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ABSTRACT The objective of this paper is to enhance the swarm-based metaheuristic dandelion optimizer
(DO) algorithm by incorporating various strategies to address early convergence and mitigate the risk of
becoming trapped in local optima. This integration is intended to yield optimal and favorable outcomes for
real-world optimization problems. To achieve this objective, a novel hybrid algorithm called the random
walks dandelion optimizer (RW-DO) was introduced. This new algorithm addresses the limitations of
the dandelion optimizer DO when handling optimization problems by incorporating at random walks
strategy. By leveraging the random walks strategy, the RW-DO algorithm addresses the issue of premature
convergence. This strategy enhances the diversity of solutions, thereby preventing the DO algorithm from
becoming trapped in the local optima during the exploitation phase. To assess its performance, the RW-DO
algorithm was compared with alternative algorithms by using the CEC 2020 and CEC 2019 function sets.
Across all the test sets, the RW-DO algorithm consistently generateds more advantageous solutions. For the
CEC 2020 function set, the RW-DO algorithm demonstrated superior performance compared with the DO
algorithm from 3% to 11% in 5-dimensional problems. In 30-dimensional problems, the RW-DO algorithm
exhibited superior performance compared to the DO algorithm from 14% to 46%. For the CEC 2020 function
set in 50-dimensional problems, the RW-DO algorithm demonstrated superior performance compared to
the DO algorithm from 11% to 188%. In the CEC 2019 function set, this ratio ranges from 3% to 38%.
In engineering problems, the RW-DO algorithm also achieved superiority over the DO algorithm from 2%
to 3%. Statistical analyses were performed to validate the superiority of RW-DO. The Kolmogorov-Smirnov
normality test was used to select appropriate statistical tests for evaluating the performance of the algorithm
based on the CEC 2020 and CEC 2019 function sets. Because the data set is not normally distributed,
non-parametric tests such as the Wilcoxon signed-rank test and Kolmogorov-Smirnov for two sample tests
were employed. These tests confirm that RW-DO yields distinct and superior solutions compared with the
different data sets. Furthermore, the effectiveness of the RW-DO algorithm in solving real-world problems
was demonstrated through its application to six engineering design problems. The experimental results
highlight its competency in comparison to other algorithms. Overall, this research demonstrates the enhanced
capabilities of the RW-DO algorithm in optimizing complex problems and its competitiveness when pitted
against alternative methods.

INDEX TERMS Dandelion optimizer, engineering design problem, metaheuristic algorithm, random walk.
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I. INTRODUCTION
Mathematical optimization, or programming, seeks optimal
solutions under limited resources such as time and materi-
als [1], [2]. A typical problem comprises decision variables,
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constraints, and an objective function, formally defined as:

minf (x) , g (x) ≤ 0, h (x) , x ∈ A. (1)

In Eq. (1), A is the domain of function f and x is an n
dimensional vector in A, g and h are vectors of inequal-
ity and equality constraints, respectively. Methods such as
linear programming, convex optimization, and interior-point
algorithms address numerous problems [3], [4], where
NP-hard problems lack efficient deterministic solutions [5].
In such cases, metaheuristic algorithms provide approximate,
adaptable solutions without problem-specific modifications
[6], [7].
Metaheuristic algorithms represent a class of adaptable,

non-derivative, and iterative search methodologies that rely
on the stochastic exploration of the solution domain [4], [7],
[8]. The optimization procedure initiates with a set of prelim-
inary candidate solutions and cyclically alternates between
exploration (diversification) and exploitation (intensification)
stages. Although exploration expands the search across the
solution landscape, exploitation concentrates on promising
areas to refine solutions through memory-based approaches
aimed at cost reduction. The competitive nature of these
algorithms facilitates the evasion of local optima and efficient
identification of near-global solutions. Notably the effective-
ness of metaheuristics is contingent upon problem-specific
attributes and available computational resources [9], [10].
Notable examples of such algorithms includethe genetic
algorithm (GA) [11], particle swarm optimization (PSO)
[12], artificial bee colony (ABC) [13], ant colony optimiza-
tion (ACO) [14], firefly algorithm (FA) [15], sine-cosine
algorithm (SCA) [16], grey wolf optimizer (GWO) [17],
harris hawks optimization (HHO) [18], and hunger games
search (HGS) [19], [20]. These algorithmic approaches find
widespread application across diverse domains, including
medicine [21], [22], engineering [23], control systems [24],
and education [25], [26].

The dandelion optimizer (DO), discussed in this study
has previously been used in medicine, control systems and
engineering problems [27], [28], [29], [30], [31], [32], [33],
[34], [35], [36], [37]. According to the no-free lunch the-
orem, even if the DO algorithm performs well, developing
and hybridizing it with different algorithms is necessary to
solve diverse problems and achieve improved solutions [38].
Therefore, a review of the literature shows that DO has been
strengthened by hybridizing different algorithms or develop-
ing strategies to make it easier to deal with problems. One
of them is the DETDO hybrid algorithm. DETDO combines
three strategies: adaptive tent chaotic mapping, differential
evolution strategy, and adaptive t-distribution perturbation to
address the shortcomings of weak DO development. These
enhancements seek to overcome the shortcomings of the
initial algorithm, including its limited development poten-
tial, susceptibility to becoming trapped in local optima, and
a sluggish convergence rate. The mutation rate in differ-
ential evolution (DE) is set at 0.9, substantially expanding

