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Abstract:  
This study introduces the Barrel Theory-based Optimizer (BTO), a novel 
metaheuristic algorithm inspired by the wooden barrel theory, where the 
weakest component constrains overall performance. In BTO, each solution 
is viewed as a barrel and each variable as a plank. Low-fitness solutions, 
which can be seen as the limiting planks, are updated frequently via a 
population-level adjustment strategy called Barrel Adjustment. As a result, 
the overall search capability improves. Besides, BTO uses an adaptive elite 
selection mechanism that gradually adjusts the number of elite solutions. 
It enables a smooth transition from exploration to exploitation. The elite 
set further guides directional updates with a gradually decreasing 
disturbance factor. The performance of BTO was tested on three groups of 
problems, including CEC2022 benchmark functions, classical benchmarks, 
and eight well-known engineering design problems from mechanical and 
structural engineering. Experimental results show that it achieves higher 
solution quality, faster convergence, and more stable performance than 
well-known algorithms, including Particle Swarm Optimization (PSO) and 
Grey Wolf Optimizer (GWO). These findings establish BTO as a reliable and 
effective algorithm for complex and real-world engineering optimization 
tasks. 
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1. INTRODUCTION  
 

In the engineering design industry, there are 
many difficult problems to solve, as their objective 
functions are multimodal. They contain many local 
optima, which can trap optimization algorithms in 
local solutions and prevent them from achieving the 
global optimum. Such problems are usually 
considered black-box functions, and they need 
significant computational effort. This is because each 
evaluation might require complicated simulations or 
many models. This demand of heavy computational 
models restricts the number of solutions used for 
exploration. Traditional optimization methods, such 
as gradient-based algorithms, do not perform well in 
these cases. They need smooth and continuous 
functions to compute gradients and excessively 

depend on the starting point. As a result, they may 
converge too early and explore the search space 
poorly [1-5]. 

These challenges are common in engineering 
design problems such as pressure vessels, speed 
reducers, and truss structure optimization, where 
the search space is nonlinear and highly constrained. 
To handle such problems effectively, researchers 
often employ metaheuristic algorithms because of 
their flexibility and robustness under complex 
engineering conditions. 

For these reasons, many researchers have turned 
to metaheuristic algorithms, which are more flexible 
and better suited for solving complex and expensive 
optimization problems. Metaheuristic algorithms 
perform well in difficult, nonlinear, or black-box 
problems because they usually don't require 
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gradient information. They employ smart strategies 
to progressively refine their candidate solutions as 
they search the space. Instead of using exact 
mathematical models, they follow basic rules 
inspired by nature, social behavior, or physical 
processes to obtain good solutions [6]. 

Metaheuristic algorithms are divided into several 
main types depending on their inspiration and search 
strategy.  

Evolutionary algorithms are inspired by natural 
evolution. They improve solutions with time using 
ideas such as selection, crossover, and mutation. 
Well-known examples include Evolution Strategy (ES, 
1964) [7], Genetic Algorithm (GA, 1975) [8], and 
Differential Evolution (DE, 1997) [9]. More recent 
algorithms in this group include Atom Search 
Optimization (ASO, 2019) [10] and Artemisinin 
Optimizer (AO, 2024) [11], Differentiated Creative 
Search (DCS, 2024) [12].   

Swarm-based approaches imitate the behavior of 
animal groups like bird flocks or insect colonies when 
searching for food or moving together. Early 
representatives of this group are Particle Swarm 
Optimization (PSO, 1995) [13] and Ant Colony 
Optimization (ACO, 1996) [14], which laid the 
foundation for swarm intelligence. More recent 
methods are Grey Wolf Optimizer (GWO, 2014) [15], 
Sine Cosine Algorithm (SCA, 2016) [16], Whale 
Optimization Algorithm (WOA, 2016) [17], Slime 
Mould Algorithm (SMA, 2020) [18], Golden Jackal 
Optimization (GJO, 2022) [5], and Secretary Bird 
Optimization Algorithm (SBOA, 2024) [19]. 

Physics-based algorithms are models of physical 
processes, such as thermal annealing or gravitational 
attraction, to guide the search. Famous examples 
include Simulated Annealing (SA, 1983) [20]. More 
recent contributions, such as Physics-based 
Optimization (RIME, 2023) [21], show that the 
research direction of physics-inspired heuristics is 
still actively evolving. 

Social or behavior-based algorithms are inspired 
by human or animal learning, including Social 
Network Search (SNS, 2021) [4], Human Memory 
Optimization Algorithm (HMOA, 2024) [22], and 
Escape Algorithm (ESC, 2024) [23]. 

To the best of the authors’ knowledge, many 
established metaheuristic algorithms (e.g., AO, SCA, 
AOA, PSO, and in some cases GJO) have performance 
instability with relatively large standard deviations 
(STD). In some engineering problems, such as the 
Gear Train design, these methods fail entirely. They 
create solutions that deviate significantly from the 
feasible optimum. It shows the lack of robustness 
through different design tasks. 

Additionally, algorithms like PSO, AO, and AOA 
are susceptible to premature convergence. They are 
often trapped in local optima without effective 
recovery, as shown in their poor mean results. 
Several algorithms also have limited generalization 
ability. For example, the GWO has a great 
performance in the Pressure Vessel and Gear Train 
designs, but it does not work well in the Piston Lever 
and Car Side Impact problems. Therefore, these 
algorithms are less applicable in real-world 
engineering, where problems can vary a lot. 

Finally, existing methods often have an imbalance 
between exploration and exploitation. Because 
engineering design problems are generally nonlinear, 
constrained, and multimodal, excessive exploration 
leads to unstable behavior. Meanwhile, excessive 
exploitation causes premature convergence. The 
experimental results reinforce this imbalance, where 
high variability (STD) reflects over-exploration, and 
suboptimal mean performance indicates stagnation 
due to insufficient exploration. 

To solve these limitations, BTO has a new search 
mechanism, which is inspired by barrel theory. This 
method makes a dynamic balance between 
exploration and exploitation. The design is expected 
to have consistently better performance, and BTO 
can achieve top rankings in most test problems with 
very low STD values and stable convergence 
characteristics. Besides, BTO is anticipated to not 
only provide improved best solutions but also ensure 
robust mean performance.  Thus, it can address the 
performance gap in many existing algorithms. 

The remainder of this paper is organized as 
follows. Section 2 describes the proposed BTO 
algorithm and its main components. Section 3 
presents the experimental setup and results on 
benchmark and engineering problems. Finally, 
Section 4 is the conclusion. 

 
2. PROPOSED METHOD 

 
This part presents the Barrel Theory-based 

Optimizer (BTO) algorithm. Section 2.1 is the core 
concept of BTO, Section 2.2 outlines its components, 
Section 2.3 is the complete algorithm in 
pseudocode, and Section 2.4 is its time complexity. 

 
2.1 Overview of BTO  

 

The Barrel Theory-based Optimizer (BTO) is 
inspired by the barrel principle. In this analogy, the 
barrel is the population, and each plank is a 
candidate solution. Picture a wooden barrel with 
many vertical planks. The water level of the barrel is 
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limited by its shortest plank. In a similar way, the 
weakest solutions in the population restrict the 
search progress. To solve this, BTO updates low-
quality solutions more frequently to improve them. 
Meanwhile, stronger solutions are changed less to 
preserve their quality (Fig. 1). 

 
Fig. 1. Illustration of the barrel principle in BTO, where 
the shortest plank represents the weakest solution 
limiting the population. 

 
This principle has been applied in many fields. In 

agriculture, Liebig’s Law of the Minimum states that 
plant growth depends on the nutrient in the 
shortest supply  [24]. According to the Theory of 
Constraints, a system's performance in business is 
determined by its weakest component [25]. In 
systems thinking, small changes at the right 
leverage points can make significant improvements 
[26]. Similar ideas are in Lean  [27] and Six Sigma  
[28], each of which focuses on identifying and 
eliminating bottlenecks. 

