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ABSTRACT: Structural optimization is essential for finding optimal designs in practical engineering tasks. Meta-
heuristic algorithms have been widely applied in structural optimization problems in recent years, especially when
dealing with discrete design variables, the nonlinearity of the objective function and constraints. Unlike gradient-
based algorithms, which rely on the slope variation of a function, metaheuristic algorithms do not require derivative
calculations and thus avoid being trapped in local optimum. However, metaheuristic algorithms often require numerous
function evaluations, involving costly structural analyses, thus increasing computational load considerably. This paper
investigates a method to reduce computational load, specifically by reducing the number of function evaluations for
metaheuristic-based structural optimization problems. The proposed strategy is based on eliminating unpromising
designs during the optimization process. For each newly generated solution, an early assessment through its k nearest
neighbors, named k-nearest neighbor comparison (k-NNC), is applied, acting as a filter. If a solution is deemed less
promising, it is eliminated without going through the function evaluation step. Conversely, if a solution is deemed good,
it is retained for the next comparison and selection step. This paper presents the implementation sequence of k-NNC,
highlighting its disadvantages in terms of efficiency and accuracy. From this, a new method, the distance-weighted
k-nearest neighbor comparison (WkNNC), has been developed. In wkNNGC, the distance from the k neighbors to the
solution under consideration is used as the weight for comparison. Furthermore, an archive of infeasible solutions and
the potential solution refinement are introduced for enhancing the accuracy and efficiency of wkNNC. The superiority
of WkNNC is demonstrated in the sizing optimization of some benchmark discrete cross-section truss structures. The
wWKNNC method, combined with the Best-Worst-Random (BWR) algorithm, achieves a computational load reduction
of over 80 percent.

KEYWORDS: Structural optimization; metaheuristic algorithm; computation reduction; k-NN; distance-weighted
k-NNC; BWR algorithm

1 Introduction

Structural optimization has become an indispensable tool in modern engineering design, enabling
engineers to develop efficient, lightweight, and cost-effective structures while satisfying multiple constraints
including strength, stiffness, stability, and manufacturability [1,2]. Over the past three decades, metaheuristic
algorithms have emerged as powerful optimization techniques for structural optimization [3-7]. The
superior of metaheuristics is their capability of handling complex, non-convex, and multi-modal structural
optimization problems where traditional gradient-based methods often struggle [8-10]. These metaheuristic
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algorithms, including Genetic Algorithms (GA) [11], Simulated Annealing (SA) [12], Particle Swarm Opti-
mization (PSO) [13], Differential Evolution (DE) [14], Teaching Learning Based Optimization (TLBO) [15],
and more recent variants such as Grey Wolf Optimizer (GWO) [16], Whale Optimization Algorithm
(WOA) [17], Jaya algorithm [18], Rao algorithms [19], and so on [20], have demonstrated remarkable robust-
ness in finding near-optimal solutions without requiring gradient information or convexity assumptions.

However, the primary limitation of metaheuristic algorithms in structural optimization applications
is their substantial computational cost, which stems from the requirement to evaluate thousands or even
millions of candidate designs during the search process. Each function evaluation typically involves finite ele-
ment analysis (FEA) [21,22], which can be extremely time-consuming, particularly for large-scale structures,
nonlinear problems, or dynamic analyses [23]. For instance, a single FEA of a complex three-dimensional
structure may require several minutes to hours, and when multiplied by the population size and number of
generations in a metaheuristic algorithm, the total computational time can become prohibitive for practical
engineering applications. This computational burden has been identified as the main drawback preventing
the widespread adoption of metaheuristic-based structural optimization in the real-world.

Recognizing this critical challenge, researchers have developed numerous strategies to reduce com-
putational costs while maintaining solution quality. These approaches can be broadly categorized into
several methodologies, such as surrogate-based optimization techniques [24-27], dimensionality reduction
methods [28], efficient reanalysis procedures [29,30], parallel and distributed computing strategies [31,32],
and hybrid frameworks combining multiple approaches [33-35]. Among various computational acceleration
strategies, k-Nearest Neighbor (k-NN) based approaches have emerged as promising alternatives to other
surrogate modeling techniques due to their simplicity, non-parametric nature, and ability to handle high-
dimensional problems effectively. Therefore, this contribution focuses on computation reduction by the
k-NN based approach.

The k-NN method, originally developed for pattern recognition and classification [36,37], operates on
the principle that similar inputs produce similar outputs. In the context of structural optimization, this
translates to the idea that structurally similar designs will exhibit similar performance characteristics. Unlike
global surrogate models such as Kriging or polynomial response surfaces that attempt to approximate the
entire design space, k-NN provides local approximations based only on the most relevant historical data
points, making it particularly suitable for problems with complex, non-stationary response landscapes [38].

The integration of k-NN with metaheuristic algorithms typically follows a database-driven framework
where all evaluated designs and their responses are stored in a historical database. The process comprises
three main stages. First, an initial database (or population) is constructed by generating a number of designs
using sampling techniques, and then evaluating them using exact function evaluation (e.g., finite element
analysis, FEA). In the second stage, within each iteration of the metaheuristic, new candidate designs
are generated by metaheuristic’s operators (crossover, mutation, velocity update, etc.), and then k nearest
neighbors are used to approximate fitness by k nearest neighbors from the database; only the most promising
candidates are selected for actual FEA evaluation (pre-screening), and the database is continuously updated.
The final stage continues until convergence. This process effectively leverages the computational efficiency
of k-NN (prediction cost is dominated by neighbor search) while continuously improving approximation
accuracy as the database grows. The key insight is that k-NN does not need to be globally accurate across
the entire design space—it only needs to reliably distinguish promising from unpromising candidates in the
current population.

In structural optimization, k-NN has been successfully combined with metaheuristic algorithms for
reducing the computational cost. Singh and Kapania [39] used k-NN as active learner for accelerating the GA
optimization of complex structures and showed that k-NN assisted GA could reduce total FEA evaluations
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by 50% while converging to solutions within 2%-5% of those found by standard GA. Krempser et al. [40]
developed a k-NN based surrogate model in order to improve the performance of DE in computationally
expensive truss optimization problems. Pham [41] introduced a new approach for computation reduction,
the nearest-neighbor-comparison (NNC), pre-screening candidate (trial) designs based on comparing their
nearest neighbor (k = 1) in the population with the target solution. The NNC strategy was integrated with an
improved DE algorithm for continuous sizing of truss structures under frequency constraints and provided
about 50% reduction of FEA evaluations (see Ref. [42]). Recently, the NNC concept has been extended to
solve discrete truss sizing problems (see Ref. [43]), where k (k > 1) nearest neighbors of a candidate solution
were used in the NNC framework, forming the k-Nearest Neighbor Comparison (k-NNC) method. The k-
NNC has been successfully combined with Rao algorithms [19] and reduced 40%-60% total FEA evaluations.

The key difference between k-NNC introduced by Pham et al. [43] and other k-NN models is that
k-NNC functions as a specialized prescreening filter. In k-NNC, k nearest neighbors are not used to
approximate the fitness function value (regression), nor are they used for classification. As presented
in Section 2, k-NNC compares the k nearest neighbors of a potential design with the target solution at
the selection step of the metaheuristic algorithm; and only when the majority of k nearest neighbors are
better is the potential design further evaluated using exact FEA computation. In this way, the drawbacks of
the k-NN method, such as accuracy (when working with a sparse database) or computational cost (when
working with a large database), are overcome. Besides, since the k nearest neighbors are derived from the
current population, k-NNC does not require additional memory to store training data like traditional k-NN
models [43].