the search space. While enhancing exploration capabilities,
this results in increased computation times for complex
optimization problems. The algorithm utilizes fixed param-
eter settings, such as the mutation rate. This inflexibility
limits DETDO’s efficiency of DETDOs across the prob-
lem domains. Although DETDO demonstrates efficacy in
tested engineering optimization problems, its performance in
broader, diverse real-world scenarios remains insufficiently
investigated [39]. These enhancements seek to overcome the
shortcomings of the initial algorithm, including its limited
development potential, susceptibility to becoming trapped in
local optima, and a sluggish convergence rate. The mutation
rate in differential evolution (DE) is set at 0.9, substantially
expanding the search space. While enhancing exploration
capabilities, this results in increased computation times for
complex optimization problems. The algorithm utilizes fixed
parameter settings, such as the mutation rate. This inflex-
ibility limits DETDO’s efficiency of DETDOs across the
problem domains. Although DETDO demonstrates efficacy
in tested engineering optimization problems, its performance
in broader, diverse real-world scenarios remains insuffi-
ciently investigated. Another work is the enhanced DO
algorithm called EDO, which incorporates a statistical regen-
eration mechanism (SRM) to enhance DO’s effectiveness
of DO. The SRM augments the DO’s exploratory capabil-
ities during the initial iterations and improves exploitation
in subsequent stages. The researchers evaluated EDO’ per-
formance using three benchmark steel frame examples: a
1-bay 10-storey, a 3-bay 15-storey, and a 3-bay 24-storey
steel frame. EDO outperformed the original DO and vari-
ous other metaheuristic optimization algorithms across all
examples. In each case, EDO consistently identified supe-
rior solutions (lower weight designs) compared to alternative
methods, demonstrating its efficacy in structural optimiza-
tion challenges. The statistical outcomes achieved by EDO
generally surpassed those of other optimization techniques,
indicating enhanced reliability. The research concludes that
EDO exhibits greaterthe reliability and effectiveness than the
original DO and other considered optimization methods for
steel frame design problems. To substantiate these claims,
the authors provided comprehensive comparisons of EDO’s
performance of EDO against other algorithms, including
analyses of stress ratios, evaluations of story drift, and conver-
gence histories for each benchmark problem [40]. EDO was
evaluated solely on three steel frame optimization problems,
raising questions about its generalizability to other structural
optimization problems or domains. The study lacks rigor-
ous mathematical analysis of how the statistical regeneration
mechanism (SRM) enhances performance, impeding a com-
prehensive understanding of its efficacy or limitations. It sets
the sigma_i parameter to ’3’ without a detailed analysis of the
algorithm’s sensitivity to this parameter, which is potentially
crucial for robustness across problem types. The research
does not address the computational overhead introduced by
SRM. While EDO is compared to other algorithms, the com-
parison is primarily based on the final optimization results,
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with limited discussion on convergence speed, consistency,
or sensitivity to initial conditions. The paper presents average
results and standard deviations but lacks formal statistical
tests to confirm whether improvements are statistically sig-
nificant. Given that the SRM utilizes statistical information
from the population, there is a potential risk of premature
convergence or overfitting to the specific problems tested.

Another paper presented a hybrid TDOA / AOA localiza-
tion method based on an improved multi-objective dandelion
optimization algorithm for mobile location estimation in
non-line-of-sight (NLOS) environments. The authors pro-
posed a hybrid localization method that combines the time
difference of arrival (TDOA) and angle of arrival (AOA)
techniques, utilizing an improved multi-objective dandelion
optimization algorithm. The adaptation of the DO algorithm
to the TDOA/AOA hybrid algorithm employed in a previ-
ous study demonstrated enhanced localization performance,
resulting in improved optimization performance by balanc-
ing the convergence speed and, exploration and exploitation
capabilities [41]. The paper lacks a comprehensive analysis
of the algorithm’s sensitivity to various parameters, thereby
limiting the understanding of its robustness under different
settings. While comparing the proposed method with several
algorithms, it does not exhaustively evaluate all possible
state-of-the-art localizationmethods, potentially providing an
incomplete assessment of their relative standing.

In another study, a chaos-based version of the DO
algorithm, termed the chaotically initialized dandelion opti-
mizer (CIDO), has been proposed. This approach was
employed to mitigate the tendency of the algorithm to
become trapped at local optima [42]. The paper exhibits a
deficiency in comprehensive theoretical analysis regarding
the mechanisms by which chaotic initialization enhances
performance, thereby limiting the understanding of the cir-
cumstances and reasons for CIDO’s superior performance
compared to classical DO. The presentation of numerical
results lacks statistical significance tests, rendering it chal-
lenging to ascertain whether the performance disparities are
statistically significant or attributable to chance. The investi-
gation solely employed mathematical benchmark functions;
the inclusion of real-world problem testing would provide
more compelling evidence of CIDO’s practical utility of
CIDO. The optimization of CIDO’s performance on specific
benchmark functions raises concerns about potential over-
fitting, which may consequently restrict its generalization
capabilities to other problem types.

As a final illustrative example, to address a classification
problem, hybridization was performed using an anti-based
system and an improved dandelion optimization algorithm
(IDO). The proposed methodology has the potential to
enhance the precision of segmenting complex structures and
discerning subtle features in breast cancer histopathological
images, thereby potentially improving the clinical decision-
making processes [43]. The IDO algorithm exhibits superior
efficacy in breast cancer image segmentation. However,

it does not have potential limitations, particularly the risk of
overfitting. The study failed to elucidate the criteria employed
for selecting comparison algorithms. Moreover, the research
neglects to examine the robustness of the IDO algorithm’
to parameter modifications or to provide a comprehensive
analysis of the required computational resources.

The local optima problem of the DO algorithm manifests
as a tendency to converge on suboptimal solutions, rather than
identifying global optima. This issue arises because of several
factors. Primarily, despite its effectiveness in various scenar-
ios, the DO algorithm is susceptible to becoming entrapped in
local extremum points during the optimization process. Addi-
tionally, the problem stems from the algorithm’s inadequate
global search capabilities, leading to premature conver-
gence of local optima and insufficient exploration of the
entire search space. Consequently, the local optima problem
imposes limitations on the capacity of the DO to ascertain
optimal solutions within complex optimization landscapes,
particularly when addressing high-dimensional or multi-
modal problems. In conclusion, while these studies present
various improvements to the DO algorithm, they all exhibit
common limitations such as restricted testing scopes, absence
of comprehensive theoretical analyses, and potential risks of
overfitting.

This paper endeavored to address these limitations to
further enhance the reliability and applicability of these opti-
mization techniques. It is evident that the DO algorithm is
susceptible to stagnation or premature convergence in the
local search domain. Although the aforementioned hybrid
algorithms attempted to address this problem, the RW-DO
algorithm sought to enhance the solution using diverse
benchmark function sets. In this context, the robustness and
optimization capability of the RW-DO algorithm have been
demonstrated through the utilization of the CEC 2019 and
CEC 2020 function sets, which present challenges in iden-
tifying global solutions. Furthermore, it has been observed
that the algorithm has achieved more optimal outcomes in
real-world applications of classical engineering problems.
In the current study, the random walks strategy was used to
avoid being stuck at local optimum points and to achieve
more appropriate global results [44]. The random-walks strat-
egy enhances the diversity of solutions in traversing the local
area by simulating stochastic movement and generating irreg-
ular steps in contrast to linear and uniform steps [45]. The new
algorithm is called the random walks dandelion optimizer
(RW-DO).