In BTO, each solution is treated as a barrel, and 
each variable is a plank. The algorithm identifies the 
variables that limit a solution and updates them 
more frequently. In other words, low‑fitness 
solutions are updated more, while high‑fitness 
solutions are changed less. Furthermore, BTO 
employs two approaches: one learns from the best 
solutions, and the other explores new directions. 
Together, they help the algorithm find better 
solutions efficiently and avoid premature 
stagnation (Fig. 2). 

 
 

 
Fig. 2. Flowchart of the BTO algorithm 

 
2.2 BTO Components 

 
The proposed BTO algorithm follows the 

standard iterative structure of population-based 
metaheuristics. It includes steps such as population 
initialization, fitness evaluation, convergence 
control, elite selection, solution-wise update 
probability, boundary handling, and selection. The 
main steps are described as follows: 

Step 1: Population Initialization 
Each candidate solution 𝑋𝑖 ∈ 𝑅

𝐷  is initialized 
randomly within a lower bound 𝐿𝐵𝑗 and an upper 

bound 𝑈𝐵𝑗. 

𝑋𝑖,𝑗 ∼ 𝒰(𝐿𝐵𝑗 , 𝑈𝐵𝑗), ∀𝑖 = 1,2, … , 𝑁𝑃, 

𝑗 = 1,2, … , 𝐷   
(1) 

where 𝑁𝑃  is the population size and 𝐷  is the 

problem dimensionality. 𝒰(𝐿𝐵𝑗, 𝑈𝐵𝑗) denotes the 

uniform distribution over the interval [𝐿𝐵𝑗, 𝑈𝐵𝑗] , 

meaning that values within this range are equally 
likely to be selected. 

Step 2: Fitness Evaluation 
The fitness of each individual is evaluated using 

the objective function: 
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𝑓(𝑋𝑖),  ∀𝑖 = 1,… , 𝑁𝑃  (2) 

For a minimization problem, the individual with 
the lowest fitness is considered the best solution. 

Step 3: Convergence Factor 
The main principle is a balance between 

exploration and exploitation. In metaheuristic 
algorithms, there is an important trade-off between 
exploration and exploitation. 

Exploration helps the algorithm check different 
and promising regions of the search space. This 
decreases the chance of convergence too early. At 
the same time, exploitation works on improving the 
current best solutions to have optimal or near-
optimal results faster.   

This balance changes with time: 
At the start of iterations, more exploration is 

done to search widely and avoid getting stuck in 
local optima. 

In later iterations, exploitation becomes 
dominant to fine-tune and polish the solutions 
discovered. 

The selection is either exploration (global 
search) or exploitation (local refinement) through a 
convergence factor 𝐸, which is computed as:  

𝐸 = (√
𝑡

𝑇
)

𝑝

 (3) 

where 𝑡 is the current iteration number and 𝑇 is the 
total number of iterations. As the algorithm 
progresses (i.e., 𝑡  increases), the convergence 
factor 𝐸  also increases (Fig. 3). For 𝑝 is 1, the 
marked point at 𝐸 = 0.5 , corresponding to a 
quarter of the total iterations, and reflects the 
algorithm’s gradual transition from exploration to 
exploitation. The mean of U(0,1) < 𝐸  is 
approximately 0.667 or 2/3. This implies that BTO 
conducts exploitation searches with a probability of 
two-thirds, while allocating the remaining one-third 
probability to exploration searches. Similar ratios 
are observed in natural and learning systems. In 
foraging theory, animals often spend about 60–70% 
of their effort exploiting known food patches before 
exploring new ones [29]. In reinforcement learning, 
ε-greedy strategies also dedicate most of the time 
(≈70%) to exploitation while reserving a smaller 
share (≈30%) for exploration [30]. 

 
Fig. 3. Evolution of the convergence factor 𝑬 

 
Step 4: Elite Set Selection 
In each iteration, a group of the best individuals, 

called the elite set 𝜀, is selected from the population 
to help guide the update of other individuals. The 
number of elite members 𝐾  depends on the 
convergence factor 𝐸: 

𝐾 = max(1, ⌊𝛽 ⋅ (1 − 𝐸)⌋), 
(4) 

where 𝛽  is the maximum number of elite 
individuals ( 𝛽 = 10 in this study). As the 
optimization progresses (i.e., as 𝐸  increases), the 
number of elite individuals 𝐾 gradually decreases, 
allowing the algorithm to shift its focus from global 

exploration to local exploitation (Fig. 4). The elite 
set 𝜀 , consisting of the top 𝐾  individuals with the 
best fitness values in the current population, is 
determined as follows: 

𝜀 = Top‑𝐾({𝑋𝑖}𝑖=1
𝑁𝑃 ), 

(5) 

 
Fig. 4. Adaptive number of elite individuals 𝑲 

 
At the beginning stage of the search, many elite 

individuals are selected to expand the search space 
and increase global exploration. As the optimization 
progresses, the number of elites decreases slowly. 
This helps the algorithm concentrate on the most 
promising regions. In the final stage, only the best 
solution leads the population to precise 
convergence. This adaptive selection strategy helps 
BTO maintain a good balance between exploration 
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and exploitation. At the same time, it can also 
reduce the risk of premature convergence. 

Step 5: Dimension-wise Update Probability of 
Individual (Barrel Adjustment) 

For determining the frequency of dimension 
updates in each solution, the BTO algorithm first 
assigns a probability value 𝑃𝑖  to each individual. 
This is based on the barrel theory. Individuals having 
the lower fitness (leakier barrels) are assigned 
higher update probabilities, so their dimensions are 
more likely to be updated. In contrast, stronger 
individuals are updated less often to maintain 
stability. The update probability is computed as: 

𝑃𝑖 = λmin + (λmax − λmin) ⋅ 𝑓𝑖
norm 

(6) 

In this context, λmin and λmax represent the 
lower and upper bounds of the dynamic update 
probability range, which governs how frequently 
solution variables are modified during the search 
process. 

In this formula, the term 𝑓𝑖
𝑛𝑜𝑟𝑚  is the 

normalized fitness of the i-th individual. It shows 
how good that individual is relative to the current 
population on a scale of [0, 1]. This normalization 
formula is as: 

𝑓𝑖
norm =

𝑓𝑖 − 𝑓𝑚𝑖𝑛
𝑓𝑚𝑎𝑥 − 𝑓𝑚𝑖𝑛

, (7) 

where 𝑓𝑖  is the raw fitness of the i-th individual. 
𝑓𝑚𝑖𝑛  and 𝑓𝑚𝑎𝑥  are the minimum and maximum 
fitness values in the current population, 
respectively. This normalization makes sure that 
individuals with worse fitness (closer to 𝑓𝑚𝑎𝑥) have 
𝑓𝑖
norm going to 1, and the best-performing 

individuals (closer to 𝑓𝑚𝑖𝑛) have 𝑓𝑖
norm going to 0, 

which fits the barrel adjustment logic. 
The probability 𝑃𝑖 is then scaled within a 

dynamic probability range controlled by two 
thresholds: 𝜆𝑚𝑖𝑛  and 𝜆𝑚𝑎𝑥. These thresholds 
change dynamically based on the current iteration 
𝑡, total iterations 𝑇, problem dimension 𝐷, and a 
scaling parameter 𝜂. Specifically, the minimum and 
maximum update probabilities are defined as:  

𝜆𝑚𝑖𝑛  =  𝜂 ⋅ (1 − √𝑡/𝑇), 

𝜆𝑚𝑎𝑥 = 1 − (1 − 𝜂 ⋅ (1 − 𝐷/𝛿)) ⋅ √𝑡/𝑇, 
(8) 

where the scaling factor 𝜂 is experimentally set to 
0.3, and the dimensionality normalization constant 
𝛿 is set to 100. As the algorithm advances, both of 
these thresholds decrease. 