While the k-NNC framework demonstrated significant potential by reducing FEA evaluations by up
to 60%, it possesses two critical theoretical limitations that this study aims to overcome. First, the original
k-NNC exhibits a ‘population convergence bias. As the metaheuristic process progresses, the population
naturally migrates toward the feasible region. Consequently, the k-nearest neighbors found within the
current population become predominantly feasible, causing the filter to lose its ‘spatial memory’ of the
infeasible boundaries. This leads to a significant decrement in filtering accuracy in later iterations, where
the algorithm may misjudge and retain more than 50% of trial designs that are actually infeasible. Second, the
k-NNC framework assumes a uniform influence for all k-neighbors. In k-NNC, every neighbor is assigned
an equal vote regardless of its actual distance from the trial solution, which contradicts the fundamental
principle that closer neighbors should provide more reliable information about the local landscape.

To address these deficiencies, this paper introduces a conceptual leap through the weighted k-NNC
(WkNNC) framework. This new approach moves beyond simple voting by implementing a distance-weighted
dominance mechanism, utilizing the inverse distance to prioritize the influence of closer neighbors. More
importantly, we introduce an active infeasible archive that serves as a permanent ‘memory map’ of the design
space’s infeasible regions. By seeking neighbors from both the current population and this specialized archive,
the proposed wkNNC maintains a high resolution of the feasible/infeasible boundary throughout the entire
optimization process. Additionally, a potential solution refinement procedure is incorporated as a safety
mechanism to prevent the accidental rejection of high-quality designs located near boundary regions. In
this way, WkNNC restructures the comparison process in k-NNC to create an “adaptive filter” based on local
search history. These enhancements transform the filter from a simple proximity checker into an adaptive,
memory-driven decision system.

The remaining parts of the paper are presented as follow. The k-NNC frameworks and its limitations are
described and discussed in Section 2. Based on the identified disadvantages, the distance-weighted k-nearest
neighbor comparison (WkNNC) is proposed in Section 3. The superiority of wkNNC is demonstrated
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in Section 4 through discrete sizing of benchmark structural problems of different scales, including the
10-bar, 25-bar, 52-bar, 72-bar, 160-bar, and 200-bar trusses. The findings are concluded in Section 5.

2 The k-NNC Assisted Metaheuristic Optimization
2.1 Brief of Structural Optimization Problem

In the field of structural engineering, structural optimization is the process of finding a set of design
variables to minimize (or maximize) one or more design objectives, while still satisfying all constraints
regarding load-bearing capacity, serviceability, and structural requirements. Within the scope of this study,
the single-objective structural optimization problem will be considered. For example, the mathematical
representation of a structural weight optimization problem is written as follows:

Minimizew = f (x)
gi(x)<0 j=1...,N (1)
xllongzgx:lp i:l,,..,D

where x = {x1,x,,...,xp}is a vector of D design variables; w is the weight of the structure; f (x) and
gj (x) are the objective and constraint functions, respectively; and x!" and xl.“p are the lower and upper
limits of the i-th design variable. Design variables are quantities that characterize the structure, such
as: geometric parameters of the cross-section (cross-section dimensions, cross-sectional area, moment of
inertia of the cross-section, or thickness, etc.); mechanical properties of the material (elastic modulus,
material density, etc.); and nodal coordinates. The constraints reflect the technical requirements such as
stress, displacement, and vibration frequency that the structure must satisfy. These parameters often have
complex, nonlinear relationships with the design variables, leading to challenges in solving structural
optimization problems. Furthermore, constraint functions in structural optimization problems are often
black-box, meaning they are not described in explicit mathematical forms, making their derivatives difficult
or impossible to calculate. Moreover, design variables are often discrete. These characteristics of structural
optimization problems render gradient-based algorithms, which are powerful due to their convergence
speed, ineffective or unusable.

Metaheuristic algorithms, on the other hand, do not require complex derivative calculations, are well-
adapted to discrete problems, and are therefore a suitable choice for solving practical problems. Metaheuristic
algorithms have been successfully applied in many structural optimization problems due to their ease
of integration with existing structural analysis tools (where the evaluation of the objective function and
constraints is performed using tools independent of the algorithm). A brief introduction to the workflow of
a metaheuristic algorithm and its performance in a 3-bar truss problem is presented below.

2.2 Brief of Population-Based Metaheuristic

The general workflow of a population-based metaheuristic algorithm includes the following main steps:

1. Initializing population: A set P of NP solutions x(?) (p = 1,..., NP) is generated in the design domain
(usually randomly generated with a uniform distribution);

2. Creating trial solutions: From this population, new designs x'(?) are created through algorithm
operators. This step may include crossover process, mutation (e.g., GA, DE), or directional move (e.g.,
PSO);

3. Evaluating the trial solutions: The objective function value and constraint values corresponding to x'(?)
are computed;
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4. Updating the population: Comparison of trial solutions x'(*) with the current designs x() is performed
using the objective function and constraint values. If x'(?) is better than x(#), it will replace x(#) in the
population;

5.  Checking for convergence or termination condition: when the condition is met, the algorithm will stop
and report the best optimal result; otherwise, it will return to step 2.

Typically, to achieve the required level of convergence, metaheuristic algorithms must perform many
iterations. This is because the process of generating new designs often involves randomness. Therefore,
metaheuristics require numerous function calls to evaluate the objective function and constraints for the
generated designs. The computational time becomes enormous once the function evaluations are expensive,
as often seen in structural design problems involving FEA evaluations.

To illustrate, consider a structural weight optimization problem for a simple truss consisting of 3
members as shown in Fig. 1. The design variables are the cross-section areas of the truss members A; and
A, (since Az = A;). Assuming all members are made of the same material, the objective function is the total
volume of the truss, V = 2v/2LA; + LA,, which is a linear function of A; and A,. The constraint is that the
stress in the truss members does not exceed 2 kN/cm?. Fig. 2 shows the design domain with stress curves
having a value of 2 kN/cm?. The feasible boundary can be seen as a non-linear curve. The optimal volume
of the truss is 263.89584 cm?, corresponding to bar areas A; = 0.788675 cm? and A, = 0.40825 cm?, which
is a point on the feasibility boundary (o3 = 2 kN/cm?®) shown as *” in Fig. 2. To achieve a result close to
263.896 cm’, the “DE/rand/1/bin” algorithm (see Ref. [14]) with a population NP = 20 requires in average 50
iterations, corresponding to approximately 1000 evaluations of the objective function and constraints. Fig. 3
illustrates the population convergence at iterations 1, 5, 20, and 50.

A= A3

\ L =100cm
- P =2kN
E = const.

Figure 1: The 3-bar truss model.

2.3 K-Nearest Neighbor Comparison (k-NNC)
(a) Basics of k-NNC

The major drawback of metaheuristic algorithms is the large number of function calls required. As
the specific nature of structural optimization, the “cost” of function evaluation is heavily skewed toward
finite element analysis (FEA). In our case, the computational burden is not as the simple calculation of
structural weight (the objective function), but as the structural analysis (FEA) required to check constraints
like stress and displacement. Calculating structural weight is typically a “cheap” algebraic operation involving
bar lengths and areas. Howerver, the cost of a single FEA can take minutes to hours, particularly for
large-scale structures.
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Figure 2: The design domain of the 3-bar truss problem and stress boundaries
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Pham et al. [43] proposed a novel method called k-Nearest Neighbor Comparison (k-NNC) to reduce
unnecessary and costly function evaluations. The operating principle of k-NNC is based on using nearest

Figure 3: Population convergence in 3-bar truss optimization by DE/rand/1/bin.
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neighbors to predict the potential of a new solution before performing costly function evaluations. The
following are the specific steps for implementing k-NNC:

1. Identifying nearest neighbors: For each newly created candidate solution x'(P), find k nearest neighbors
(k-NNs) in the current population P. The measure commonly used is the normalized Euclidean distance
to determine the similarity between solutions.