In this paper, advanced analyses were carried out using
the Kolmogorov-Smirnov normality test, parametric or non-
parametric tests, and the results were evaluated using,
and Kolmogorov-Smirnov and Wilcoxon two-sample non-
parametric tests. Signerank tests were also performed [46].
To demonstrate the superiority of the RW-DO algorithm,
comparisons were made with other swarm-based algorithms
using the test function sets from CEC 2020 [51] and CEC
2019 [52], [53]. The selected alternative algorithms are
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TABLE 1. CEC2020 functions.

renowned for their innovative and efficient performance.
These include DO [47], sea-horse optimizer (SHO) [48],
smell optimization algorithm (SAO) [49], and prairie dog
optimization (PDO) [50], all of which are recent and widely
utilized in the literature. In this study, local search weak-
nesses of the DO were noticed through test sets, and these
weaknesses were largely eliminated using the random walks
strategy. The originality of the random walks strategy used in
this study is that it was enriched by considering the average
positions of the seeds. The original value of the RW-DO
algorithm becomes apparent at the following points.

• In contrast to the hybrid studies incorporating DO and
those referenced in this article, which failed to achieve
the desired simplicity and comprehensibility when com-
bining more than two algorithms, the RW-DO algorithm
demonstrated a remarkably straightforward and intel-
ligible approach to problem-solving, yielding superior
results.

• Among all the hybrid studies with DO so far, only
the DETDO algorithm analyzed the RMSE values of
the CEC 2019 test set. However, the best and worst
values were not evaluated. Other hybrid algorithms
such as theEDO and, TDOA/AOA algorithms did not
include any of the CEC 2020 and CEC 2019 sets. The
chaotically ınitialised dandelion optimizer for global
optimization (CIDO) algorithm and RW-DO algorithm
were employed for the CEC 2019 and CEC 2020 func-
tion sets. Although the CIDO algorithm demonstrated
efficacy in the CEC2019 set, it exhibited inconsis-
tent performance in the CEC2020 set. The RW-DO
algorithm was tested with both sets of functions and was
successful.

• Its success in engineering design problems considered in
this study has enabled extensive testing of the RW-DO
algorithm.

This paper is structured as follows: Subsequent to the
summary, the introduction presents the background and
foundation of the study. The second section, under the main

heading of algorithms, provides the definition and math-
ematical modelling of the DO and the proposed RW-DO
algorithms. The third section, titled Experimental results,
presents the statistical analysis and performance outcomes.
The fourth section, under the main heading of application
to real-world problems, examines six classical engineering
problems. As alternatives to the RW-DO algorithm for the
optimization of engineering design problems, along with the
DO algorithm, harris hawks optimization (HHO) [18], artifi-
cial gorilla troop optimizer (GTO) [54], sine-cosine algorithm
(SCA) [16], grey wolf optimizer (GWO) [17], weightedmean
of vectors (INFO) [55], and whale optimization algorithm
(WOA) [56]. All the alternative algorithms used in the com-
parisons are current and effective. The final section presents
our conclusions.

II. ALGORITHMS
A. DANDELION OPTIMIZER ALGORITHM
DO is a new biologically inspired swarm intelligence
algorithm inspired by the process by which Dandelion seeds
travel long distances under the influence of the wind. It con-
sists of three phases: ascent, descent, and land in. During the
ascension phase, seeds are filtered through a local commu-
nity by the action of air circulation or rise spirally upwards.
During the descending and landing stages, the flying seeds
descend and land in respectively in global space by adjusting
their direction with a route drawn according to Lévy random
walks and Brownian motion rules [47]. The DO algorithm
uses an evolutionary strategy that provides the advantage
of a simple computation. It provides better convergence to
local minima owing to its self-adaptive feature and takes
steps for a better solution using a memory-based mechanism
to avoid premature convergence. The DO has the ability to
determine the best global solution by referencing the entire
population, which is different from other metaheuristic algo-
rithms. Finally, DO divides Dandelion seeds into two main
groups as core and auxiliary seeds, expanding the search
range and increasing the probability of reaching the optimal
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TABLE 2. Performance of algorithm with five dimensional CEC2020.

position. In addition, this separation strategy allows the
algorithm to reduce the risk of failure by creating a protection
mechanism for the dispersal of seeds that go through these
three stages causing an increase in the dandelion population.
Furthermore, these three stages also explain the Dandelion
optimizer modeling process, where each dandelion seed is
a candidate solution. The mathematical model of DO is
provided below [28], [30], [32].

Initialization: The DO algorithm is initialized with an
initial set of candidate solutions, modeled by an iteratively
updated population matrix. Each dandelion seed is a member
of the solution set. The DO population can be expressed as
following matrix.

population =

[
x11 . . . xdim1
x1N . . . xdimN

]
(2)
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TABLE 3. Performance of algorithm with thirty dimensional CEC2020.

In this matrix, N, dim represents the number of seeds in the
swarm, and the number of variables in the problem. In the
initial phase, candidate positions are (lb = [lb1, . . . , lbdim])
randomly selected between the lower (rand) and upper
bounds of the problem (ub = [ub1, . . . , ubdim]) and the

individual xi is modeled by the following equation.

xi = lb+ rand × (ub− lb) (3)

Eq. (3) is expressed as the best position in the initial stage
and xelite starts the process with the individual with the best
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TABLE 4. Performance of algorithm with fifty dimensional CEC2020.

fitness value. xelite is modeled by the following Eq. (4).

xelite = min (f (xi)) (4)

xelite = x (find (fbest == f (xi))) (5)

find represents two indices with the same value in Eq. (5).
In the rising phase, two situations were evaluated as clear

or rainy weather. The process is operated by assuming that
the wind speed lnY ∼ N

(
π, σ 2

)
on days when the weather

is clear is suitable for the normal distribution in expression.

At this stage, which represents the exploration phase of the
algorithm, the seeds are distributed according to the height
and speed Y of the wind along their axis. The turbulences that
form around the seeds are updated throughout the process to
force them to spiral upwards continuously according to the
equations below

xt+1 = xt + α × vx × vy × lnY × (xt − xs) (6)

xs = rand (1, dim) × (ub− lb) + lb (7)

VOLUME 13, 2025 56553



E. Eker: Development of Random Walks Strategy-Based DO and Its Application

FIGURE 1. Flowchart of RW-DO.

lnY =

{
1

y
√
2µ
exp

[
−

1
2σ 2 (lny)2

]
y ≥ 0

0 y < 0
(8)

In Eq. (6), xt , the position of the dandelion seed and, xs
indicates the randomly chosen position of the dandelion
seed. In Eq. (8), lnY represents the lognormal distribution(
µ = 0, σ 2

= 1
)
. It is an adaptive nonlinear control param-

eter that decreases by showing a random fluctuation behavior
in the parameter range [0, 1] expressed in the Eq.(9) α [47].