At the beginning of the search, the update 
probability is relatively high, allowing weaker 
individuals to modify more dimensions and explore 
new areas of the search space. In contrast, stronger 

individuals are updated less frequently to preserve 
good information and maintain population stability. 
As the optimization progresses, both the lower and 
upper probability limits gradually decrease, 
reducing the update frequency and promoting 
convergence. This adaptive strategy makes sure 
that at least one variable of each individual is always 
updated to prevent stagnation. The key idea is 
giving more updates to weaker solutions and fewer 
to stronger ones. With this principle, the algorithm 
improves poor individuals faster while preserving 
the quality of the best candidates. In short, the 
Barrel Adjustment mechanism helps BTO maintain 
diversity during the early stage and get smoother 
convergence in later iterations. 

Step 6: Harmonic Disturbance 
In this step, each individual has a harmonic 

disturbance vector F, which controls the update 
step size in all dimensions. This vector features 
controlled randomness based on a sine-wave 
pattern which changes over time. The disturbance 
vector 𝐹 is formulated as:   

𝐹 = 2(𝑟1 − 0.5) ∘ sin (2π𝑟2 ⋅
𝑡

𝑇/10
) ⋅ (1 −

𝑡

𝑇
) (9) 

where 𝑟1 and𝑟2 are two independently generated 
𝐷 −dimensional vectors of random numbers. Each 
component is picked from the interval (0,1). The 
formula is then applied element-wise to have the 
disturbance vector 𝐹. 𝑡 is the current iteration and 
𝑇 is the total number of iterations.  

Fig. 5 shows how the disturbance vector 𝐹 
evolves over time with decreasing amplitude. In the 
implementation, this disturbance vector 𝐹 is 
computed once per individual and is then used to 
update the solution vector. 

 

 
Fig. 5. Evolution of the harmonic disturbance factor 𝑭 
during optimization with 𝑻 = 𝟏𝟎𝟎𝟎 

 
At the early phase of the optimization, the 

disturbance factor changes strongly within the 



V.T. Tran et al. / Applied Engineering Letters Vol.10, No.4, 193-210 (2025) 

 198 

range [−1,1]. Large update steps are produced, and 
it helps the algorithm to explore distant regions of 
the search space. When the process continues, the 
amplitude of the disturbance decreases. This leads 
to smaller and more stable movements. 
The controlled randomness helps BTO escape local 
optima in the early stage. It also helps improve fine-
tuning accuracy in the later stage. Overall, the 
harmonic disturbance mechanism makes a smooth 
transition from exploration to exploitation and 
improves the stability of convergence. 

Step 7: Plank Update Strategy 
In BTO, a trial vector 𝑉𝑖  is created for each 

individual 𝑋𝑖  by updating its variables one by one. 
For each dimension, the algorithm decides whether 
to update it based on a probability 𝑃𝑖, or forces an 
update if it matches a randomly selected index 
𝑗𝑟𝑎𝑛𝑑 . This mechanism ensures that at least one 
variable is always updated, even when all 
probability checks fail. Here, 𝑗𝑟𝑎𝑛𝑑 is simply a 
random dimension index drawn from {1,2, . . . , 𝐷}. If 
the update condition is met, either Strategy A (elite-
based learning) or Strategy B (Directional 
Adjustment) is applied, depending on the current 
value of the convergence factor 𝐸. An elite solution 
𝑋𝑒𝑙𝑖𝑡𝑒 ∈ 𝜀 is randomly chosen from the elite set to 
help guide the update.  

Strategy A (elite-based learning): This strategy 
focuses on learning from elite individuals to guide 
updates more effectively. For each dimension 𝑗, the 

component 𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙) is updated using the following 

rule:        

𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙) = 𝑋sel,𝑗

(𝑡) + 𝐹𝑗 ⋅ (𝑋elite,𝑗
(𝑡) − 𝑋sel,𝑗

(𝑡) ) + 𝐹𝑗
⋅ 𝒩(0,1). 𝜂𝐴. (1 − E)

⋅ (𝑈𝐵𝑗 − 𝐿𝐵𝑗) 

(10) 

In this update rule, 𝑋sel,𝑗
(𝑡)  is the current value at 

dimension 𝑗  of a selected solution, while 𝑋elite,𝑗
(𝑡)  is 

the value at the same dimension from an elite 
solution chosen from the elite set 𝜀 . To ensure 
diversity, the selected individual is chosen randomly 
from the population, excluding the elite individual 
itself. This is implemented by repeatedly selecting a 
random index 𝑠𝑒𝑙 = 𝑟𝑎𝑛𝑑𝑖(𝑁𝑃)  until it differs 
from the elite index. 

The term 𝐹𝑗  represents the harmonic 

disturbance factor, which helps control the update 
strength for each dimension. To introduce 
randomness and improve diversity, a value sampled 
from the Gaussian distribution 𝒩(0,1) is also 
added. 𝜂𝐴 ∈ (0,1)  is a scaling coefficient that 
controls the maximum perturbation range 
(experimentally set, e.g., to 0.25). The terms 𝑈𝐵𝑗  

and 𝐿𝐵𝑗 define the allowed range (upper and lower 

bounds) for dimension 𝑗 , and 𝐸 ∈ (0,1 ) is the 
Convergence Factor. 

Strategy B (Directional Adjustment): This 
strategy is designed to enhance exploration, 
especially at the beginning of the optimization 
process. For each individual 𝑋𝑖  and each dimension 
𝑗, the update is done based on a direction and step 
size. First, the update direction is computed.           

δ𝑖,𝑗 = −(𝑋elite,𝑗
(𝑡) − 𝑋𝑖,𝑗

(𝑡) + γ) 
(11) 

where the correction term 𝛾 is defined as: 

γ = (2 ⋅ 𝐼[𝑟 < 𝐸] − 1) ⋅ 𝐼[𝑋elite,𝑗
(𝑡) = 𝑋𝑖,𝑗

(𝑡)] (12) 

Here, 𝑟 ∼ 𝑈(0,1)  is a uniformly distributed 
random number. This mechanism makes sure that 
even when the elite and current solution 
components are equal, a movement direction 
(either a positive one or a negative one) is still 
randomly assigned. This helps prevent stagnation. It 
also encourages continued exploration during the 
optimization process. 

When the update direction 𝛿𝑖,𝑗  is determined, 

the new value of dimension j for individual 𝑖  is 
computed as: 

𝑉𝑖,𝑗
(trial) = 𝑋𝑖,𝑗

(𝑡) + δ𝑖,𝑗 ⋅ |𝐹𝑗 ⋅ (𝑈𝐵𝑗 − 𝐿𝐵𝑗) ⋅ 𝜂𝐵 +

(1 − |𝐹𝑗|) ⋅ 𝐸 ⋅ 𝑋𝑖,𝑗
(𝑡) ⋅ 𝒩(0,1) + ϵ|  

(13) 

In this formulation, 𝐹𝑗denotes the 𝑗-th element 

of the disturbance vector 𝐹 , which adjusts the 
intensity of the update, while 𝜂𝐵  is a scaling 
coefficient that governs the basic step size 
(experimentally set, e.g., to 0.3). The parameter 𝐸 
is the Convergence Factor. 𝒩(0,1) introduces 
random variation through Gaussian noise. 𝜖  is a 
small constant preventing zero-magnitude updates. 
This update rule combines both fixed and random 
behaviors: the fixed component gives a baseline 
step based on the search range, while the random 
term dynamically changes the update strength 
according to the current solution's value and the 
convergence level. The direction 𝛿𝑖,𝑗 decides 

whether the value along dimension 𝑗 increases or 
decreases. 

The plank update guarantees progress by forcing 
at least one dimension to change via 𝑗rand , 
preventing idle iterations. The two modes are time-
controlled by 𝐸: Strategy B encourages exploration 
in early iterations by deviating from the elite 
direction when needed, whereas Strategy A focuses 
on exploitation later by learning from elite 
solutions. The per-dimension disturbance 𝐹𝑗 

modulates step magnitude, yielding larger moves 
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early and smaller, more stable moves later. 
Together, these choices mitigate premature 
convergence and stagnation while preserving 
convergence stability. 