2. Evaluating the potential of x'(P): Compare the known fitness value of each of its neighbors with the
fitness value of the current design solution x(P)

— A new solution x'(?) is considered a potentially useless solution (PUS) if the majority of its k-NNs
are not better than x(?).

—  Conversely, if the majority of its k-NNs are of better than x(?), the new solution x'(?) is considered
potentially useful.

3. Removal or evaluation:

~ If deemed potentially useless (PUS), x'(?) will be removed immediately without performing
function evaluation and comparison with x(#).

- If deemed potentially useful, x'(?) will be evaluated and compared with x(») as normal.

The flowchart of the k-NNC assisted metaheuristic algorithm is given in Fig. 4.

1. Initializing population ‘

> p=1
A p+l

2. Creating a trial solution

3. Evaluating the trial solution

!

4. Updating the population

IA
<

Report optimal solution

Figure 4: Flowchart of k-NNC assisted metaheuristic algorithm.
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The k-NNC is an adaptive classification strategy designed as a pre-screening to reduce computational
costs in optimization using metaheuristic algorithms. As shown in Pham et al. [43], the application of k-
NNC in discrete sizing of truss structures can reduce structural analyses for Rao-1 and Rao-2 algorithms by
up to 60%.

It is noteworthy that k-NNC incurs computational costs. The “prediction cost” of the k-NNC filter is
dominated by the neighbor search. While searching for neighbors does add a computational step, it involves
calculating normalized Euclidean distances, which is fundamentally a mathematical calculation far simpler
than solving the large systems of equations required for FEA. The distance calculations become inexpensive
due to a small database size. To prevent the computational cost from escalating (a known disadvantage of
k-NN when working with large databases), k-NNC commonly works on a limit search space. Specifically, it
searches for neighbors only within the current population. This ensures that the distance calculation remains
a low-dimensional search regardless of how many iterations the optimization performs. The trade-off is
highly favorable since the algorithm might skip up to 60% of structural analyses. Given that FEA is identified
as the “main drawback” preventing metaheuristic adoption in real-world engineering, the marginal cost of
performing distance calculations for a small population is viewed as negligible compared to the thousands
of seconds saved by avoiding unnecessary FEA evaluations.

(b) Limitation of k-NNC

It can be seen that the efficiency and accuracy of the k-NNC filter depend on the degree of similarity of
x'(P) with its k-NNs. The k-NNC strategy relies on the existing population P to determine the worthiness
of trial solutions x"(?). As stated in Pham et al. [43], the accuracy of the k-NNC increases with increasing
population size. However, this also increases the computational cost to find k-NNs. More importantly,
the k-NNC exhibits a bias towards regions of the search space that the current population covers. As the
optimization process continues, the population will gradually converge towards the feasible solution region.
This means that the k-NNs of x'(?) (if only taken from the current population) are feasible designs. If x'(?)
is created in the unfeasible region, k-NNC may still consider it a potential design and not reject it. This is
illustrated in Fig. 5 for the 3-bar truss problem optimized by the “DE/rand/1/bin” algorithm combined with
k-NNC. In Fig. 5, the black circles represent designs in the current population; the red filled circles represent
trial designs that were judged as potentially designs and retained for the selection step; and the blue filled
squares represent trial designs that were considered as unpromising and rejected. It can be seen that in the
first iteration (left figure), the population are spread across the entire design domain, and k-NNC judges
the trial solutions well (most of the retained x’(P) are in better positions than x(?)). However, in the 5-th
iteration, when most of the population are in the feasible region, k-NNC misjudges and retains 6 trial designs
in the unfeasible region, accounting for over 50% of the retained trial designs.

Another important point is that in k-NNC, all k-NNs have equal importance when compared to x(?).
This means that every vote will have a value of 1 if a k-NN is better than x(*) and -1 if the k-NN is worse
than x(?). It is well known that distance plays an important role in k-NN approach and it should be assigned
higher influence to closer neighbors and lower influence to farther ones.

Based on the identified disadvantages of k-NNC, a novel approach—distance-weighted k-nearest
neighbor comparison (WkNNC)—is proposed. The method is described in the next section.
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Figure 5: Effectiveness of k-NNC for 3-bar truss optimization.

3 Proposed Weighted k-Nearest Neighbor Comparison (WkNNC)

3.1 Concept of Distance-Weighted Dominance
., %, be the k-NNs of x'(#) and d,,; is the distance between x,,; and x'(?)_ If x,; better

(2)

Let x,1, X2, ..
than x(?), we say that x,,; dominates x(P) and a distance-weighted dominance value is defined as:

1 k 1
I+. = — . —
ni dni/znjzl dn]
where d; and d; are respectively the distance from x,; and x,; to x'(P), Now, the distance-weighted

dominance value of a x,,; that is not better than x(?) is:
(3)

_ -1 k 1
o= — -
ni dni/szZI dn]
It is easily proved that Y. I}, + Y |I,,;| = 1. Eqgs. (2) and (3) indicate that the bigger distance-weighted

dominance value is assigned to the closer neighbor.
Using the distance-weighted dominance values of k-NNs, the judgement for a trial design x/(?) is as:

If XI5 + Y I, > 0, x'(P) is a potential design and it is kept for further evaluation.
IfY I7 + Y I;, <0, x'P) is a PUS and it is eliminated without further evaluation.

To deal with the zero distance when neighbors are duplicate solutions of the trial solution, which is often
possible in problems with discrete variables, a small amount (107'¢) is added to each calculated distance value.

3.2 Active Infeasible Archive
As shown, using only neighbors taken from P can lead to incorrect judgments. To increase the accuracy

of k-NNC, both feasible and infeasible regions should be explored. Thus, we store the infeasible designs that
are eliminated during the selection process in an archive P~. The k-NNs of a trial design x'(?) are sought in
both the current population P and the archive P~. This will ensure the high similarity degree among k-NNs

and x'(P) throughout the optimization process, especially the case x() is in the infeasible region. To save



Comput Model Eng Sci. 2026;147(1):15

10
computational costs, the size of P~ is maintained at NP (equal to the population size). When the size of P~

exceeds NP, we randomly remove one member from P~.

The benefit of using P~ is that it can improve the judgment of k-NNC. Including neighbors from the
infeasible region helps the algorithm assess the potential of a new candidate more accurately, especially when
that candidate is near or within the infeasible region. In short, the infeasible archive P~ acts as a “memory
map’~ of infeasible regions, giving k-NNC a more comprehensive view of the design space, thereby allowing

more unpromising trial designs to be detected and eliminated, significantly saving costly function evaluations
while ensuring optimal solution quality. Notably, the archive P~ is also gradually updated with new trial

designs, ensuring the accuracy of k-NNC throughout the optimization process. The use of the infeasible
archive is a solution to the “bias” problem in the current population-based k-NNC model.
“x” denotes the

The effectiveness of the infeasible archive is illustrated in Fig. 6. In Fig. 6, the black
members of P~ at the 10-th and 15-th iterations. As seen from Fig. 6, most of trial designs located in the

infeasible region are skipped.
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Figure 6: The effectiveness of infeasible archive in 3-bar truss optimization.

3.3 Potential Solution Refinement
The infeasible archive P~ brings higher accuracy and more trial solutions are skipped. However, it may
also increase the possibility of rejection of good trials if they locate closed to the members of P~. To address
this issue, a refinement is carried out for all trials judged as a PUS. The refinement procedure is conducted

as follow.
Approximate the objective function value and constraint values of x'(P) by weighted average values from

1.
k-NNss as:
F®) =k (K2 5h )
k 1 ' (4)

g(x/(p)) = Zﬁi:l (%/ 2inj=1 dn;)
where f(x'(P)) is the approximated values of the objective function of x'(*); g(x'(P)) are the approxi-

mated values of the constraint functions.
Compare x'(?) with x(?) by using these approximated function values. If f(x'(")) < f(x()) and

g (x’(P)) < 0 then retain x'(P).
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The refinement procedure helps to avoid potential solution from being omitted by k-NNC. This is a novel
contribution to balancing computational speed and algorithmic security, helping to maintain population
diversity even when the filter is highly active.

