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Abstract

Evolutionary Algorithms (EAs) are those based on the phenomenon of survival of the fittest.
Differential Evolution (DE) is a member of this family, and it is well-suited for handling
problems with real-valued variables. However, to use DE to solve binary problem:s, it is
necessary to employ some adaptation. The primary objective of the present study is to
develop a new binary version of DE. The proposed algorithm is called Binary Differential
Evolution with a limited maximum number of dimension changes (NBDE), and it was
tested with the OneMax Problem, five variants of the Knapsack Problem (KP), and Feature
Selection (FS). The results showed that NBDE is competitive and superior to the other
tested algorithms in many instances. For the 0/1 KP and 0/1 Multidimensional KP, NBDE
outperforms all the other algorithms for all instances. For the FS problem, the proposed
algorithm demonstrates good accuracy as its primary quality. The proposed algorithm
exhibits a satisfactory performance, particularly in high-dimensional problems, which
appears to be a quality inherited from the method that inspired its creation. This is
particularly interesting because it provides empirical evidence that the importation of
operators can perpetuate a pattern of behavior in algorithms with different structures.

Keywords: Evolutionary Algorithms; differential evolution; binary optimization problems

1. Introduction

Evolutionary Computing (EC) is a research area within computer science that draws
inspiration from the natural evolution process. To illustrate this analogy, consider an
environment populated by individuals that strive for survival and reproduction. The fitness
of these individuals represents their chances of survival and of multiplying. Meanwhile, in
the context of a problem-solving process, we have a collection of candidate solutions, and
their quality determines the likelihood that they will be retained and used as parents for
constructing further candidate solution components in the next generation [1].

Evolutionary Algorithms (EAs) are those based on the phenomenon of survival of
the fittest, and there are many different variants of them. Differential Evolution (DE),
developed by [2], consists of mutation, crossover, and selection. The mutation operator is
based on the addition of a scaled difference in two randomly selected vectors to another
existing one, and the name of the method is derived from this characteristic [1].
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According to [3], DE is considered one of the most effective EAs for handling problems
with real-valued variables due to its simple structure, robustness, speed, and ease of use.
Originally, DE was developed to operate in continuous search spaces because of the use of
the scaling factor F to control the amplification of the differential variation and therefore
the rate in which the population evolves, as it is a real number in the interval [0, 2], but
since its introduction, it has become subject of interest of many researchers, and many of
them have studied forms for its binarization [3-9].

Methods of binarization using logic operators, transfer functions, or Probability Es-
timator Operators (PEOs) are effective; however, they add complexity that detracts from
DE’s original simplicity, a key characteristic for this study. Therefore, it should be pre-
served. That is why we chose to work with an approach that dealt with non-parametric
mutation operators.

Although the current state of the research field represents great advancements in
the field of EAs, particularly concerning the application of binary versions of DE, new
studies and innovations in this area are still necessary given the relevance of binary com-
binatorial optimization problems such as the 0-1 Knapsack Problem, the uncapacitated
facility location problem, the maximum coverage problem, the feature selection problem,
software and hardware partitioning problems, and the Knapsack Problem with a single
continuous variable [8].

In this context, the primary goal of the present study is to develop a new binary version
of DE, aiming to leverage its strengths while addressing the specific requirements of binary
optimization problems. It was created by substituting the original differential mutation
operator for the schema proposed in [10], which is a flipping operator incorporated within a
mechanism that chooses and limits the maximum number of dimensions to be flipped. Since
the new method is developed by importing a mutation operator from another algorithm,
the secondary goal of this study is to analyze whether this importation is capable of
perpetuating the behavior observed for the donor algorithm.

The next sections of this paper are organized as follows: Section 2 brings a review
of the current state of the art for DE and Binary Differential Evolution (BDE). Section 3
details the proposed algorithm. Section 4 describes in detail the methodology used in the
development of the present study. Section 5 presents the results of this study, along with a
discussion of the findings. Finally, Section 6 concludes this work.

2. Current State of the Research Field

DE is an evolutionary computing technique originally developed by Storn and Price
in 1995 [2]. The first step of DE is the initialization of a random population of parameter
vectors. After initialization, the algorithm continues searching for the optimal solution,
updating the generations of individuals through the operations of Mutation, Recombination,
and Selection.