Step 8: Boundary Control 
After the update step, some components of the 

trial vector 𝑉𝑖,𝑗  may fall outside the valid search 

range defined by the lower and upper bounds 𝐿𝐵𝑗 

and 𝑈𝐵𝑗 . To solve this, a boundary control 

mechanism is used to each dimension 𝑗  of the 
individual 𝑖 as follows:                 

𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙) = 

{
 
 

 
 (𝑉𝑖,𝑗

(𝑡𝑟𝑖𝑎𝑙) + 𝐿𝐵𝑗)

2
, 𝑉𝑖,𝑗

(𝑡𝑟𝑖𝑎𝑙) < 𝐿𝐵𝑗

(𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙) + 𝑈𝐵𝑗)

2
, 𝑉𝑖,𝑗

(𝑡𝑟𝑖𝑎𝑙) > 𝑈𝐵𝑗

𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 (14) 

This correction method helps the updated 
solution stay within the feasible search space 
without abruptly clipping the values. By taking the 
average, the value is pulled back inside the limits, 
keeping useful information and continuity for 
smoother convergence behavior. 

Step 9: Selection and Best Update 

After generating the trial solution 𝑉𝑖
(𝑡𝑟𝑖𝑎𝑙)

, the 

algorithm evaluates its quality by comparing 

𝑓(𝑉𝑖
(𝑡𝑟𝑖𝑎𝑙)

)with the current solution 𝑓(𝑋𝑖
(𝑡)
) . The 

selection rule is defined as:         

𝑋𝑖
(𝑡+1)

= {
𝑉𝑖
(𝑡𝑟𝑖𝑎𝑙)

, 𝑖𝑓 𝑓(𝑉𝑖
(𝑡𝑟𝑖𝑎𝑙)

)  ≤ 𝑓(𝑋𝑖
(𝑡)
)

𝑋𝑖
(𝑡)
,                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (15) 

The best solution is updated accordingly: 

𝑋𝑏𝑒𝑠𝑡
(𝑡+1)

= {
𝑉𝑖
(𝑡𝑟𝑖𝑎𝑙)

, 𝑖𝑓 𝑓(𝑉𝑖
(𝑡𝑟𝑖𝑎𝑙)

)  ≤ 𝑓(𝑋𝑏𝑒𝑠𝑡
(𝑡)

)

𝑋𝑏𝑒𝑠𝑡
(𝑡)

,                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (16) 

This approach ensures that new solutions are 
only accepted when they offer better or equal 
objective function values. It also guarantees that 
the global best solution is preserved and updated 
whenever an improvement is found. 

 

2.3 Pseudocode 
 

The pseudocode of the proposed BTO algorithm 
is presented in Algorithm 1 to summarize the main 
computational steps. 

 

Algorithm 1. Pseudocode of the proposed BTO algorithm  

Input: population size 𝑁𝑃, maximum iterations 𝑇, search 
bounds [𝐿𝐵, 𝑈𝐵], dimension 𝐷 

Output: Optimal solution 𝑋𝑏𝑒𝑠𝑡 , best fitness 𝑓𝑏𝑒𝑠𝑡   

1:  Initialize population using Eq. (1) 
2:  Evaluate fitness using Eq. (2) 

3:  Identify 𝑋𝑏𝑒𝑠𝑡 , 𝑓𝑏𝑒𝑠𝑡  
4:  for 𝑡 =  1 to 𝑇 do 
5:      Compute convergence factor 𝐸 using Eq. (3) 
6:      Determine elite size 𝐾 and select elite set 𝜀 (Eqs. (4)-(5)) 
7:      Compute update probabilities 𝑃𝑖 for each individual using     
Eq. (6)      
8:      for 𝑖 =  1 to 𝑁𝑃 do 
9:           Compute disturbance vector 𝐹 using Eq. (9) 
10:         Select 𝑒𝑙𝑖𝑡𝑒_𝑖𝑑𝑥 ∈   𝜀  
11:         for 𝑗 =  1 to 𝐷 do 
12:     if rand < 𝑃𝑖 or j == jrand then 
13:                  if rand < E then 
14:                     Select 𝑠𝑒𝑙 ≠  𝑒𝑙𝑖𝑡𝑒_𝑖𝑑𝑥 

15:                     Apply Strategy A to compute 𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙)

 (Eq. (10)) 

16:                  else 

17:                     Apply Strategy B to compute 𝑉𝑖,𝑗
(𝑡𝑟𝑖𝑎𝑙)

 (Eqs. 

(11)- (13)) 
18:                  end if 
19:               end if 
20:          end for 
21:     end for 
22:     Apply boundary control (Eq. (14)) 
23:     Perform selection using Eqs. (15) - (16) 
24: end for 
25: return 𝑋𝑏𝑒𝑠𝑡 , 𝑓𝑏𝑒𝑠𝑡  

 

2.4 Time Complexity Analysis 
 

The overall time complexity of the BTO 
algorithm is based on three main factors: 𝑁𝑃 
denotes the number of individuals,  𝐷 is the number 
of dimensions, and 𝑇  is the maximum number of 
iterations. In each iteration, BTO evaluates the 
fitness of all 𝑁𝑃 individuals, selects elite solutions, 
and updates each variable in every solution. These 
steps take about 𝑂(𝑁𝑃 ×  𝐷)  time per iteration. 
Since the process is repeated for 𝑇 iterations, the 
total time complexity is approximately 𝑂(𝑁𝑃 ×
 𝐷 ×  𝑇) . Other operations, such as computing 
adjustment probabilities and disturbance values, 
are simple and do not significantly affect the overall 
computational cost. 

 
3. EXPERIMENTAL SETUP AND RESULTS  

 
This section evaluates the performance of the 

proposed BTO algorithm through a series of 
experiments. First, the experimental setup is 
described, including benchmark problems, 
parameter settings, and evaluation criteria. After 
that, BTO is tested on the CEC2022 benchmark 
functions and compared with several selected well-
known metaheuristic algorithms. Its performance is 
then assessed on classical benchmark functions to 
verify robustness, and on engineering design 
problems to evaluate its ability to handle practical, 
constrained optimization tasks. Finally, a parameter 
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sensitivity analysis examines the effect of elite size 
on BTO’s performance. 

 
3.1 Experimental Setup  

 
Three groups of benchmark problems were used 

to evaluate the performance of the proposed 
algorithm.  

CEC2022 Benchmark Functions [31]: 12 functions 
from the CEC2022 set were tested in 20 dimensions 
in the first group. These are challenging problems 
often used in global optimization, with features like 
shifting, rotation, and complex combinations.  

Classical Benchmark Functions [32]: 10 classical 
functions, such as Sphere, Rastrigin, and Ackley, 
were included in the second group. These functions 
are useful for evaluating convergence speed and 
solution accuracy.  

Real-World Engineering Problems [4]: 8 real-
world engineering problems with nonlinear 
objectives and constraints were tested in the third 
group. This is to examine the algorithm’s ability to 
find good feasible solutions in practical conditions. 
or these constrained problems, only feasible 
solutions were considered, following the practice in 
Bayzidi et al. [4]. Infeasible solutions were 
discarded, which may lead to “NA“ entries in the 
result tables when no feasible solution was found in 
a run. 

Together, these three groups cover both 
standard mathematical tests and practical 
optimization tasks.  

All algorithms were implemented in MATLAB 
R2024b and run on a computer with an Intel(R) 
Core(TM) i9-7980XE CPU @ 2.60 GHz, 64 GB RAM 
on Windows 11 Pro (64-bit). The population size 
was set to 30 for all problems. The maximum 
number of function evaluations depended on the 
problem type: 50,000 × D for CEC2022, 10,000 × D 
for classical functions, and 9000 for engineering 
problems, where D is the problem dimension (D = 
20 for CEC2022 and D= 100 for classical functions). 
On average, 52 independent runs were performed 
for the CEC2022 and classical benchmark problems, 
and 104 runs for the engineering problems. 