Combining the proposed improvements described in Sections 3.1-3.3 into the k-NNC framework
in Section 2, a new method named weighted k-nearest neighbor comparison (WkNNC) is formed.

3.4 The BWR-wkNNC Framework

In this study, the proposed wkNNC method is combined with the Best-Worst-Random (BWR) algo-
rithm [44]. The reason for choosing BWR is that it is a parameter-free, efficient, and robust algorithm. BWR
inherits the simple philosophy from the Rao algorithms (Rao-1, Rao-2, Rao-3) [19] but is improved in the
search mechanism to enhance explorative capability, suitable to handle complex engineering problems, such
as discrete and multimodal ones [45-48]. Combining wkNNC with a powerful algorithm like BWR helps
compensate for the use of a small population, ensuring that global search capabilities are preserved even in
large-scale problems.

(a) BWR algorithm

The basic steps of BWR are similar to those described in the general procedure for population-
based metaheuristic algorithms presented in Section 2.2. The difference in BWR lies in the mechanism for
generating new trial designs in step 2. Corresponding to each x(?), BWR creates a trial design x'(?) by the
following operator:

- Generate a random number r in range [0,1]

- Ifr>0.5:
xl(P) — x(P) +1 (xbest ~Tx xrand) - (xworst _ xrand) (5)
- Ifr<0.5:
x/(P) = xUP _ 13 (xup _ xlow) (6)
where x?¢5t, x5t and x"%" are, respectively, the best design, the worst design, and a random design in the

current population; T has value of 1 or 2 randomly; ry, r,, and r5 are three vectors of D uniformly random
numbers in range [0, 1].

It is seen that Eq. (5) generates the new trial design towards the best design and avoids the worst design
through interaction with random designs. On the other hand, Eq. (6) generates design variable values within
the design domain. Eq. (6) acts like a “mutation with amnesia” and it resets a variable to a random legal
value to keep the search global. Eq. (6) is pure exploration with no memory, no direction, and no bias
toward the current population. This helps to escape local minima, maintain population diversity, and prevent
premature convergence. Therefore, BWR is able to maintain high population diversity and effectively escape
local extrema. Nevertheless, due to its great explorative capability, BWRs often have slow convergence rates
and require many function evaluations. Thus, combining BWR with wkNNC ensures a balance between
robustness and efficiency.

(b) Implementation of BWR-wkNNC
The workflow of the BWR algorithm combined with wkNNC (BWR-wkNNC) are as follows.
Step 1—Initializing
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- Define the population size NP, the termination criteria (e.g., the maximum number of iterations or the
maximum number of function evaluations), and the number of neighbors, k.

~  Createan initial population P of NP solutions x(») = {xfp ), x§1’ ) xép ) } in the design domain, where
(»)

each design variable x;”” is randomly generated according to

xi(p) :xf°W+rand[0,1] (xfp—x?"w),pzl,...,NP, i=1...,D 7)

1

~  Compute the objective function value and constraint function values for each x(#), i.e., f (x(P )) and
worst

gj (x(P ) ) Find the best design x°°* and the worst design x
- Reserve an empty archive P~.

in the population.

Step 2—Generating

- Corresponding to each x(P), generate a random number 7 € [0,1]; and select a random design xrand

from the current population.
— Ifr < 0.5, create a trial design x'(?) by Eq. (5), otherwise, by Eq. (6).

Step 3—Pre-scanning and evaluating
Pre-scanning: Apply wkNNC to judge x'(#):

- Findin P and P~ k designs (X1, Xu1, . . -, X %) closest to x’ (p) by using normalized Euclidean distance.

- Compare each nearest neighbor x,,; with x(?), then determine the distance-weighted dominance value
I (if x,; is better than x(P) or I, (if x,,; is not better than x(P),

- Calculate Y I, and Y. I, and the evaluation flag, eval(?) = Y If, + Y I..

— If eval®® <0, calculate the approximate values f(x'(")) and § (x'(P)) according to Eq.(4); set
eval P = 1if f(x'(P)) < f(x(P)) andg(x’(P)) <0.

Evaluating: For a trial design x'(P) with eval?) > 0, compute f (x’(P)) and g; (x'(P)) and continue Step
4, otherwise, go back to Step 2.

Step 4—Updating
~  Replace x() in the population by x'(?) if x'(?) is better than x (7).
~  Ifx’?) is not better than x(») and infeasible (one of g; (x"(?)) > 0), put x'(») into P™. Truncate P~ if its

size exceeds NP by removing from P~ a random member.
- Update x¥¢s* and x™°"*.

Step 5— Terminating

- Stop the optimization process if the termination criteria are satisfied, otherwise continue from Step 2.

4 Numerical Investigation

The effectiveness of the proposed wkNNC method is investigated in discrete truss sizing optimization
problems. The tested structures, including 10-bar, 25-bar, 52-bar, 72-bar, 160-bar, and 200-bar trusses,
are benchmark structural optimization problems used in many studies to examine the effectiveness of
metaheuristic algorithms [49,50]. The objective is to minimize the total weight of the structures while
ensuring the member stress and nodal displacement within the allowable limits.
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The optimization problem for a truss having N,, bars is defined as:

Minimize W = p Zlni”;l AL,
oM < g, < oM m = 1N, (8)

|dj| < Amas> j =1..Ng

where A,, and L, are respectively the cross-sectional area and length of m-th member; o, is the member
stress; d, is the nodal displacement; p is the material density; 0" and /™" are stress limits; and A, is the
allowable displacement. Stress and displacement are obtained by finite element analysis using self-developed

solver in MATLAB.

4.1 Description of Tested Structures
(a) The 10-bar planar truss:

The 10-bar truss structure is shown in Fig. 7. Two downward concentrated loads, each with a magnitude
of 100 kips, are applied at nodes 2 and 4. The material has a density p = 0.1 Ib/in® and an elastic modulus
E = 10* ksi. The cross-sectional area of the bars is selected from the following set of 42 discrete values (in®):
1.62,1.80, 1.99, 2.13, 2.38, 2.62, 2.63, 2.88, 2.93, 3.09, 3.13, 3.38, 3.47, 3.55, 3.63, 3.84, 3.87, 3.88, 4.18, 4.22, 4.49,
4.59, 4.80, 4.97,5.12, 5.74, 7.22,7.97,11.5,13.5,13.9, 14.2, 15.5, 16.0, 16.9, 18.8 19.9, 22.0, 22.9, 26.5, 30.0, and 33.5.
The problem considers two types of constraints: stress and displacement constraints. The allowable stress in
the truss members is +25 ksi, and the maximum allowable displacement at the nodes is 2 inches.

360in 360in
Figure 7: The 10-bar truss layout.

(b) The 25-bar spatial truss:

The truss layout is shown in Fig. 8. The bars are divided into 8 groups with different properties detailed
in Table 1. The elastic modulus is 10* ksi, the density is 0.11b/in® and is the same for all bars. The cross-sectional
area of the bars is selected according to the values (in?): 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0, L.1, 1.2, 1.3,
14,15,1.6,17,1.8,19,2.0,2.1, 2.2, 2.3, 2.4, 2.5, 2.6, 2.8, 3.0, 3.2, 3.4. The stress limits are given in Table 1. The
allowable nodal displacement in the x, y, z directions is 0.35 inches. Two load cases are considered as follows
(unit: kip):

Case 1:

- Nodel: [F,,F,, F.] = [0,20,-5]
- Node2: [F,,F,, F.] =[0,-20,-5]
Case 2:
- Nodel: [F,,F,, F;] = [1,10,-5]
- Node2: [ 1=1
- Node 3:[F,,F,,F.] = [0.5,0,0]
[ J=1
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Figure 8: The 25-bar truss layout.