At the mutation stage, for each target vector x; g, a mutant vector v; g4 is generated
according to Equation (1):

0iG+1 = %r1,6 + F- (%26 — %3,6) (1)

where the indices r1, 15, and 3 € {1,2, . .., NP} are chosen randomly and must be different
from each other and also from I; thus, the number of individuals in a population must be at
least four. F is a real number belonging to the interval between 0 and 2, not including zero,
which controls the amplification of the difference vector (x,5,c — X,3,G)-

To increase diversity within the perturbed population, after mutation, the new vector
is modified through the process of crossover, and the target vector is combined with the
mutated vector using the scheme of Equation (2) to result in the trial vector:
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(o if (r(j) <CR) or j=rn(i
- { g1 i (r(j) < CR) or j=rn(i) 2

xjic if (r(j) > CR) or j#rn(i)

Forj=1,2,..., D, r(j) € [0, 1] is the j-th evaluation of a uniform random number
generator. CR is the crossover rate (CR € [0, 1]). rn(i) € (1,2, ..., D) is a randomly chosen
index that ensures that u; g1 receives at least one element from v; ;1 to ensure that new
vectors are produced and the population changes.

In the selection step, a greedy selection scheme is employed. If the trial vector yields a
better cost function than the target vector, it is accepted as the new parent vector for the
next generation G + 1. Otherwise, the target vector is retained to serve as the parent for the
next generation, G + 1.

The original DE was designed to operate in continuous search spaces; therefore, to
apply it to binary problems, some modification is necessary. In the literature, various
mechanisms can be found to operate this adaptation. Among them, we can nominate the
use of logic operators in the substitution of arithmetic operators [4,6,9,11-16].

The Binary Differential Evolution (BDE) of Wang and Guo [12] substitutes the arith-
metic operators in Equation (1) for the logic operators OR, AND, and XOR, respectively. In
addition, the Scaling Factor F is a 0/1 matrix randomly chosen.

Other authors have resorted to the use of transfer functions to develop binary methods
of optimization based on DE. These functions can be used to transform continuous variables
into discrete ones [17], and they can be applied to the initial solutions generated [3], after
mutation [18], after crossover [19], or to the factor F [20].

Another interesting way of using transfer functions to adapt DE to binary prob-
lems is presented by [21]. They developed the Angle-Modulated Differential Evolution
(AMDE) using homomorphic mapping, implemented through Angle Modulation, to trans-
fer continuous-valued spaces to binary-valued spaces.

A population of continuous individuals is generated and evolved through the original
DE. Whenever a fitness evaluation is required, a bitstring is generated using Equations (3)
and (4). The same procedure is used to transform the final solutions into binary vectors.

g(x) =sin(27t(x —a) x b x cos(2m(x —a) xc)) +d 3)

= (4)

1 if g(x)>0
0 if g(x) <0

where x is a single element from a set of evenly separated intervals determined by the
dimension of the original binary problem, and the coefficients a, b, c, and d determine the
shape of the generating function.

Engelbrecht and Pampara [22] used similar approaches to develop binary DE (binDE)
and Normalization DE (NormDE). The common idea among these methods is to utilize orig-
inal DE to evolve the population and generate bitstrings from the continuous individuals
whenever necessary (for fitness evaluations and final solution transformation).

In binDE, concepts are borrowed from the binary Particle Swarm Optimization (PSO)
of [23]. The floating-point x;(t) is used to generate a bitstring solution from Equation (5).
The fitness function uses this bitstring to determine its quality. The resulting fitness is then
associated with the floating-point representation of the individual.

it) = {1 if U(0,1) < f(xi(t)) 5

otherwise

where f(x;(t)) is the sigmoid function.
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NormDE first normalizes the solution represented by each individual. That is, each
component of each individual is linearly scaled to the range [0, 1] using Equation (6).

xj(t) = (g(6) + ) /

are the smallest and largest component values for the i-th individual,

X ()] 4 x5 (1)) ©)
min max
1 1

respectively. The bitstring solution is then generated using Equation (7).

it) = {1 if xj(t) <05 -

otherwise

where x™" and x

Other authors have developed binary mutation operators based on Probability Estima-
tor Operators (PEOs) [12,24-26]. Another strategy found in the literature is the development
of nonparametric mutation operators, which means creating mutation operators that are
not dependent on parameters such as the Scale Factor F, whose value varies linearly from 0
to 2, and therefore yields nonbinary vectors. Authors such as [7,27-29] have adopted this
strategy to construct their binary versions of DE.

3. Proposed Algorithm

In the DE algorithm, the use of a continuous Scaling Factor F is responsible for
generating nonbinary vectors after the mutation operation in the original DE algorithm. In
fact, if a binary initial population is generated, the mutation is the only operation in DE
that cannot be performed without changing the individuals into the continuous space.

So, through the analysis of the binarization methods found in the literature, that
is, the use of logic operators, the use of transfer functions, the development of binary
mutation operators based on the use of PEOs and the development of nonparametric
mutation operators, the last alternative appears to be the simplest, as it does not imply the
insertion of complex functions and operates by suppressing the one parameter responsible
for disturbing binary solutions.