α = rand ×

(
1
T 2 t

2
−

2
T
t + 1

)
(9)

FIGURE 2. Convergence curve of CEC 2020 D = 5.

vx and vy are expressed as parameter coefficients that express
the lifting ability of the dandelion seed under the hurricane
effect. θ denotes [−µ, µ] a randomly chosen angle in the
range.

r =
1

expθ
vx = r × cosθ
vy = r × sinθ

 (10)

On rainy days, dandelion seeds struggle with the wind to rise
properly owing to limitations in their buoyancy. It also uses
the control parameter to regulate the search in k the local area.

xt+1 = xt × k
k = 1 − rand × q

q =

(
t−1
T−1

)2
+ 1

 (11)

The mathematical modeling of dandelion seeds in the rising
stage is given in the Eq. (12).

xt+1 =

{
xt + α × vx × vy × lny× (xs − xt) randn < 1.5
xt × k otherwise

(12)
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FIGURE 3. Convergence curve of CEC 2020 D = 30.

in Eq. (12) randn express generates a random number.
In the descending phase, the seed descent process starts

with the help of Brownian motion to improve the exploration
phase of the DO algorithm. Brownian motion adapts every
change in seeds to a normal distribution. The algorithm eval-
uates the average positions (xmean) using Brownian motion
after the rising stage of the seeds. β_t represents Brownian
motion and the mathematical modelling of the descent phase
is given by Eq. (13)

xmean =
1
N

∑N
i=1 xi

βt =
2t
T

xt+1 = xt − α × βt × (xmean − α × βt × xt)

 (13)

During the landing phase, Dandelion seeds land randomly in
indeterminate areas. However, as the iterations increase, the
algorithm converges to the global optimal solution, adopting a
path of information gathering by exploiting local elites so that
dandelion seeds can sustain their life cycle and germinate.
Search agents borrow the most relevant information from real

Algorithm 1 Pseudocode of Proposed RW-DO Algorithm
Input: Population size: N=30, maximum number of itera-
tions: Max_iter=500, variable dimension: Dim.
Output:
The optimal dandelion seed: Bestposition and its fitness
value: Bestfitness

1. Initialize dandelion seeds X
2. Calculate the fitness value f for each dandelion seed.
3. Select the optimum dandelion seed Xelite according to

fitness values.
4. while ( t<T ) do

Rise Stage:
5. if randn()<1.5 do
6. The adaptive parameters are generated using

Eq. (9).
7. Update the dandelion seeds using Eq. (6).
8. else if do
9. The adaptive parameters are generated using

Eq. (11).
10. Update the dandelion seeds using Eq. (11).
11. end if

Decline Stage:
12. Update the dandelion seeds using Eq. (13).
13. Update dandelion seeds according to random walks

strategy using Eq. (16)
Land Stage:
13. Update the dandelion seeds using Eq. (14).
14. Arrange dandelion seeds from good to bad

according to their fitness values.
15. Update Xelite
16. if f(Xelite) <f(Xbest ) then
17. Xbest = Xelite, fbest =f(Xelite)
18. end if
end while
Return Xbest and fbest

elites to exploit their local location in their neighborhood,
thereby converging to the optimal solution globally. In Eq.14
xelite, is the optimum position of the dandelion seed during the
ith iteration.B, [0, 2] is a random value in the range, s = 0.01,
and w and t values are [0, 1] random values in the range.

σ =

 0(1+B)×sin
(

πB
2

)
0
(
1+B
2

)
×B×sin

(
B+1
2

)


Levy (λ) = s×
w×σ

|t|
1
B

xt+1 = xelite + Levy (λ) × α × (xelite − xt × σ)


(14)

The algorithm introduces several parameters, such as α and k;
however, there is limited discussion regarding the sensitivity
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FIGURE 4. Converge curve of CEC 2020 D = 50.

of the performance to these parameters or the optimal method
for setting them across different problems. For instance, the
algorithm exhibits reduced optimization speed when solving
complex problems. It is susceptible to becoming trapped in
local optima, particularly when addressing complex opti-
mization problems. Owing to the limitations of its own
population, the dandelion algorithm demonstrates an inad-
equate global search capability. Furthermore, the dandelion
optimization algorithm does not possess sufficient conver-
gence accuracy for solving complex optimization problems.

B. RANDOM WALKS SEARCH STRATEGY AND RW-DO
ALGORITHM
A random variable is a function that generates a sample
space by mapping objects or events into numbers. This pro-
cess, which consists of taking a sequential series of random
steps, is called the random walks strategy [44]. The correla-
tion between any two consecutive random walking steps is
expressed in the following equation [2], [45], [57].

WNP =

∑NP

i=1
Si =

∑NP−1

i=1
Si + XNP = WNP−1 + SNP

(15)

FIGURE 5. Boxplot of CEC 2020 D = 5.

In the Eq. (15) WNP is the sum of each consecutive random
step, Si is the consecutive random steps taken from a random
distribution. NP and SNP indicates the number of steps and
the random variables respectively.

The random walks method proposed in the paper was
developed by considering the Eq. (15). It was enriched by
the addition of the random walks strategy tackled xmean =
1
N

∑N
i=1 xi in Eq. (13). In this strategy, each search agent in

the swarm attempts to overcome local obstacles in different
and random steps (W = 300). The random walks strategy
involves creating a deviation by disrupting the stable gait by
interfering with the next iteration so as not to get stuck in the
local optimum. Thus, the exit process from the local is facili-
tated without reaching the local optimum early. Subsaquently,
in the exploration phase, progress is achieved in which the
deviation decreases in the next iterations, with a less effective
deviation, and stable results are achieved. The mathematical
model of the random walks strategy applied in this paper is
expressed by the equation below.

xmean = xmean + (W ×

∑N

i=1
XN ) × (0.5 − rand (1))

(16)
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FIGURE 6. Boxplot of CEC 2020 (Dim = 30).

Given (0.5 − rand (1)) in Eq. (16) allows us to obtain differ-
ent results for each iteration. Because of this expression, the
number of random steps actively changes. The relationship
between this dynamism and the fact that the results are more
optimal can be explained by an increase in diversity within
certain limits. The pseudocode for the proposed RW-DO
algorithm is given in Algorithm and at flowchart is provided
in Figure 1.

III. EXPERIMENTAL RESULTS
In this section, performance comparisons of the RW-DO
algorithm with alternative algorithms and their statistical
positions are evaluated using statistical test methods, and the
solution to engineering design problems is presented in the
second part of the section. The MATLAB R2021a package
program was used for the experimental studies, 500 iterations
were performed in each study, and 30 search agents were

FIGURE 7. Boxplot of CEC 2020 (Dim = 50).

used. Thirty independent runs were performed to achieve
more objective results, 30 independent runs were performed.
The best results are shown in bold fonts. In addition to demon-
strating the superior performance of the proposed RW-DO
metaheuristic algorithm through the CEC2019 and CEC2020
function sets, it has been stated that it is a superior and
different algorithm when non-parametric tests applied too.