Table 1: Allowable tensile and compressive stresses correspond to each group of bars.

Group Tensile Stress (ksi) Compressive Stress (ksi) Member in Group
1 40.0 35.092 1
2 40.0 11.590 2,3,4,5
3 40.0 17.305 6,7,8,9
4 40.0 35.092 10,11
5 40.0 35.092 12,13
6 40.0 6.759 14, 15,16, 17
7 40.0 6.959 18, 19, 20, 21
8 40.0 11.082 22,23,24,25

(c) The 52-bar planar truss:

The truss layout with the members divided into 12 groups is detailed in Fig. 9. The elastic modulus is
207 GPa, the density is 7860 kg/m® and is the same for all members. The cross-sectional area of the members
is selected according to the AISC standard, with detailed values given in Table 2. In this problem, only the
stress constraint with a stress limit of £180 MPa is considered. The truss has the following loads: Vertical load
of 200 kN and horizontal load of 100 kN applied at Nodes 17, 18, 19 and 20.

(d) The 72-bar spatial truss:

The layout of the truss with the members divided into 16 groups is detailed in Fig. 10. The elastic modulus
is 10* ksi, the density is 0.1 Ib/in® and is the same for all members. The cross-sectional area of the members is
selected from the values given in Table 3. The stress limit is +25 ksi and the allowable nodal displacement in
the x, y, z directions is 0.25 inches. Consider the following two load cases (units: kip):

- Casel:NodeL: [Fy, F), F;] = [5,5,5]
- Case2:Nodes1,2,3and 4: [F,,F,, F,| = [5,5,5]
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Figure 9: The 52-bar truss layout.

Table 2: List of cross-sectional area for 52-bar truss structure.

No. Area (mm?) No. Area (mm?) No. Area (mm?) No. Area (mm?)
1 71.613 17 1008.385 33 2477414 49 7419.340
2 90.968 18 1045.159 34 2496.769 50 8709.660
3 126.451 19 1161.288 35 2503.221 51 8967.724
4 161.29 20 1283.868 36 2696.769 52 9161.272
5 198.064 21 1374.191 37 2722.575 53 9999.980
6 252.258 22 1535.481 38 2896.768 54 10,322.560
7 285.161 23 1690.319 39 2961.284 55 10,903.204
8 363.225 24 1696.771 40 3096.768 56 12,129.008
9 388.386 25 1858.061 41 3206.445 57 12,838.684
10 494.193 26 1890.319 42 3303.219 58 14,193.520
11 506.451 27 1993.544 43 3703.218 59 14,774.164
12 641.289 28 729.031 44 4658.055 60 15,806.420
13 645.16 29 2180.641 45 5141.925 61 17,096.740
14 792.256 30 2238.705 46 5503.215 62 18,064.480
15 816.773 31 2290.318 47 5999.988 63 19,354.800

—_
(o)}

939.998 32 2341.931 48 6999.986 64 21,612.860
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Figure 10: The 72-bar truss layout.

Table 3: List of cross-sectional area for 72-bar truss structure.

No. Area (in?) No. Area (in?) No. Area (in?) No. Area (in?)
1 0.111 17 1.563 33 3.840 49 11.500
2 0.141 18 1.620 34 3.870 50 13.500
3 0.196 19 1.80 35 3.880 51 13.900
4 0.25 20 1.990 36 4.180 52 14.200
5 0.307 21 2.130 37 4.220 53 15.500
6 0.391 22 2.380 38 4.490 54 16.000
7 0.442 23 2.620 39 4.590 55 16.900
8 0.563 24 2.630 40 4.800 56 18.800
9 0.602 25 2.880 41 4.970 57 19.900
10 0.766 26 2.930 42 5.120 58 22.000
1 0.785 27 3.090 43 5.740 59 22.900
12 0.994 28 3.130 44 7.220 60 24.500
13 1.000 29 3.380 45 7.970 61 26.500
14 1.228 30 3.470 46 8.530 62 28.000
15 1.266 31 3.550 47 9.300 63 30.000
16 1.457 32 3.630 48 10.850 64 33.500

(e) The 160-bar spatial truss:

The layout of the truss is shown in Fig. 11. The members are divided into 38 groups. The elastic modulus
is 2.047 x 10° kgf/cm?, the density is 0.00785 kg/cm’ and is the same for all members. The cross-sectional
area of the members is selected from values given in Table 4. The allowable stress is +1500 kgf/cm” and the
members under compression are checked for stability according to Eq. (9).
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L/r)? L
1300 - & 2/;) if = <120
st _ r
o = 107 ) L (9)
5 if —>120
(L/r) r

where 0°! is the compressive stress limit; L is the length of the bar; r is the radius of gyration of the cross-
section detailed in Table 4. The truss has 8 loading cases as detailed in Table 5.

N
K.

25

\ >3

7/ \

Zax/A

2SNACE<

S

S

N2

(ST

><7

//A‘VA‘V:!A‘
\
Z

X
X7

=

'A

R

S

1

A

7N

L

N

Figure 11: The 160-bar truss layout.

Table 4: List of cross-sectional properties for 160-bar truss structure.

No. Area(cm?) r(cm)  No. Area(cm?) r(cm)  No. Area (cm?)  r(cm)
1 1.84 0.47 15 9.4 1.35 29 33.9 2.33
2 2.26 0.57 16 10.47 1.36 30 34.77 2.97
3 2.66 0.67 17 11.38 1.45 31 39.16 2.54
4 3.07 0.77 18 12.21 1.55 32 43 2.93
5 3.47 0.87 19 13.79 1.75 33 45.65 2.94
6 3.88 0.97 20 15.39 1.95 34 46.94 2.94
7 4.79 0.97 21 17.03 1.74 35 51 2.92
8 5.27 1.06 22 19.03 1.94 36 52.1 3.54
9 5.75 1.16 23 21.12 2.16 37 61.82 3.96
10 6.25 1.26 24 23.2 2.36 38 61.9 3.52
11 6.84 1.15 25 25.12 2.57 39 68.3 3.51

(Continued)
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Table 4 (continued)

No. Area (cm?)  r(cm) No. Area (cm?)  r(cm) No. Area (cm?)  r(cm)
12 7.44 1.26 26 27.5 2.35 40 76.38 3.93
13 8.06 1.36 27 29.88 2.56 41 90.6 3.92
14 8.66 1.46 28 32.76 2.14 42 94.13 3.92

Table 5: Loading cases for the 160-bar truss structure.

Case Node F; (N) F, (N) E, (N) Case Node F, (N) F, (N) E, (N)

52 868 0 491 52 917 0 491
! 37 996 0 546 5 37 951 0 546
25 1091 0 546 25 1015 0 546
28 1091 0 546 28 636 1259 428
52 493 1245 363 52 917 0 491
37 996 0 546 37 572 1303 428
2 25 1091 0 546 6 25 1015 0 546
28 1091 0 546 28 1015 0 546
52 917 0 491 52 917 0 491
3 37 951 0 546 - 37 951 0 546
25 1015 0 546 25 1015 0 546
28 1015 0 546 28 636 1303 428
52 917 0 546 52 498 1460 363
4 37 572 1259 428 3 37 951 0 546
25 1015 0 546 25 1015 0 546
28 1015 0 546 28 1015 0 546

(f) The 200-bar planar truss:

The truss structure is shown in Fig. 12. The material has a density p = 0.283 Ib/in® and an elastic modulus
E = 30,000 ksi. The problem only considers the stress constraint with an allowable limit of £10 ksi. The truss
members are divided into 29 cross-sectional area groups, with values selected from the following set of 30
discrete values (in?): 0.1, 0.347, 0.44, 0.539, 0.954, 1.081, 1.174, 1.333, 1.488, 1.764, 2.142, 2.697, 2.8, 3.131, 3.565,
3.813, 4.805, 5.952, 6.572, 7.192, 8.525, 9.3,10.85, 13.33, 14.29, 17.17, 19.18, 23.68, 28.08, and 33.7. Three load cases
are considered:

- Case 1: Horizontal load of 1.0 kip at nodes 1, 6, 15, 20, 29, 34, 43, 48, 57, 62, and 71.