Ten well-known metaheuristic algorithms from 
1995 to 2024 were used as benchmarks to compare 
with the proposed algorithm. They include Particle 
Swarm Optimization (PSO, 1995) [13], Differential 
Evolution (DE, 1997) [9], Grey Wolf Optimizer 
(GWO, 2014) [15], Moth-Flame Optimization (MFO, 
2015) [33], Whale Optimization Algorithm (WOA, 

2016) [17], Sine Cosine Algorithm (SCA, 2016) [16], 
Golden Jackal Optimization (GJO, 2022) [5], 
Arithmetic Optimization Algorithm (AOA, 2021) 
[34], Physics-based Optimization (RIME, 2023) [21], 
and the recently introduced Artemisinin Optimizer 
(AO, 2024) [11]. These algorithms range from 
classical mathematical models to modern 
bio‑inspired strategies. All methods were 
implemented in MATLAB and tested under identical 
population sizes and stopping criteria to ensure fair 
comparison. The control parameters were taken 
from the original papers or kept at default values, 
as shown in  

Table 1. 

 
Table 1. Parameter Settings of Compared Algorithms 

Abb Parameter(s) Value(s) 

GWO – – 

WOA Φ, B 1,1 

GJO φ, λ 1.5 * (1 - t), 1.5 

MFO b 1 

AO φ, λ  exp(-4 * t), 0.6 

SCA a 2 

AOA μ, α 0.499, 5 

PSO c1, c2, w 2, 2, 1 

RIME w 5 

DE F, CR 0.5, 0.9 

 
3.2 Results on CEC2022 Functions 

 
The comparison results of BTO with the other 

algorithms are in  

Table 2, with the best results for each function 
in bold. In most cases, BTO consistently 
outperformed the competing algorithms. 
Specifically, it had the lowest average rank (1.08) 
and ranked first in 11 of 12 functions. Furthermore, 
its performance was stable with relatively low 
standard deviation (STD) values on many functions. 
This stability indicates the algorithm's strong global 
search ability and good convergence for both simple 
and complex problems. 

To statistically check these performance 
differences, the Friedman test was applied to all 
algorithms. The p‑value was below 0.05, confirming 
that the performance differences were statistically 
significant. BTO had the best overall rank among the 
tested methods. 
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Table 2. Results of algorithms on CEC2022 benchmark functions (20-D) 

 
Fig. 6 shows the convergence curves of BTO and 

other algorithms on different benchmark functions. 
These curves show how the best solution develops. 
In Fig. 6, BTO generally converged faster and got 
better solutions than the other algorithms in most 
tests. For other algorithms, they stopped improving 
early, particularly for functions F5 and F6. This 
showed possible entrapment in local optima. On 
the other hand, BTO continued to improve. It could 
escape local optima and keep searching for better 
solutions. This behavior showed BTO's ability to 
have a good balance between exploration and 
exploitation, making it effective for hard 
optimization problems. 

To thoroughly understand the performance of 
BTO, Fig. 7 shows boxplots of the best results from 
different algorithms on six benchmark functions. 

These boxplots display both the solution quality and 
the stability of each algorithm via multiple runs. 

In general, BTO had lower best scores and 
smaller box sizes on most functions, such as F1, F5, 
and F6. This indicates that it found better solutions 
with more consistent performance than the other 
algorithms. Although many algorithms exhibited 
large variations on functions F2 and F10, BTO still 
had stable results. These findings show that BTO is 
effective and reliable for complex optimization 
problems. 

The Wilcoxon signed‑rank test was conducted to 
compare BTO with other popular metaheuristic 
algorithms on the CEC 2022 test set with 20 

dimensions. As shown in Table 3, BTO achieved wins 
on all 12 test functions against many algorithms, 
including GWO, WOA, GJO, MFO, SCA, AOA, and 
PSO. It also outperformed AO and RIME on 11 of 12 

Fun. Type BTO GWO WOA GJO MFO AO SCA AOA PSO RIME DE 

F1 

Mean 3.00E+02 6.82E+03 3.26E+02 1.13E+04 3.15E+04 3.28E+02 4.90E+03 1.56E+04 6.09E+04 3.00E+02 3.06E+02 

STD 1.07E-05 3.64E+03 2.70E+01 4.40E+03 2.28E+04 8.13E+01 1.27E+03 5.20E+03 2.33E+04 2.57E-04 2.09E+01 

Rank 1 7 4 8 10 5 6 9 11 2 3 

F2 

Mean 4.20E+02 4.89E+02 4.61E+02 5.63E+02 5.66E+02 4.53E+02 5.81E+02 7.21E+02 1.30E+03 4.46E+02 4.39E+02 

STD 1.38E+01 3.75E+01 2.13E+01 6.98E+01 1.69E+02 1.75E+01 2.88E+01 1.08E+02 3.77E+02 1.76E+01 2.14E+01 

Rank 1 6 5 7 8 4 9 10 11 3 2 

F3 

Mean 6.00E+02 6.03E+02 6.59E+02 6.20E+02 6.22E+02 6.00E+02 6.30E+02 6.55E+02 6.56E+02 6.00E+02 6.00E+02 

STD 1.36E-06 2.66E+00 1.44E+01 7.91E+00 9.06E+00 2.77E-01 3.87E+00 5.78E+00 7.45E+00 1.57E-02 1.40E-01 

Rank 1 5 11 6 7 4 8 9 10 2 3 

F4 

Mean 8.22E+02 8.47E+02 9.14E+02 8.78E+02 8.99E+02 8.21E+02 9.16E+02 8.82E+02 9.84E+02 8.55E+02 8.25E+02 

STD 4.37E+00 1.73E+01 2.89E+01 1.47E+01 3.14E+01 7.17E+00 1.14E+01 1.87E+01 1.16E+01 1.79E+01 1.11E+01 

Rank 2 4 9 6 8 1 10 7 11 5 3 

F5 

Mean 9.02E+02 1.08E+03 2.86E+03 1.55E+03 2.76E+03 9.08E+02 1.60E+03 2.42E+03 6.10E+03 9.26E+02 9.04E+02 

STD 2.27E+00 1.73E+02 8.84E+02 2.68E+02 8.81E+02 7.43E+00 2.12E+02 2.79E+02 1.52E+03 7.29E+01 8.62E+00 

Rank 1 5 10 6 9 3 7 8 11 4 2 

F6 

Mean 3.44E+03 6.20E+05 7.36E+03 8.99E+06 5.85E+06 3.98E+04 4.78E+07 6.67E+03 1.81E+08 7.47E+03 6.93E+03 

STD 1.30E+03 1.55E+06 5.97E+03 2.39E+07 1.20E+07 5.55E+04 2.50E+07 2.74E+03 4.09E+08 5.38E+03 5.54E+03 

Rank 1 7 4 9 8 6 10 2 11 5 3 

F7 

Mean 2.02E+03 2.06E+03 2.16E+03 2.09E+03 2.13E+03 2.07E+03 2.10E+03 2.19E+03 2.17E+03 2.05E+03 2.03E+03 

STD 3.09E+00 3.53E+01 4.49E+01 3.38E+01 6.18E+01 4.53E+01 1.38E+01 5.97E+01 5.25E+01 3.56E+01 1.56E+01 

Rank 1 4 9 6 8 5 7 11 10 3 2 

F8 

Mean 2.22E+03 2.24E+03 2.24E+03 2.24E+03 2.26E+03 2.23E+03 2.24E+03 2.40E+03 2.33E+03 2.23E+03 2.22E+03 

STD 1.82E-01 3.15E+01 1.08E+01 2.34E+01 4.86E+01 2.79E+01 4.19E+00 1.30E+02 8.06E+01 2.82E+01 4.14E+00 

Rank 1 5 7 6 9 4 8 11 10 3 2 

F9 

Mean 2.48E+03 2.50E+03 2.48E+03 2.55E+03 2.50E+03 2.49E+03 2.52E+03 2.64E+03 2.73E+03 2.48E+03 2.48E+03 