A. MEASURING PERFORMANCE RW-DO AND
ALTERNATIVE ALGORITHMS VIA CEC 2020
The CEC 2020 function set offers a distinguished benchmark
for measuring the quality of optimization algorithms, as func-
tions are shifted, rotated, expanded, and combined variables
of the most complex mathematical optimization problems as
shown in Table 1. They have features that make it difficult
for algorithms to determine the global optimum point [58].

VOLUME 13, 2025 56557



E. Eker: Development of Random Walks Strategy-Based DO and Its Application

TABLE 5. Wilcoxon and KS test for 2 samples for CEC 2020 (D = 5).

In this study, the CEC 2020 test set is organized in 5, 30 and
50 dimensions respectively.

When considering the five dimensional CEC 2020 func-
tion, as presented in Table 2, the results of DO-RW’s best
value and mean value for function CEC 2020-10 are optimal
among all functions, although they rank second after the
DO algorithm. Despite the low number of variables in five-
dimensional functions, and the proximity of performance
values among competing algorithms, the RW-DO algorithm

demonstrated stability and superior performance compared to
alternative algorithms across the entire test set.

In Table 3, for dimension = 30, DO-RW had the best
results, but ranked second in terms of mean values in
the functions CEC2020-04 and CEC2020-09. It has main-
tained its position as an advantageous algorithm owing to
its superior performance in all statistical results for all
other functions. As the RW-DO algorithm shows superi-
ority in five-dimensional problems, it has maintained its
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TABLE 6. Wilcoxon and KS test for 2 samples for CEC 2020 (D = 30).

advantageous position with its stability and superior perfor-
mance compared with alternative algorithms in almost every
function for thirty-dimensional problems.

In table 4, the CEC2020 50-dimensional problem set is
a highly multivariate complex test set, and solving such
non-linear problems at the best level demonstrates the supe-
riority of the algorithm in solving difficult problems. It has
been observed that the RW-DO algorithm has superior per-
formance when compared with alternative algorithms in all
functions except the CEC2020-04 function. The results for
all dimensions were evaluated collectively, and the RW-DO
algorithm was evaluated by selecting the problems in the
CEC2020 test set, which is a widely used and effective
algorithm quality measure, in small, medium, and large
dimensions, namely, 5, 30, and 50 dimensions, respectively.
The results show that, it is best for almost all sizes and
functions. When the results were analyzed, the best value
in almost all dimensions and functions outperformed all

alternative algorithms, and the RW-DO algorithm, which
overcame the obstacle of being stuck at the local optimum
point owing to the random walk strategy, had a 93.33%
performance advantage in capturing the best value. Similar
results were obtained for the mean and worst value. The
fact that the standard deviation values are not high indi-
cates the resolute structure of the algorithm. When Figure 2,
Figure 3, Figure 4 are examined, the algorithms tested with
the CEC2020 function set in all dimensions are compared
with alternative algorithms. In particular, for dim = 5, 1,
2,3,4, 5, 6, 8, and 10, for dim = 30, all the functions, and
for dim = 50, all the functions except 4 gradually converge
slowly and evenly. When the proposed RW-DO algorithm
and alternative algorithms are considered in the CEC2020
function set and selected dimensions, the results of the per-
formance tables and convergence curve graphs show that it is
not caused by coincidence but iteratively creates a balanced
and stable structure.
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TABLE 7. Wilcoxon and KS test for 2 samples for CEC 2020 (D = 50).

The results are presented in Figures 5, 6 and 7 using
boxplot analysis, a robust statistical approach that captures
the essential characteristics of the data distribution and cen-
tral tendency. This method calculates the interquartile range

(IQR) between the first (Q1) and third (Q3) quartiles, with
the median at its center, while also showing the minimum
and maximum limits of the dataset. It also highlights outliers
beyond certain thresholds. Boxplot analysis proves invaluable
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TABLE 8. CEC 2019 functions.

for evaluating the consistency of outputs from independently
applied algorithms. By comparing the outputs of the differ-
ent algorithms, the width and symmetry of the distribution
provide crucial insights into their performance and reliability.
Specifically, a narrow variance and symmetrical distribution
suggest that the algorithm produces consistent and trustwor-
thy results, whereas a wide variance with numerous outliers
indicates unstable performance or failure in certain cases.

The analyses conducted on the 5, 30, and 50-dimensional
function sets of CEC 2020 show that the RW-DO algorithm
exhibits the least number of outliers. This observation sug-
gests that the outputs of the RW-DO algorithm are more
uniform and stable.

Moreover, the closeness of the obtained results and the
more balanced distribution support the assertion that the
RW-DO algorithm effectively performs in these processes.

B. STATISTICAL ANALYSIS
The Smirnov (KS) test was used to select parametric or
non-parametric statistical tests, considering the mathematical
test functions and alternative metaheuristic algorithms on
the collected dataset. The KS test shows whether the data
obtained when the algorithms optimize each function are
normal, if the p value of the KS test is less than 0.05, the
data set is not normally distributed and non-parametric testing
should be considered. If the p- value is > 0.05, parametric
testing is performed [64], [65].

TheWilcoxon signed rank test, it is determinedwhether the
variables are taken from two different datasets by considering
the mean value of the variable ranks. A p value less than

0.05 means that the data were taken from two different sets.
In this test, a dataset with a lower rank mean represents better
statistical behavior [51], [66]. the Kolmogorov-Smirnov test
for two samples is sensitive to any distribution difference,
such as measures of central tendency, kurtosis, skewness,
and variability for two independent samples [67]. When the
normal distribution of the datasets generated by the CEC2020
functions of RW-DO and alternative algorithms are examined
through the Kolmogorov-Smirnov test, it is appropriate to
use Wilcoxon and two-sample Kolmogorov-Smirnov non-
parametric statistical tests because p = 6.9688E-28 for all
algorithms. TheWilcoxon signed-rank test and Kolmogorov-
Smirnov test results for the two samples are shown in
Table 5, Table 6, and Table 7. When evaluated together
with the W = 229, T = 5, and L = 6 results, the
Wilcoxon signed cross validation of Kolmogorov-Smirnov
tests for the rank test and two samples showed the supe-
riority of the RW-DO algorithm with low mean ranking
and that it is a unique algorithm that creates different
datasets.