- Case 2: Downward vertical load of 10.0 kips at nodes: 1-5, 6, 8, 10, 12, 14, 15-19, 20, 22, 24, 26, 28, 29-33,
34, 36, 38, 40, 42, 43-47, 48, 50, 52, 54, 56, 57-61, 62, 64, 66, 68, 70, and 71-75.

- Case 3: A combination of Case 1 and Case 2.
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Figure 12: The 200-bar truss layout.

4.2 Test Conditions
(a) Constraint handling:

The constraint function of a design x are defined as:

g(x) =maX(CG C-A),Tn:l..Nm,j:l..Nd (10)

m> ]
where ¢, is the stress constraint violation, computed as

Om

pr: -1, if 0, 20
e (11)
L if o <0
o]
and ch is the displacement constraint violation, computed as
dj|
a_ ldil
¢j = A 1 (12)
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(b) Solution comparison

For solution comparison in this study, the Deb’s rules are applied. A design x’ is better than a design x
when:

g(x') <g(x),g(x)>0 13)
g(x"),g(x)<0,and W (x') < W (x)

Notably, when using the condition Eq. (13), we can save the constraint computations g (x”) if W (x),
g(x) and W (x') are known. Specifically, in the case where g(x) <0 and W (x") > W (x), it can be
immediately concluded that x’ is inferior to x without needing to calculate g (x). Thus, the number of
structural analysis (NSA) will be reduced and will always be lower than the number of objective function
evaluations (NFE). This is significant for the structural weight optimization problem, because usually the
cost of one constraint calculation, related to structural model analysis, is much more expensive than one
structural weight calculation.

(c) Algorithm setting

To evaluate the effectiveness of the proposed improvements, we consider four algorithms: (1) original
BWR; (2) BWR combined with k-NNC (BWR-kNNC); (3) BWR combined with k-NNC and infeasible
archive (BWR-ikNNC); and (4) BWR combined with wkNNC (BWR-wkNNC). For each problem, the
comparison of algorithms is performed statistically across multiple independent runs (25 in this study) with
a completely randomly generated initial population. This is a common approach in structural optimization,
as the randomness of metaheuristic algorithms means that multiple runs may be required to achieve a
reliable design. Obtained statistical results include the best optimal weight, the average optimal weight, the
worst optimal weight, and the standard deviation are analyzed and compared. In each run, the optimization
process ends when the relative error value of the weights in the population, e = ‘W/ whest 1], is less than a

predetermined value, taken as 10~°, where W and W’®' are the mean and best weight values, respectively.
The number of neighbors is chosen as 3 based on a sensitivity analysis. The size of population and infeasible
archive is 25 for all tests. Keeping NP = 25 is a deliberate strategy to ensure that the computational cost of
neighborhood search does not explode as the number of iterations increases. If NP is too large, the cost of
finding neighbors can negate the advantage of reducing the number of FEA analyses.

4.3 Results and Discussion

First, the effects of the number of neighbors on the performance of WkNNC is considered. Then, the
effectiveness of k-NNC, ikNNC, and wkNNC is evaluated. Finally, the results of BWR-wkNNC are compared
with those of other published metaheuristic algorithms.

(a) Effects of number of neighbors

The investigation was conducted for the 10-bar truss structure. Table 6 presents the results comparing
the performance of BWR-wkNNC when varying different k values (from 2 to 5) and compared with the case
without using wkNNC.

Table 6: Optimal weight for 10-bar truss by BWR-wkNNC with different k-values.

k-value Best Mean Worst SD NFE/NSA
without wkNNC 5490.7379 5490.7379 5490.7379 1.87E-12 18,394/15,435

2 5490.7379 5495.6925 5531.0356 10.8215 2606/1657

3 5490.7379 5494.2888 55278362 9.4059 2866/1699

(Continued)



Comput Model Eng Sci. 2026;147(1):15 21

Table 6 (continued)

k-value Best Mean Worst SD NFE/NSA
4 5490.7379 5499.0333 5536.5584 15.1806 2554/1531
5 5490.7379 5494.6608 5536.5584 10.0785 2796/1679

Some observations are as follows:

1. Accuracy (Best weight)

— All k values, as well as the case without using wkNNC, achieve the best optimal weight of
5490.7379 1b. This shows that integrating wkNNC and changing the k parameter does not affect the
ability of the BWR algorithm to find the global optimal solution.

2. Stability (Mean and SD):

- With k = 3, the algorithm yields the most stable results with the lowest mean (5494.2888 1b) and
smallest SD (9.4059 1b) among the cases using wkNNC.

- k=4 has the least stability with the highest mean (5499.0333 Ib) and highest SD (15.1806 1b); k = 2
and k = 5 have average stability, with SDs of 10.8215 1b and 10.0785 Ib, respectively.

- The case without wkNNC has an extremely low SD (1.87E—-121b), since all 25 runs yielded the same
best result.

3. Computational efficiency (NFE/NSA):

- Without using wkNNC, the number of objective function evaluations (NFE) is up to 18,394. When
applying wkNNC, the NFE decreases to only about 2554 to 2866, i.e., a reduction of up to 86% in
the number of function evaluations.

- Computational efficiency does not differ significantly with different k values.

Based on the above analyses, the value k = 3 is chosen for further investigation because it provides the
best balance between computational efficiency and solution stability. Although this analysis is performed
on the 10-bar problem, the goal is to find a configuration that is “good enough” to serve as a benchmark
for comparison between algorithms in more complex problems. With a relatively small population size
(NP = 25), using a large k value would not guarantee accuracy because the designs are far apart. Conversely,
using a small k value (1 or 2) increases the likelihood of bias. As experimental results in Section 4.3 (b) show,
with k = 3, the wkNNC method still significantly reduces the number of function evaluations (NFE) and
structural analysis (NSA) on all problems.

(b) Effectiveness of k-NNC, ikNNC, and wkNNC

Table 7 and Fig. 13 present the analysis results regarding the computational reduction, accuracy, and
convergence of k-NNC, ikNNC, and wkNNC in the 10-bar truss problem. The data from Table 7 and the
graphsin Fig. 13 shows a significant improvement from kNNC to ikNNC and wkNNC in the ability to reduce
computational costs while maintaining high accuracy.

Table 7: Efficiency of kKNNC, ikNNC, and wkNNC for 10-bar truss with NP = 25 and k = 3.

BWR-KkNNC BWR-ikNNC BWR-wkNNC

Skip rate (%) 38.80 84.24 89.26
Successful skip rate (%) 98.51 99.06 98.11
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Figure 13: Performance of KNNC, ikNNC, and wkNNC for the 10-bar truss with NP = 25 and k = 3.

Performance in reducing computation (Skip rate—rate of skipping objective function evaluations):

- ikNNC shows the biggest leap in performance compared to k-NNC, with the skip rate increasing
from 38.80% to 84.24%. This indicates that the inclusion of the infeasible archive helped detect and

skip redundant computations much more effectively.

- With wkNNC, the skip rate continues to improve, reaching 89.26%. I'ig. 13a,c visually demonstrates
that BWR-wkNNC maintained a very high skip rate throughout the optimization process.