STD 4.20E-06 2.11E+01 4.36E-01 3.50E+01 2.45E+01 7.79E+00 1.34E+01 3.34E+01 1.38E+02 2.18E-04 2.46E+00 

Rank 1 7 3 9 6 5 8 10 11 2 4 

F10 

Mean 2.44E+03 3.07E+03 3.62E+03 3.01E+03 4.11E+03 2.59E+03 2.52E+03 4.21E+03 5.14E+03 2.52E+03 2.73E+03 

STD 4.88E+01 5.51E+02 9.82E+02 9.02E+02 1.01E+03 1.17E+02 4.54E+01 7.57E+02 1.03E+03 9.13E+01 2.87E+02 

Rank 1 7 8 6 9 4 3 10 11 2 5 

F11 

Mean 2.83E+03 3.45E+03 3.02E+03 4.18E+03 4.36E+03 2.92E+03 4.08E+03 6.19E+03 6.30E+03 2.92E+03 2.97E+03 

STD 1.10E+02 3.85E+02 7.12E+02 5.61E+02 8.97E+02 6.83E+01 3.52E+02 7.99E+02 1.41E+03 6.27E+01 9.70E+01 

Rank 1 6 5 8 9 3 7 10 11 2 4 

F12 

Mean 2.94E+03 2.96E+03 3.01E+03 3.01E+03 2.96E+03 2.97E+03 3.00E+03 3.60E+03 3.07E+03 2.96E+03 2.95E+03 

STD 1.92E+00 1.48E+01 7.03E+01 4.55E+01 1.50E+01 2.22E+01 1.44E+01 1.78E+02 9.00E+01 1.33E+01 1.34E+01 

Rank 1 5 9 8 4 6 7 11 10 3 2 

Mean Rank 1.08 5.67 7.00 7.08 7.92 4.17 7.50 9.00 10.67 3.00 2.92 
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functions and showed competitive results against 
DE. All p‑values were below 0.05. This confirms that 
the performance differences were statistically 
significant. Overall, the findings indicate that BTO 
performs reliably and has superior results on 
complex optimization problems compared with 
many existing algorithms. 

 
 
 
 

 

Table 3. Wilcoxon test summary on CEC2022 (D = 20) 

Algorithms Win Draw Lose p-value 

GWO 12 0 0 2.61E-08 

WOA 12 0 0 1.31E-05 

GJO 12 0 0 4.75E-10 

MFO 12 0 0 1.46E-09 

AO 11 1 0 1.15E-02 

SCA 12 0 0 4.09E-10 

AOA 12 0 0 8.70E-10 

PSO 12 0 0 3.50E-10 

RIME 11 1 0 1.03E-02 

DE 10 1 1 3.10E-02 

 

 
Fig. 6.  CEC2022 convergence results on F1, F2, F5, F6, F7, F10 (D = 20) 

 

 
Fig. 7. Boxplot comparison on six benchmark functions from CEC2022 (D = 20) 
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3.3 Results on Classical Benchmark Functions 
 

This section evaluates BTO on 10 classical 
benchmark functions selected from a well‑known 
set of 23 test problems. These functions, including 
Sphere, Rastrigin, and Ackley, are widely used in the 
optimization field and represent both simple and 
complex search spaces. They are commonly used to 
estimate whether an algorithm can find good 
solutions and avoid local optima. 

 

Table 4 shows the results of BTO compared with 
other metaheuristic algorithms on these 10 

functions. BTO performed strongly, achieving the 
best rank in 7 out of 10 functions. Besides, it had a 
mean rank of 2.50, which was better than most 
other algorithms. The low standard deviation (STD) 
values on many functions showed the proposed 
algorithm’s consistent performance and stable 
behavior across multiple runs. To verify that the 
differences in ranking were statistically significant, 
the Friedman test was applied. All p‑values were 
below 0.05, indicating that the observed differences 
were significant. Collectively, BTO is a reliable and 
effective algorithm. 

 
Table 4. Results of algorithms on 10 classical benchmark functions 

Fun. Type BTO GWO WOA GJO MFO AO SCA AOA PSO RIME DE 

F1 

Mean 9.11E-07 0.00E+00 0.00E+00 0.00E+00 1.99E+04 0.00E+00 2.28E-03 3.27E-03 1.28E+05 1.52E-02 5.85E+02 

STD 1.52E-07 0.00E+00 0.00E+00 0.00E+00 1.43E+04 0.00E+00 8.80E-03 3.73E-03 3.17E+04 3.09E-03 6.07E+02 

Rank 5 2.5 2.5 2.5 10 2.5 6 7 11 8 9 

F2 

Mean 5.50E-04 0.00E+00 0.00E+00 0.00E+00 1.46E+02 0.00E+00 2.00E-40 0.00E+00 1.73E+47 7.59E-01 4.61E-01 

STD 3.76E-05 0.00E+00 0.00E+00 0.00E+00 5.85E+01 0.00E+00 1.43E-39 0.00E+00 1.02E+48 3.86E-01 1.30E+00 

Rank 7 3 3 3 10 3 6 3 11 9 8 

F6 

Mean 8.79E-07 8.72E+00 4.79E-05 1.66E+01 1.84E+04 1.12E-04 2.19E+01 1.45E+01 1.28E+05 1.48E-02 5.61E+02 

STD 1.74E-07 8.49E-01 1.01E-05 8.11E-01 1.41E+04 3.56E-05 5.38E+00 4.74E-01 3.19E+04 3.75E-03 6.68E+02 

Rank 1 5 2 7 10 3 8 6 11 4 9 

F8 

Mean -4.18E+04 -1.55E+04 -4.15E+04 -9.26E+03 -2.49E+04 -3.66E+04 -8.59E+03 -1.74E+04 -1.34E+04 -3.65E+04 -2.93E+04 

STD 1.27E+02 1.99E+03 1.27E+03 3.53E+03 2.63E+03 7.27E+02 4.20E+02 1.03E+03 1.06E+03 7.91E+02 1.18E+03 

Rank 1 8 2 10 6 3 11 7 9 4 5 

F10 

Mean 1.25E-04 1.36E-14 2.43E-15 4.48E-15 1.98E+01 4.44E-16 1.79E+01 4.44E-16 1.99E+01 1.50E+00 9.64E+00 

STD 1.14E-05 1.93E-15 2.27E-15 1.22E-15 2.91E-01 0.00E+00 6.63E+00 0.00E+00 2.44E-01 4.23E-01 1.80E+00 

Rank 6 5 3 4 10 1.5 9 1.5 11 7 8 

F12 

Mean 4.83E-10 2.07E-01 8.72E-07 5.96E-01 5.61E+07 6.97E-05 5.77E+05 6.30E-01 1.21E+09 1.51E+00 2.07E+06 

STD 9.13E-11 4.42E-02 1.89E-07 7.83E-02 1.17E+08 3.45E-04 1.01E+06 2.21E-02 3.39E+08 9.19E-01 4.33E+06 

Rank 1 4 2 5 10 3 8 6 11 7 9 

F13 

Mean 2.46E-08 5.52E+00 3.03E-03 8.48E+00 1.77E+08 1.46E+00 1.23E+06 9.74E+00 2.24E+09 1.01E-02 4.19E+06 

STD 4.25E-09 4.63E-01 4.92E-03 2.79E-01 2.36E+08 1.38E+00 2.12E+06 1.14E-01 5.76E+08 1.75E-02 4.44E+06 

Rank 1 5 2 6 10 4 8 7 11 3 9 

F14 

Mean 9.98E-01 4.07E+00 2.58E+00 3.94E+00 3.08E+00 4.48E+00 1.64E+00 9.59E+00 1.03E+00 9.98E-01 1.13E+00 

STD 2.26E-16 4.09E+00 3.32E+00 3.67E+00 2.85E+00 4.53E+00 1.54E+00 4.02E+00 7.67E-02 1.10E-12 7.05E-01 

Rank 1 9 6 8 7 10 5 11 3 2 4 

F20 

Mean -3.32E+00 -3.26E+00 -3.24E+00 -3.06E+00 -3.24E+00 -3.27E+00 -2.96E+00 -3.12E+00 -3.09E+00 -3.28E+00 -3.24E+00 