C. MEASURING PERFORMANCE RW-DO AND
ALTERNATIVE ALGORITHMS VIA CEC 2019
Compared with other test sets, the CEC2019 test set is more
challenging owing to its variable dimensional structure and
multimodal testing features; however, it is more accurate
in measuring the optimization results. The properties are
listed in Table 8. The CEC 2019 function set is examined,
and it is observed that it is a set of functions consisting of
shifted, rotated, extended and combined versions of classical
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TABLE 9. Performance of RW-DO and alternative meta heuristic algorithms.

functions [68]. When the superiority of the algorithms was
examined using the CEC2019 function set given by Table 9,
the superiority of the RW-DO algorithm was observed in all
functions except the mean value results of the CEC2019-01
and CEC2019-02 functions. The main reason for this advan-
tage is the deviation created by the random walk strategy to
overcome the local area. Through this deviation, the stable
walk is broken and an exit is achieved. In the exploration
phase, this deviation decreases iteratively and more stable
results are obtained.

D. STATISTICAL ANALYSIS FOR CEC 2019 RESULTS
Table 10. is examined two determine whether the data
sets generated with the CEC2019 functions of RW-DO and
alternative algorithms are normally distributed or not, it is
appropriate to use Wilcoxon and Kolmogorov-Smirnov non-
parametric statistical tests for two samples as p< 0.5 is
reached for all algorithms.

Table 11. shows the comparison results of the algo-
rithms using the Wilcoxon signed-rank test and two sample
Kolmogorov-Smirnov tests. When taken together with the
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TABLE 10. Normality test results via KS test.

results of W = 78, T = 0, L = 2, Wilcoxon signed rank
test, and cross-validation of Kolmogorov–Smirnov tests for
two samples, the RW-DO algorithm has a low mean rank,
which shows its superiority and that it is a unique algorithm
that creates different datasets. When Figure 8 is examined,
testing the RW-DO algorithm through the CEC2019 func-
tion set, how it iteratively converges to the solution, and
its effectiveness can be evaluated by comparing it with the
alternative algorithms. The RW-DO algorithm exhibited the
best optimization performance for all functions. It can be
observed that the optimization process is completed in a
gradual manner for all functions. Through the convergence
curves, the strength of the random-walk strategy provides a
balance between the exploitation and exploration phases by
increasing the diversity of the solutions at the local optimum
point and converging to the global solution by providing a
certain amount of deviation from the current solution. The
fact that the RW-DO algorithm reaches the best global solu-
tion for all functions informs the reader whether the DO
algorithm of the random walk strategy is stuck at the local
optimum.

The boxplot analysis of the CEC 2019 Function Set,
as depicted in Fig. 9, revealed that despite the presence
of two outliers in the first function, the proposed RW-DO
algorithm demonstrated the most equilibrated relationship
between the median and upper limit values. Notably, the
algorithm’s resilience and consistent performance in the face
of outliers underscore its reliability as an optimization tool.
The RW-DO algorithm’s efficacy is further evidenced by
its low variance and centrally positioned median within
the distribution, indicating its capacity to yield stable and

dependable solutions. Moreover, the absence of substantial
deviations towards extreme interquartile ranges (IQR) or out-
liers suggests that the algorithm produces uniform outputs
across various iterations. These findings collectively support
the assertion that RW-DO exhibits robust performance in
complex optimization scenarios, maintaining its effective-
ness particularly when confronted with diverse functional
structures.

E. SENSITIVITY ANALYSIS
This document describes a sensitivity analysis conducted
to determine the optimal values for the parameter beta in
the RW-DO algorithm. CEC 2019 benchmark set 1, 2, 4,
and 9, and CEC 2020 benchmark set 1, 3, 5, and 8, including
eight different functions, were selected. Beta has the status
of receiving numbers within the range of Beta parameter
[0, 2]. Four different values (0.5, 1, 1.5, and 2.0) were
assigned to the beta. The sensitivity of the DO algorithm
to this change is also measured. As a result, we observed
that the CEC 2020, 8. Function and CEC 2019 1.2 and 4.
These functions yielded the most favorable results as seen
Table 12.

IV. ENGINEERING DESIGN PROBLEM
Real-world engineering design problems are widely used
in the industry. The optimization processes of these prob-
lems may contain various design constraints depending on
the type of non-linear material, geometric shape of the
structure, and body dynamics. The main purpose of the
optimization process is to achieve optimal results by mini-
mizing the technological and economic difficulties and costs.
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TABLE 11. Wilcoxon and KS test for two samples.
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TABLE 12. Wilcoxon and KS test for two samples.

Metaheuristic optimization algorithms have been preferred in
recent years owing to their simplicity and non-adherence to
local optimum points [69], [70]. The most commonly used
pressures in this study vessel, tension/compression string,
three bar truss, gear train, cantilever beam, and welded beam
design problems are included. The MATLAB R2021a pack-
age program was used for the application of the design
problems, 500 iterations were performed in each study, and
30 search agents were used. Thirty independent runs were
performed to achieve more objective results, 30 independent

runs were performed. The best results are shown in bold
font.

A. PRESSURE VESSEL DESIGN PROBLEM
The purpose of the pressure vessel design problem (PVD) is
to minimize the total cost of the raw materials, forming, and
welding of the pressure vessel.

As shown in Figure 10, this problem comprises
four decision parameters the pressure (R), thickness
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FIGURE 8. Convergence curve of CEC 2019.

of the head (Th), length of the cylindrical section
of the vessel (L), and thickness of the shell (Ts).
The mathematical model of the PVD is given by
Eq. 17 [52], [55].

minfx = 0.6224x1x3x4 + 1.7781x2x23 + 3.1661x21x4
+ 9.8400x21x3

x⃗ = [Ts,Th,R,L] = [x1, x2, x3, x4]

g1 (x⃗) = −x1 + 0.0193x3 ≤ 0,

g2 (x⃗) = −x3 + 0.000954x3 ≤ 0,

g3 (x⃗) = πx23x4 −
4
3
πx33 + 1296000 ≤ 0,

g4 (x⃗) = x4 − 240 ≤ 0.

0 ≤ x1 ≤ 99, 10 ≤ x2 ≤ 99,

10 ≤ x3 ≤ 200, 0 ≤ x4 ≤ 200. (17)

Table 13. shows that the proposed RW-DO algorithm in
the process of optimizing the PVD problem was compared
with alternative algorithms, and it achieved the best results
in all statistical results. This proves that the success of
the RW-DO algorithm in reaching the The purpose of the

FIGURE 9. Boxplot of CEC 2019.

FIGURE 10. PVD model.

tension/compression sequence design problem (SDP) is to
minimize the weight of parameters such as wire diameter
(x1), average coil diameter (x2), and active coil count (x3).
optimal result depends on its success in demonstrating the
exploitation-exploration balance.
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TABLE 13. PVD analysis results.