Prediction reliability (Successful skip rate): The successful skip rate indicates the accuracy of the skips:
- ikNNC achieves the highest accuracy, with a rate of 99.06%, followed by k-NNC (98.51%). For
WKNNC, the success rate decreased slightly to 98.11%. However, this number is still very high,
ensuring the stability of the optimal solution. Fig. 13d shows that the success rates of all three
algorithms remained quite stable across iterations.

Population convergence and diversity: The population diversity is measured by the diversity index
DI calculated by Eq. (14). Despite omitting nearly 90% of the function evaluations, the population
diversity plot for the NNC variants gradually decreased with each iteration (Fig. 2b), indicating that the
improvements did not cause premature convergence or dispersion in the search space.
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Statistical results for all six problems are given in Table 8 and Figs. 14-19. Below is a detailed discussion
and evaluation for each truss problem, focusing on a comparison between BWR and BWR-wkNNC through

two aspects: computational efficiency and convergence characteristics.

Table 8: Results of BWR, BWR-KNNC, BWR-ikNNC, BWR-wkNNC with NP = 25 and k = 3.

Problem Method Best Mean Worst SD NFE/NSA
Ref. 5490.7379
BWR 5490.7379 5490.7379 5490.7379 1.87E-12 18,394/15,435
10-bar BWR- 5490.7379 5491.0434 5498.3746 1.5274 12,929/11,056
KNNC
BWR- 5490.7379 5492.2714 5521.4384 6.2652 3071/2142
ikNNC
BWR- 5490.7379 5494.2888 5527.8362 9.4059 2866/1699
wkNNC
Ref. 551.0372
BWR 551.0372 551.0883 552.3355 0.23225 20,091/16,532
25-bar BWR- 551.0372 551.2444 552.443 0.43629 9471/8207
kNNC
BWR- 551.0372 551.1554 552.9335 0.40194 2376/1738
ikNNC
BWR- 551.0372 551.4317 553.9892 0.85014 2329/1396
wkNNC
Ref. 1902.6055
BWR 1902.6055 1902.7643 1905.0147 0.40243 33,627/29,523
52-bar BWR- 1902.6055 1902.7589 1903.3661 0.28339 22,607/20,428
kNNC
BWR- 1902.6055 1904.6683 1914.8367 3.3487 6620/5790
ikNNC
BWR- 1902.6055 1904.8343 1914.6236 3.9513 4799/4011
wkNNC
Ref. 389.3342
BWR 389.3342 389.5907 391.837 0.52174 42,574/33,231
72-bar BWR- 389.3342 389.4481 389.8721 0.16777 28,262/22,777
kNNC
BWR- 389.3342 390.4351 398.5913 1.5893 8711/5876
ikNNC
BWR- 389.3342 390.6462 393.8492 1.4931 6973/4549
WwkNNC

(Continued)
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Table 8 (continued)

Problem Method Best Mean Worst SD NFE/NSA
Ref. 1336.0308
BWR 1336.0308 1339.5999 13471778 3.5500 63,389/55,096
160-bar BWR- 1336.0308 1338.7645 1345.3272 2.4982 52,344/45,717
kNNC
BWR- 1336.0308 1340.8234 1377.0411 8.1347 15,579/12,543
ikNNC
BWR- 1336.0308 1339.7084 1346.9053 3.3108 12,311/9625
wkNNC
Ref. -
BWR 27,298.940 27,722.5699  28,563.0147 336.7294 84,355/72,932
200-bar BWR- 27,407.962 27,894.0553  29,011.3267 384.5525 59,950/52,082
kNNC
BWR- 27,384.850 28,361.6386  35,098.4095 1441.0224 15,390/12,772
ikNNC
BWR- 27,430.305 28,166.6289  28,894.5516 3879270 10,511/8571
wkNNC
10-bar 10-bar
8500 . : 1
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Figure 14: Optimization of 10-bar truss: BWR vs. BWR-wkNNC.
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Figure 15: Optimization of 25-bar truss: BWR vs. BWR-wkNNC.
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Figure 16: Optimization of 52-bar truss: BWR vs. BWR-wkNNC.
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Figure 17: Optimization of 72-bar truss: BWR vs. BWR-wkNNC.
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Figure 18: Optimization of 160-bar truss: BWR vs. BWR-wkNNC.
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Figure 19: Optimization of 200-bar truss: BWR vs. BWR-wkNNC.

(i) The 10-bar truss:

All algorithms found the best optimal value to be 5490.7379 1b. However, BWR-wkNNC was the most
cost-effective with only 2866 objective function evaluations (NFEs), a reduction of more than 6 times
compared to the original BWR (18,394).

The convergence curve of structural weights (Fig. 14a) shows that BWR-wkNNC achieves a similar
optimal result with a much lower computational cost, compared with BWR.

Regarding population diversity (Fig. 14b), the two population diversity curves are quite similar at the
beginning, demonstrating that the use of wkNNC does not change the search nature of the BWR
algorithm. In later iterations, BWR-wkNNC maintains a more diverse population.
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(ii) The 25-bar truss:

- All methods achieved a value of 551.0372. BWR-wkNNC continues to lead in computation efficiency
with 2329 FEs compared to BWR’s 20,091. The resource efficiency in this problem was nearly 9 times.

- InFig. 15a, compared to BWR, BWR-wkNNC demonstrated a superior speed rate.

- Fig. 15b shows the similarity between the two population diversity curves, ensuring that the ability to
explore the design space of BWR-wkNNC is preserved even though the number of objective function
evaluations is significantly reduced. Similar to the 10-bar truss, BWR-wkNNC maintains population
diversity for longer than BWR.

(iii) The 52-bar truss:

- The optimal result of 1902.6055 was maintained across all algorithms. BWR-wkNNC achieved the
highest computational performance with 4799 NFEs.

- The structural weight convergence curve in Fig. 16a shows that BWR-wkNNC completed the optimiza-
tion process extremely efficiently compared to BWR.

- Fig. 16b shows that the population diversity of BWR-wkNNC and RWR decreased along almost the same
path through the iterations. This indicates that the wkNNC prediction mechanism is very reliable.

(iv) The 72-bar truss:

- All four algorithms achieved a best value of 389.3342. BWR-wkNNC consumed 6973 NFEs, while BWR
required 42,574.

- Fig. 17a shows that BWR-wkNNC continues to maintain its computational advantage over BWR.

- In Fig. 17b, population diversity is maintained at a higher level by BWR-wkNNC, demonstrating that
WKNNC effectively replaces exact computations without losing important population information.

(v) The 160-bar truss:

- 'This is a large-scale and complex truss problem; yet all BWR variants still find an optimal weight of
1336.0308. BWR-wkNNC (SD = 3.3108) shows significantly higher stability than BWR-ikNNC (SD =
8.1347) and only requires 12,311 NFEs.

- The computational cost was significantly reduced during the optimization with the presence of WkNNC
as seen in Fig. 18a.

- Fig. 18b clearly illustrates that BWR-wkNNC maintains population diversity like RWR (Fig. 18b),
showing high stability even in large variable spaces.

(vi) The 200-bar truss:

- In this complex problem, the original BWR achieved the best result (27,298.9403). Other algorithms
closely matched with very small deficiencies. It is observed that while BWR-wkNNC is significantly more
efficient, requiring only 10,511 NFEs compared to 84,355 for BWR, there is a minor degradation in the
best weight (27,430.3049) compared to the original BWR (27,298.9403). This loss of global optimality,
approximately 0.48%, can be attributed to the sparsity of the neighbor database in the high-dimensional
search space (D = 29). In such large-scale problems, the wkNNC filter may occasionally misidentify high-
quality candidates near the feasibility boundary as unpromising due to the limited local information
provided by only 50 data points (current population and archive). This represents a standard accuracy-
efficiency trade-off; however, considering that BWR-wkNNC achieved this result with nearly 8 times
fewer function evaluations, the method remains highly superior for practical engineering applications
where computational time is the primary obstacle.