STD 1.13E-11 6.81E-02 1.03E-01 3.31E-01 6.20E-02 5.94E-02 3.51E-01 5.14E-02 2.62E-01 5.63E-02 5.33E-02 

Rank 1 4 5 10 6 3 11 8 9 2 7 

F23 

Mean -1.05E+01 -1.04E+01 -8.80E+00 -9.76E+00 -7.75E+00 -6.36E+00 -4.89E+00 -4.14E+00 -4.45E+00 -9.89E+00 -9.97E+00 

STD 7.76E-02 7.43E-01 2.91E+00 2.02E+00 3.47E+00 3.55E+00 1.75E+00 1.40E+00 1.74E+00 1.81E+00 2.00E+00 

Rank 1 2 6 5 7 8 9 11 10 4 3 

Mean Rank 2.50 4.75 3.35 6.05 8.60 4.10 8.10 6.75 9.70 5.00 7.10 

The convergence behavior of BTO and other 
algorithms is shown in Fig. 8, based on several 
classical benchmark functions. The plots represent 
each method improving its best-found solution with 
time. Mostly, BTO had better and faster results. It 
started to do better than the other algorithms when 
the number of iterations increased. For functions 
such as F13, F20, and F23, many algorithms slowed 
down early and stopped improving. This was 
possibly because of entrapment in local optima. 

Conversely, BTO continued to make progress, 
demonstrating its ability to escape local traps and 
keep searching for better results. These results 
support that BTO had a strong balance between 
exploration and exploitation. It could do well on 
both simple and complex optimization problems. 

The Wilcoxon signed‑rank test was used to 
compare BTO with other metaheuristic algorithms 
on the 10 classical benchmark functions. Table 5 
shows the number of wins, draws, and losses, along 
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with the corresponding p‑values. BTO had strong 
results, outperforming most algorithms in many 
different test cases. It won all 10 comparisons 
against PSO and showed clear advantages over 
AOA, SCA, MFO, and AO. The p‑values were under 
0.05, confirming statistical significance. In contrast, 
comparisons with WOA, GJO, and DE yielded 
p‑values slightly above 0.05. Thus, the differences in 
those cases were not significant. Taken together, 
these findings confirm that BTO has consistent 
performance on standard optimization problems, 
with meaningful improvements over many existing 
methods. 

 

Table 5. Wilcoxon test on 10 classical functions 

Algorithms Win Draw Lose p-value 

GWO 6 0 4 7.53E-05 

WOA 6 1 3 5.53E-02 

GJO 6 1 3 5.06E-02 

MFO 9 1 0 7.91E-03 

AO 7 0 3 2.83E-08 

SCA 8 0 2 8.96E-04 

AOA 8 0 2 2.39E-07 

PSO 10 0 0 3.50E-10 

RIME 8 1 1 3.38E-03 

DE 7 2 1 5.79E-02 

 

 
Fig. 8. Classical convergence results on F6, F8, F12, F13, F20, F23 
 

3.4 Results on Engineering Design Problems 
 
This section centers on solving real‑life 

engineering design problems using metaheuristic 
algorithms. Table 6 contains eight well‑known test 
problems from mechanical and structural design, 
including the gear train, pressure vessel, and truss 
structure [4]. These problems are different in the 
number of variables (D) and constraints (C). They 
are widely used in the optimization field to evaluate 
an algorithm’s ability to handle realistic engineering 
conditions. By testing these problems, the 
capability of an algorithm to identify feasible, 
high‑quality solutions in practical design tasks can 
be better understood. 

 
 

Table 6. Summary of engineering design problems 

Fun. Problem Optimum D C 

F1 Speed reducer design 2.994424E+03 7 11 

F2 Pressure vessel design 6.059714E+03 4 4 

F3 Three-bar truss design problem 2.638958E+02 2 3 

F4 Gear train design 2.700857E−12 4 0 

F5 Piston lever 8.412698E+00 4 4 

F6 Corrugated bulkhead design 6.842958E+00 4 6 

F7 Car side impact design 2.284297E+01 11 1 

F8 Reinforced concrete beam design 3.592080E+02 3 2 

 
The performance of BTO and the other 

algorithms on the eight engineering design 
problems is presented in  

Table 7. The test problems exhibit diversity in 
dimensionality and constraint complexity, covering 
a range of engineering design scenarios. BTO had 
strong and stable results. It ranked first in 5 of the 8 
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problems and got the lowest average rank of 1.63 
among all algorithms. These results show that BTO 
often had better solutions. Also, the low standard 
deviation (STD) values suggest stable performance 
throughout different runs. Some algorithms, such 
as GWO and AO, worked well on certain problems 
(e.g., F2 and F4). However, their performance was 

less stable on more challenging problems such as 
F5, F6, and F7. In short, BTO is a robust 
metaheuristic optimizer. It is capable of giving 
high‑quality solutions for both constrained and 
unconstrained engineering design problems. 

 
 

 

Table 7. Results of algorithms on the engineering design problems 

Fun. Type BTO GWO GJO AO SCA AOA PSO RIME 

F1 

Best 2.994430E+03 3.006006E+03 3.006342E+03 3.024270E+03 3.066675E+03 3.081890E+03 3.025304E+03 NA 

Mean 2.994431E+03 3.007406E+03 3.012899E+03 3.055048E+03 3.115133E+03 3.150778E+03 3.095509E+03 NA 

STD 9.308196E-04 1.980447E+00 6.887656E+00 2.542959E+01 2.999130E+01 4.038927E+01 7.428571E+01 NA 

Rank 1 2 3 4 6 7 5 NA 

F2 

Best 6.074872E+03 6.060194E+03 6.064618E+03 6.082092E+03 6.542460E+03 6.852966E+03 6.223129E+03 6.078935E+03 

Mean 6.160040E+03 6.069141E+03 6.189030E+03 6.524594E+03 6.982891E+03 8.189016E+03 6.492794E+03 6.438081E+03 

STD 4.899269E+01 1.192906E+01 2.372035E+02 2.587468E+02 4.818504E+02 1.099830E+03 2.135882E+02 2.916822E+02 

Rank 2 1 3 6 7 8 5 4 

F3 

Best 2.638960E+02 2.638961E+02 2.638964E+02 2.643209E+02 2.639057E+02 2.639101E+02 2.638992E+02 2.638992E+02 

Mean 2.638973E+02 2.638971E+02 2.639002E+02 2.657049E+02 2.639558E+02 2.643656E+02 2.639301E+02 2.640587E+02 

STD 1.835250E-03 7.718400E-04 5.114219E-03 1.590988E+00 4.221930E-02 5.817781E-01 2.550712E-02 1.666341E-01 

Rank 2 1 3 8 5 7 4 6 

F4 

Best 2.700857E-12 2.700857E-12 2.700857E-12 2.307816E-11 2.700857E-12 6.602090E-10 1.545045E-10 2.700857E-12 

Mean 3.647076E-09 5.842735E-10 1.046784E-09 1.032775E-08 7.315753E-09 2.251768E-08 8.018256E-08 2.409654E-09 

STD 5.195994E-09 7.601096E-10 8.222924E-10 1.148079E-08 9.231444E-09 2.161387E-08 2.365163E-07 5.317016E-09 

Rank 4 1 2 6 5 7 8 3 

F5 

Best 8.417496E+00 8.419078E+00 8.418254E+00 8.413624E+00 8.509749E+00 2.027221E+02 8.460088E+00 8.474019E+00 

Mean 8.509038E+00 6.007065E+01 8.511100E+00 2.628011E+01 9.923896E+00 4.247127E+02 1.132615E+02 2.923582E+02 

STD 3.335955E-01 7.502881E+01 7.418659E-02 6.229367E+01 8.175923E-01 1.151135E+02 1.352121E+02 5.338954E+02 

Rank 1 5 2 4 3 8 6 7 

F6 

Best 6.843024E+00 6.846018E+00 6.848026E+00 6.846960E+00 7.050961E+00 7.243657E+00 7.079841E+00 6.843791E+00 