B. TENSION / COMPRESSION STRING DESIGN PROBLEM
mathematical model of the SDP shown in Figure 11 is given
by Equation 18 [52], [55].

minfx = (x3 + 2) x2x21
x⃗ = [W , d,N ] = [x1, x2, x3]

g1 (x⃗) = 1 −
x32x3

71785x41
,

g2 (x⃗) =
4x22 − x1x2

12566
(
x2x31 − x41

) +
1

5108x21
− 1 ≤ 0,

g3 (x⃗) = 1 −
140.45x1
x22x3

≤ 0,

g4 (x⃗) =
x1 + x2
1.5

− 1 ≤ 0

0.05 ≤ x1 ≤ 2,

0.25 ≤ x2 ≤ 1.30,

2 ≤ x3 ≤ 15. (18)

Table 14 shows at comparison of the proposed RW-DO
algorithm in the optimization process of the SDP design
problem with alternative algorithms. It was observed that
all the results favored RW-DO, except for the best value
in the statistical results. This proves that the success of the
RW-DO algorithm in reaching the optimal result depends
on its success in demonstrating the exploitation-exploration
balance.

C. THREE BAR TRUSS DESIGN PROBLEM
As shown Figure 12, The goal of Three Bar Truss design
problem (TBT) is to design a truss structure that mini-
mizes the maximum node displacement without violating
constraints such as skew, stress, and deflection.as shown

FIGURE 11. SDP model.

given by Eq 19. [71]

minf (x) =

(
2
√
2x1 + x2

)
.l

g1 =
2
√
2 x1 + x2

√
2 x21 + 2x1x2

P ≤ σ,

g2 =
x2

√
2 x21 + 2x1x2

P ≤ σ

g3 =
1

x1 +
√
2 x2

P ≤ σ

0 ≤ x1 ≤ 1, 0 ≤ x2 ≤ 1, l = 100cm,

σ = 2KN
/
cm2, and P = 2KN

/
cm2 (19)

Table 15 shows at comparison of the proposed RW-DO
algorithm in the optimization process of the TBT design prob-
lem has been compared with alternative algorithms, and it has
been determined that all RW-DO algorithms reach more opti-
mal results in statistical results. According to these results,
the RW-DO algorithm proved that its success in reaching the
optimal result compared to alternative algorithms depends on
its success in showing the exploitation-exploration balance.
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TABLE 14. SDP analysis results.

TABLE 15. TBT analysis results.

FIGURE 12. TBT model.

D. GEAR TRAIN DESIGN PROBLEM
The goal of the Gear Train design problem (GTD) is to
minimize the ratio of the output and input angular velocity
variation, as shown in Figure 13. of A, B, C, and D, namely

the teeth of the gears. The mathematical model of the GTD is
given by Eq.20 [55], [72].

minf (x) =

(
1

6.931
−
x1x2
x3x4

)2

x⃗ = [A,B,C,D] = [x1, x2, x3, x4] ,

12 ≤ xi ≤ 60,

(xi = x1, x2, x3, x4) (20)

Table 16 shows that the proposed RW-DO algorithm is com-
pared with alternative algorithms in the optimization process
of the GTD design problem, and it is observed that it reaches
the best value together with GTO and INFO algorithms, but
it cannot compete in other statistical results.

E. CANTILEVER BEAM DESIGN PROBLEM
The objective of the cantilever beam design problem (CBD)
is to minimize the volume of the beam given by the deci-
sion variables for the width or height of the five hollow
square blocks with a constant thickness. The mathematical
model of the CBD shown in Figure 14 is expressed by
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TABLE 16. GTD analysis results.

FIGURE 13. GTD model.

Eq. (21) [72].

minf (x) = 0.0624 (x1 + x2 + x3 + x4 + x5)

x⃗ = [1, 2, 3, 4, 5] = [x1, x2, x3, x4, x5]

g1 (x1, x2, x3, x4, x5) =
61

x21
+

37

x22
+

19

x23
+

7

x24
+

1

x25
−1 ≤ 0, 0.01 ≤ xi ≤ 100, i = 1, 2, 3, 4, 5

(21)

Table 17 shows at comparison of the proposed RW-DO
algorithm in the optimization process of the CBD design

FIGURE 14. CBD model.

problem has been compared with alternative algorithms, and
it was determined that the entire RW-DO algorithm achieves
more optimal results in the statistical results. According
to these results, the RW-DO algorithm proved that its
success in reaching the optimal result compared to alter-
native algorithms depends on its success in showing the
exploitation-exploration balance.

F. WELDED BEAM DESIGN PROBLEM
The goal of the Welded Beam Design problem (WBD) is
to minimize the thickness and length of the welds in the
connections. The WBD contains four constraints: shear (τ ),
beam blending stress(θ ), bar-buckling load beam(Pc), and
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TABLE 17. CBD analysis results.

FIGURE 15. WBD model.

deflection(δ) of the beam end. The shown in Figure 15mathe-
matical model of the WBD is given by Eq.22 [52], [55], [72].

minf (x) = 1.10471x21x2 + 0.04811x3x4 (14 + x2)

0.1 ≤ x1 ≤ 2.00, 0.1 ≤ x2, x3 ≤ 10,

0.1 ≤ x4 ≤ 2.00

x⃗ = [h, l, t, b] = [x1, x2, x3, x4]

g1 (x⃗) = τ (x) − τmax ≤ 0,

g2 (x⃗) = σ (x) − σmax ≤ 0,

g3 (x⃗) = δ (x) − δmax ≤ 0,

g4 (x⃗) = x1 − xmax ≤ 0,

g5 (x⃗) = P− Pc (x⃗) ≤ 0,

g6 (x⃗) = 0.125 − x1 ≤ 0

g7 (x⃗) = 1.10471x21 + 0.04811x3x4 (14 + x2) − 5 ≤ 0,

τ (x⃗) =

√
(τ ′)2 + 2τ ′τ

′′ x2
2R

+
(
τ

′′
)2

τ ′
=

P
√
2 x1x2

, τ
′′

=
MR
J
M = P

(
L +

x2
2

)
R =

√
x32
4

+

(
x1+x3

2

)2

J = 2

{
√
2 x1x2

[(
x22
4

)
+

(
x1+x3

2

)2
]}

σ (x⃗) =

(
6PL

x23x4

)

δ (x⃗) =

(
6PL3

Ex23x4

)

Pc (x⃗) =
4.013E

√
x23x

6
4

36

L2

(
1 −

x3
2L

√
E
4G

)
,
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TABLE 18. WBD analysis results.