- Fig. 19a further illustrates the computational cost reduction capabilities of BWR-wkNNC.
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- Regarding population diversity, the population diversity convergence curve shows a similarity between
BWR-wkNNC and BWR, with BWR-wkNNC maintaining a slightly higher value (see Fig. 19b). This
confirms that BWR-wkNNC retains the robust search capabilities of BWR in large problems.

(c) Comparison with other state-of-the-art metaheuristics

Comparisons are made with other metaheuristic algorithms performed on the same problems, as
summarized in Table 9. The algorithms selected for comparison, including aeDE [51], EFA [52], CETDE [53],
and BO [54], are those that yielded highly competitive results. Comparison criteria include accuracy;, stability,
and efficiency. A comparison for the 25-bar problem is not conducted because the results for this problem
are not included in the published comparison algorithms.

Table 9: Comparison between BWR-wkNNC and other metaheuristic algorithms.

Problem Method Best Mean Worst SD NSA
aeDE [51] 5490.7379 5502.623 5549.204 20.780 2550

EFA [52] 5490.738 5528.227 5551.985 18.367 2070

10-bar CETDE [53] 5490.738 5509.197 5547.064 20.218 20.218
BO [54] 5490.7379 5504.2088 5514.4028 8.901 1260

BWR-wkNNC 5490.7379 5493.6019 5522.2205 73179 1705

aeDE [51] 1902.605 1906.735 1925.714 6.679 3402

EFA [52] 1902.605 1904.775 1910.942 3.045 2894

52-bar CETDE [53] 1899.654* 1903.695 1924.582 5.902 3223
O [54] 1902.6055 1904.4047 19079661 1.891 5760

BWR—wkNNC 1902.6055 1904.8343 1914.6236 3.9513 4011

aeDE [5]1] 389.334 390.913 393.325 1.161 4101

EFA [52] 389.334 391.376 393.826 1.376 3123

72-bar CETDE [53] 389.070* 390.072 393.11 1.157 2868
BO [54] 389.3342 390.2501 391.9601 0.982 7020

BWR-wkNNC 389.3342 390.6462 393.8492 1.4931 4549

aeDE [51] 1336.634 1355.875 1410.611 18.805 21,265

EFA [52] 1336.704 1372.551 1429.253 34.706 15,183

160-bar CETDE [53] 1332.9559* 1342.3202 1395.5229 15.9427 7336
O [54] 1336.3502 1338.3399 1345.4180 2.7087 60,800

BWR—wkNNC 1336.0308 1339.7084 1346.9053 3.3108 9625

aeDE [51] 27,858.500 28,425.871 29,415.000 481.590 11,644

EFA [52] 27,421.944 28,434.603 30,180.343 749.0776 5023

200-bar CETDE [53] 27,449.18 28,920.88 31,261.482 1086.581 6548

BO [54] - - - - -
BWR-wkNNC 27,430.3049 28,166.6289 28,894.5516 387.9270 8571

Note: *These optimal results violate the constraints as indicated in Table 7 in Pham et al. [43].

(i) The 10-bar truss:

- Accuracy: BWR-wkNNC, along with other algorithms, found the best structural weight (Best) of
5490.7379.



Comput Model Eng Sci. 2026;147(1):15 29

Stability: BWR-wkNNC excelled with the lowest Mean (5493.6019) and SD (7.3179) values. This
demonstrates the algorithm’s high reliability and minimal variability between runs.

Efficiency: Although the BO algorithm had the lowest number of structural analysis (NSA), BWR-
wkNNC maintained a competitive NSAs (1705) while achieving better stability.

(ii) The 52-bar truss and 72-bar truss:

Accuracy: The best optimal weight achieved by BWR-wkNNC in these two examples is comparable
to most competitors (1902.6055 in the 52-bar problem, 389.3342 in the 72-bar problem). The CETDE
algorithm yielded lower results (e.g., 1899.654 in the 52-bar problem or 389.070 in the 72-bar problem),
but these results violated design constraints (constraint violation value, CV = 0.0002 for 52-bar and CV
=0.00004 for 72-bar as reported in Pham et al. [43]).

Stability and efficiency: BWR-wkNNC is not competitive with other algorithms in these two examples.

(iii) The 160-bar truss:

Accuracy: Compared to other algorithms except CETDE, BWR-wkNNC found the smallest optimal
weight value (1336.0308). Although CETDE yielded a lower weight, it violated constraints with CV =
0.0007 (see Ref. [43]).

Efficiency: The most notable feature is that the NSAs (9625) of BWR-wkNNC is much lower than that
of aeDE (21,265), EFA (15,183), and BO (60,800). This confirms that the wkNNC mechanism helps the
algorithm solve large problems with very economical computational costs.

Stability: BWR-wkNNC achieved an SD of 3.3108, second only to BO (using much higher computaitonal
resource), demonstrating the algorithm’s good stability.

(iv) The 200-bar truss:

Accuracy: BWR-wkNNC achieves the second-best optimal weight value after EFA. However, other
statistical results such as Mean (28,166.6289) and Worst (28,894.5516) are lower than other algorithms.

Stability: The algorithm achieves the lowest SD (387.9270). In large-scale problems like the 200-
bar problem, maintaining a low SD is very difficult, and this result confirms the greater stability of
BWR-wkNNC compared to other algorithms.

Computational efficiency: BWR-WkNNC performed better than aeDE and slightly worse than EFA
and CETDE.

5 Conclusion

This paper introduces a new k-NNC framework, the weighted k-NNC, for reducing expensive structural

analyses when performing structural optimization using metaheuristic algorithms. Additional improve-
ments include: integrating the set of infeasible solutions into the database for the k-NNC model, adding
distance weights to the k nearest neighbors, and including the refinement for potential designs. The
effectiveness of WkNNC is demonstrated through its integration with the BWR algorithm and its application
to discrete sizing optimization problems for truss structures. Some key results achieved are as follows:

The wkNNC method (with the parameter value k = 3) significantly improves the ability to eliminate
unnecessary structural analyses (skip rate up to nearly 90% with accuracy up to 98%). For large-
scale problems (e.g., 160-bar and 200-bar trusses), the advantage of BWR-wkNNC becomes even more
apparent (reducing NFE by almost 8 times in the 200-bar problem).

Integrating wkNNC does not significantly change the convergence capability of the original algorithm
or lose the diversity of the population.
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- The wkNNC, when combined with BWR algorithm, produces a powerful and reliable optimization tool
(BWR-wkNNC). Its performance, compared to some state-of-the-art algorithms, is summarized in three
main points:

- High accuracy: BWR-wkNNC consistently ranks among the top in finding the best solutions.

- Leading stability: BWR-wkNNC surpasses algorithms such as aeDE, EFA, and BO in terms of result
consistency, especially in problems with a large number of variables.

- Balanced efficiency: BWR-wkNNC achieves a balance between reducing the number of structural
analysis and maintaining solution quality, especially in large-scale truss optimization problems.

In summary, the wkNNC method is a robust optimization tool that successfully resolves the computa-
tional bottleneck of metaheuristic structural optimization. By combining distance-weighted dominance, an
active infeasible archive, and a potential solution refinement safeguard, it reduces the need for expensive FEA
by approximately 80%-90% without compromising accuracy. This framework is exceptionally suited for the
design of complex, large-scale engineering structures where the high cost of structural analysis previously
prohibited the use of advanced metaheuristic algorithms.

Nevertheless, the wkNNC performance when combined with other metaheuristic algorithms, e.g.,
algorithms with different convergence dynamics, remains uncovered. Besides, the application of wkNNC to
mix variables problems has been unexplored. These limitations need a further study.
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