. Despite showing a slight
disadvantage in runtime, WOA compensated for this with
its ability to achieve the optimal solution with fewer fitness
evaluations, highlighting its efficiency in exploration and
exploitation phases. These characteristics make WOA par-
ticularly suitable for complex engineering design problems,
where the balance between computational cost and solution
quality is critical.

Additionally, the integration of innovative features
such as improved crossover operators and Cauchy mutation
contributed to WOA's enhanced performance. These fea-
tures allowed the algorithm to maintain diversity in the
search space and effectively avoid local optima, ensuring a
higher likelihood of finding the global optimum. This ad-



vantage is especially significant for mechanical design prob-
lems that often involve nonlinear constraints and multiple
variables. From a broader perspective, this study showcases
the potential of bio-inspired algorithms like WOA in ad-
dressing real-world engineering challenges. While tradi-
tional methods face limitations in handling the complexity
and nonlinearity of such problems, WOA offers a flexible
and adaptive alternative that can cater to diverse optimiza-
tion needs. Its application in minimizing the volume of com-
pression springs is just one example of its versatility.

Future work could focus on further refining the al-
gorithm to address its relative weakness in runtime by in-
corporating parallel processing techniques or hybrid ap-
proaches that combine WOA with other optimization meth-
ods. Additionally, testing WOA on other complex engineer-
ing design problems, such as multi-objective optimization
or dynamic systems, would further validate its applicability
and broaden its scope. In conclusion, the WOA emerges as
a promising tool for optimization in mechanical and struc-
tural design, bridging the gap between computational effi-
ciency and solution quality. Its successful application in this
study paves the way for more extensive use in various do-
mains, such as aerospace, automotive, and energy systems,
where high precision and robust optimization solutions are
indispensable.
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APPLICATION OF WORM OPTIMIZATION
ALGORITHM TO DESIGN CHALLENGES: A FOCUS
ON PRESSURE SPRINGS

Summary

Meta-heuristic algorithms are approximate algo-
rithms that are used in situations where traditional optimiza-
tion techniques cannot achieve acceptable results. Specifi-
cally, they are widely used to achieve optimum design of
machine elements. Designing springs according to mini-
mum weight or volume is one of the most basic problems in
this field. In this study, a bio-inspired meta-heuristic Worm
Optimization Algorithm (WOA) inspired by the contribu-
tion of worms to nature was used to solve the problem. The
results obtained were compared with those obtained by
other algorithms and it was seen that similar data was ob-
tained recently. As a result, it was determined that this algo-
rithm can be used for optimum design of mechanical struc-
tures.

Keywords: worm optimization algorithm, pressure spring,
design optimization.
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