L = 14in, P = 6000lb, δmax = 0.25in,

E = 3.00E + 06psi, G = 1.20E + 07psi

τmax = 1.36E + 04psi

σmax = 3.00E + 04psi (22)

Table 18 compares the proposed RW-DO algorithm with
alternative algorithms in the optimization process of the
WBD design problem, and the statistical results show that
all RW-DO algorithms achieve more optimal results. Accord-
ing to these results, the RW algorithm has proven its
success in reaching the optimal result compared to alter-
native algorithms, depending on its success in showing the
exploration-exploitation balance. Figure 12 shows whether
the RW-DO algorithm maintains the exploration-exploitation
balance by overcoming the problem of being stuck at the
local optimum point in the DO algorithm in the optimization
of design problems. It can be seen that the global solutions
obtained from 30 independent runs for all problems are more
optimal than the DO algorithm solutions. In addition, it can
be stated that more stable solutions are produced because
the closeness between the results is greater. The RW-DO
algorithm improves the DO algorithm in problem solving and
leads to more effective use in the industry.

In general, when all the tables from Tables 10 to 15 and
Figure 16 are examined, it can be observed that the RW-DO
algorithm is the most successful because of the optimization
process in all engineering problems. The fact that the results

FIGURE 16. Convergence curve of engineering design problem.

of the DO algorithm are more stable and move to the closest
vicinity to the best result indicates that the RW-DO algorithm
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TABLE 19. Wilcoxon and KS test for 2 samples.

surpasses the local algorithm with good performance and
approaches the best global point. Based on these results, it can
be predicted that the RW-DO algorithm will improve the DO
algorithm in addressing industrial design problem-solving
tasks and provide a more efficient use in various
industries.

G. STATISTICAL ANALYSIS
In this paper, the innovative nature and superior performance
of the RW-DO algorithmwere rigorously evaluated in the pre-
vious section through Wilcoxon and Kolmogorov-Smirnov
two-sample tests on the CEC 2019 and CEC 2020 function
sets. Furthermore, the unique characteristics and superior

56572 VOLUME 13, 2025



E. Eker: Development of Random Walks Strategy-Based DO and Its Application

performance of the RW-DO algorithm in optimizing engi-
neering design problems are listed Table 19. When compared
with alternative algorithms, the proposed RW-DO algorithm
achieved 56 wins, one till, and three losses in a total of
60 evaluations. These findings highlight the distinctive fea-
tures of the algorithm and demonstrate its efficacy in practical
applications.

V. CONCLUSION AND DISCUSSION
This paper proposes a new algorithm, the random walk dan-
delion optimizer (RW-DO) algorithm, by hybridizing the DO
algorithm with a local search strategy using a random walk
style called the random walk. The main advantage of the pro-
posed RW-DO algorithm is that it overcomes the weaknesses
of the DO algorithm, which cannot achieve better global
results because it is stuck in the local optimum. In this man-
ner, a good balance between the exploration and exploitation
phases can be achieved, and solutions closer to the global
optimum can be produced.

The performance of the proposed RW-DO algorithm is
tested using the CEC2020 and CEC2019 algorithms. In com-
parison with alternative algorithms selected from current and
effective algorithms, it is shown with the help of perfor-
mance tables and convergence curve graphs that the RW-DO
algorithm achieves optimal results in global solutions and
shows stable convergence.

When the statistical table results and convergence curve
plots of the CEC2020 and CEC2019 functions are evaluated,
it is seen that the proposed RW-DO algorithm, thanks to its
slow convergence feature and the fact that it prevents the ran-
dom walks strategy from getting stuck at the local optimum
point with the maneuver of diversifying and deviating the
solution, the global best solution found converges around the
global minimum point.

Considering this evidence, the proposed RW-DO algorithm
proved to be the best optimizer compared to the current,
efficient, and competitive alternative algorithms presented in
this paper.

To examine whether the RW-DO algorithm is a different
and superior algorithm for both CEC2020 and CEC2019,
normality analysis with the Kolmogorov-Smirnov test was
first performed. It was determined that the RW-DO algorithm
was not normally distributed. Therefore, that non-parametric
tests should be applied. RW-DO was cross-tested using
Kolmogorov-Smirnov and Wilcoxon signed-rank tests for
two samples, and it was found that RW-DO is a unique
algorithm with a separate dataset. At the same time,
it is found to be more advantageous than alternative
algorithms that produce stable results owing to its good
exploration-exploitation balance.

Six engineering design problems were solved to observe
the success of applying RW-DO to real-world problems. The
results returned by RW-DO were compared with those of
alternative metaheuristic algorithms, and it was observed that
it achieved the most optimal results. The results of 30 inde-
pendent runs of the RW-DO and DO algorithms for solving

engineering design problems were monitored using conver-
gence curve plots, and it was observed that the algorithm
achieved the best global results and provided stable results.
Based on these results, it is concluded that the RW-DO
algorithm overcomes the weaknesses of the DO algorithm
and has a more effective structure.

This paper examined the algorithm’s parameter sensitiv-
ity, facilitating a more comprehensive understanding of the
optimal settings in diverse problem domains. The algorithm
may experience a reduction in speed of optimization when
adapting to complex problems; however, this can be attributed
to the provision of in-depth solutions for more challeng-
ing tasks. This characteristic is advantageous in scenarios
requiring a meticulous solution process. With enhancements
to the original dandelion optimizer, the RW-DO algorithm
demonstrates superior performance, particularly in complex
optimization problems. The risk of entrapment in local
optima can be addressed to increase the potential of the
algorithm to attain the global optimum, further enhancing its
efficiency. Population limitations can be mitigated through
the implementation of novel strategies for exploring large
solution spaces, enabling the effective utilization of larger
and more diverse optimization problems. The capabilities of
the algorithm can be augmented to ensure sufficient con-
vergence accuracy, facilitating greater success in complex
real-world optimization tasks. These potential improvements
will enhance the performance of the algorithm, enabling
it to effectively solve larger and more diverse optimiza-
tion problems, thereby increasing its efficiency in future
applications.

In future research, based on the solution success of the RW-
DO algorithm, the random walk strategy can be hybridized
with other algorithms to obtain more useful and powerful
new structures. Similarly, for the DO algorithm, new hybrid
structures can be obtained by using other strategies. It is clear
from the changes in the solution graphs that the DO algorithm
has a flexible structure that is compatible with new structures.
This study can also be evaluated in different studies for the
random walk local search strategy and the DO algorithm and
can serve as a source of inspiration for real-world problems.
Flexible structure that is compatible with new structures. This
study can also be evaluated in different studies for the random
walk local search strategy and theDO algorithm and can serve
as a source of inspiration for real-world problems. the DO
algorithm and can serve as a source of inspiration for real-
world problems.
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