Mean 6.843499E+00 6.864006E+00 6.886030E+00 7.888029E+00 7.527380E+00 8.029575E+00 7.457171E+00 6.848433E+00 

STD 6.887908E-04 6.163411E-02 2.564943E-02 1.090158E+00 3.759724E-01 4.889006E-01 1.981395E-01 4.491012E-03 

Rank 1 3 4 7 6 8 5 2 

F7 

Best 2.285184E+01 2.285069E+01 2.289266E+01 2.288178E+01 2.387348E+01 2.312426E+01 2.303174E+01 2.284558E+01 

Mean 2.292103E+01 2.321185E+01 2.346535E+01 2.378752E+01 2.454231E+01 2.405493E+01 2.386128E+01 2.313710E+01 

STD 5.863317E-02 3.062765E-01 3.180235E-01 6.041977E-01 4.738910E-01 3.679272E-01 7.388443E-01 3.047513E-01 

Rank 1 3 4 5 8 7 6 2 

F8 

Best 3.592080E+02 3.592083E+02 3.592113E+02 3.592080E+02 3.592476E+02 3.594472E+02 3.592124E+02 3.592082E+02 

Mean 3.598486E+02 3.617896E+02 3.619046E+02 3.628465E+02 3.621962E+02 3.637218E+02 3.610682E+02 3.624523E+02 

STD 1.041311E+00 1.097217E+00 9.739983E-01 1.491893E+00 8.238104E-01 2.435364E+00 1.354264E+00 2.178483E+00 

Rank 1 3 4 7 5 8 2 6 

Mean Rank 1.63 2.38 3.13 5.88 5.63 7.50 5.13 4.29 

Fig. 9 illustrates the convergence of BTO and 
other metaheuristic algorithms on eight 
engineering design problems. The graphs describe 
how the best solution found by each algorithm 
improved with the increase in the number of 
iterations. This trend shows their ability to 
approach optimal or near‑optimal solutions over 
time. BTO steadily converged faster and obtained 
better solutions than most competing algorithms. It 
kept improving in all problems. Meanwhile, some 
algorithms slowed down or stagnated, particularly 
on hard problems like F5, F7, and F8. These results 
demonstrate that BTO balances searching widely 
and focusing deeply, helping it work well on 
complex engineering problems with constraints.  

Fig. 10 is a box plot of solution scores for BTO 
and other metaheuristic algorithms on the same set 
of engineering design problems. These boxplots 
show the changes in the results over different runs, 
reflecting both solution quality and stability. In 
general, BTO had lower and more consistent scores. 
This indicates reliable and high‑quality solutions. 
BTO's boxplots for problems F1, F2, and F7 were 
smaller and more consistent with less variance. The 
larger boxes and higher median scores of other 
algorithms suggested poorer performance. For 
example, AO and SCA showed larger variations on 
some problems. These findings demonstrate that 
BTO is more robust for solving challenging 
engineering design problems. 
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Fig. 9. Convergence curves of BTO and other algorithms on eight engineering design problems 
 

 
Fig. 10. Boxplot results on engineering design problems 
 

3.5 Parameter Sensitivity Analysis on Elite Size 
 
This section checks how the elite size (𝛽), which 

defines the maximum number of top individuals 
guiding the search, affects the performance of 
BTO. The parameter 𝛽  was tested with values 
{1, 3, 5, 7, 9, 10} on the 20‑dimensional CEC 2022 
benchmark set. For each value, the average rank 
in all test functions was measured. As shown in  
Fig. 11, a small elite size (e.g., 𝛽  = 1 or 3) gave 
weaker performance, likely because too few good 
individuals provided limited guidance for the 
search. When 𝛽  went higher, the results got 
better ,with the best performance achieved at 𝛽 = 
10. Therefore, a larger elite size enables BTO to 
balance between exploring new solutions and 
learning from strong ones. Based on this analysis, 
𝛽  = 10 is used as the default setting in all 
experiments 

 
Fig. 11. Mean ranks of BTO with varying elite sizes 
(lower is better) 

 

3.6 Ablation Study 
 

This section investigates how each core 
mechanism contributes to the overall 
performance of the proposed BTO algorithm. 
Three simplified variants were prepared for 
comparison: BTO1 removes the Adaptive Elite 
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Selection mechanism, BTO2 removes the time-
decreasing Harmonic Disturbance, where the 
disturbance factor 𝐹  is is replaced by a random 
value uniformly sampled from [−1, 1], and BTO3 
omits the Barrel Adjustment (BA) mechanism. All 
variants were tested under the same conditions 
on the CEC2022 benchmark set to ensure a fair 
comparison. 

As  
Fig. 12 shows, removing any single mechanism 

caused a clear drop in performance. This confirms 
that every component is important. The BTO3 
variant (without Barrel Adjustment) produced the 
worst results, which highlights that the Barrel 
Adjustment mechanism is vital for stable 
convergence and preventing stagnation. 

 
Fig. 12. Mean Friedman rank comparison of BTO and its 
ablated variants (lower is better) 
 

The Wilcoxon signed-rank test (𝛼 =  0.05) also 
confirms that the full BTO performed statistically 
better than all three ablated variants (with 
win/draw/loss counts of 5/6/1 against BTO1, 
7/3/2 against BTO2, and 7/3/2 against BTO3). 

Overall, the complete BTO algorithm earned 
the lowest mean rank (1.75). This demonstrates 

that the combined mechanisms work together to 
achieve a more effective balance between 
exploration and exploitation. 

 
3.7 Behavioural Analysis 

 
This section analyzes BTO's search behavior, 

focusing on its balance between exploration and 
exploitation. We track two metrics: population 
diversity and the exploration-exploitation ratio, 
using the method from Hussain et al. [35]. We 
selected three CEC2022 functions (F1, F6, and F10) 
to show how BTO works on different types of 
problems.  

As shown in Fig. 13, on the simple unimodal 
function F1, BTO stays in exploration mode for 
most of the search. The smooth landscape allows 
the algorithm to search widely without getting 
stuck in local optima. For the hybrid function F6, 
exploration slowly decreases as exploitation 
increases. This shows BTO's adaptive nature: it 
starts with a broad search and then shifts to local 
refinement as it finds better solutions. On the 
complex composition function F10, exploration 
decreases quickly after BTO finds a good area and 
exploitation takes over. Near the end, exploration 
increases a bit. This small rebound is caused by the 
Harmonic Disturbance and Barrel Adjustment 
mechanisms. It enables BTO to avoid stagnation 
and fine-tune the final solutions in the optimal 
region. 

Overall, BTO can dynamically offer a balance 
between exploration and exploitation in different 
landscape types. It can maintain diversity when 
necessary and exploit promising areas well to 
escape local optima.
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Fig. 13. Diversity and exploration–exploitation behaviour of BTO on representative CEC2022 functions (F1, F6, F10) 

 

4. CONCLUSION  
 
This paper proposed the Barrel Theory‑based 

Optimizer (BTO), a new metaheuristic algorithm 
inspired by the idea of improving the weakest 
parts of a solution. BTO includes a dimension‑wise 
update mechanism, called Barrel Adjustment, to 
focus on weak variables. It also features an 
adaptive elite selection strategy to balance 
exploration and exploitation. Besides, this 
algorithm has a hybrid update approach that 
combines elite learning with directional 
adjustments. BTO has been evaluated on the 
CEC2022 benchmark suite, classical benchmark 
functions, and real engineering design problems.  

The results show that BTO consistently 
provides solutions that are competitive or 
superior to well-known algorithms such as PSO 
and GWO. BTO works stably and handles complex 
and constrained problems well. In addition, BTO 
has achieved robust and stable results on eight 
well-known engineering design problems. This 
confirms its effectiveness for constrained 
structural and mechanical optimization problems. 

In summary, BTO is a reliable and helpful 
algorithm for solving many types of continuous 
optimization problems. Future studies will extend 
BTO to discrete, multi-objective optimization 
scenarios. 
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