The authors of DE themselves consider the simplicity of the method one of its main
advantages [2]; therefore, it is considered important to retain this characteristic. To achieve
this goal, a literature search was conducted to identify a new non-parametric mutation
operator suitable for binary spaces.

The search was not restricted to DE methods, as it is known that the combination of
mechanisms belonging to different families of metaheuristics, such as in the work of [30,31],
is a recurrent strategy for the improvement of algorithms’ performance.

A particular mechanism was identified that not only met the expected requirements
of simplicity but also demonstrated its ability to enhance the method’s performance. The
idea was presented by [10] and used for the development of a Novel Binary Artificial Bee
colony Algorithm (NBABC).

DE suffers from loss of diversity over generations because it generates new individu-
als through vectorial differences between individuals in the population. As generations
progress, solutions tend to align around the most promising individuals, which can lead
to premature stagnation. This is one reason why it is believed that the NBABC mutation
mechanism can help solve the problem of DE'’s loss of diversity, as individuals are mutated
according to a flipping schema that does not depend on that difference.

The mechanism consists of assigning a number numg;,, of randomly chosen dimen-
sions from the selected food source to the current food source. This number is calculated
according to Equation (8):

numg;,, = ceil(max_flips x D) 8)
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where max_flips is a user parameter that must be set in the interval [0, 1], and ceil() is a
function used to guarantee that at least one dimension is selected to be changed. After
that, numg;,, is randomly selected in the current food source; each one is compared to the
corresponding dimensions in another randomly selected food source, and the different
dimensions are set to those in the chosen food source. This procedure substitutes the
equation used in the employed bees’ phase and the onlooker bees’ phase.

The procedure described is suitable for substituting the mutation equation in the DE
algorithm, as it can introduce variability into individuals without requiring any parameters.
This simple modification enables traditional DE to operate in binary spaces, resulting in
a Binary Differential Evolution with a limited maximum number of dimension changes
(NBDE) algorithm that is competitive or superior to many other binary algorithms and
binary DE variants, as demonstrated in the Results Section. The NBDE process is described
in Algorithm 1.

Algorithm 1 starts by setting the following parameters: POP_SIZE (integer), the
population size; D (integer), the problem dimension; MAX_EVAL (integer), the termination
budget in number of fitness evaluations; max_flips (real in [0, 1]), the fraction of bits allowed
to change during mutation; and CR (real in [0, 1]), the Crossover Rate.

At each iteration, every x; € {0,1}P (the current individual at index i) is mutated to
produce a vector v by copying num,g;,, positions from a uniformly sampled donor x,1 (r17i)
into x;. Next, a trial vector u is generated via binomial crossover between v and x;. Then,
greedy selection is applied between u and x;, which means that if the fitness of u is bigger
than the fitness of x;, we set u—ux;; otherwise, x; is retained. The survivor is kept as the
parent for the next generation.

Algorithm 1: NBDE Pseudocode

1 Set parameters

2 Initialize Population

3 for iteration in range(MAX_EVAL)
4 for i in range(POP_SIZE):

5 Randomly select one individual x,; from population # i
6 Create v as a copy of i

7 Set numg;,, = ceil(max_flips x D);

8 Select num_dim random dimensions j from the food source using a uniform
distribution;

9 for each selected dimension j do:

10 if vlj] # x_r1[jl

11 olj] < x_r1[jl

12 end

13 else

14 olj] < x_r1[j]

15 end

16 end

17 Create u as the result of the crossover between v and i
18 Apply selection between 1 and x;

19 end

20 end

4. Materials and Methods

The proposed NBDE was developed in Python (version 3.13.5) using the Visual Studio
Code (version 1.104.2) Integrated Development Environment on a machine with Windows
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10 Home Single Language (64-bit) operating system, equipped with an Intel Core i3-6006U
processor, a dual-core processor with four threads, and a base frequency of 2.0 GHz. The
machine has 4 GB of RAM.

NBDE was tested using benchmarks and real-world problems, as described in the
topic “Selected Problems” in this section, and compared with other algorithms, as detailed
in the topic “Selected Algorithms”. All the data used for the benchmark problems were
generated by the authors as described in the Section “Data Generation Procedure”. The
data used for the Feature Selection (FS) real-world problem were obtained from the UCI
Machine Learning Repository, as detailed in the description of the FS problem.

The parameters used in the experiments are detailed in the “Parameter Configuration”
Section. There are also two topics in this section that describe the methodologic procedures
used for the Sensibility Analysis and the Complexity Analysis carried out, they are Topics
4.5 and 4.6, respectively.

4.1. Selected Algorithms

The selected algorithms to comparison with the NBDE include binary versions of
DE like the binDE and the NormDE of [22], the AMDE of [21], the BDE of [12], and
binary versions of other metaheuristics like the NBABC of [10], the Binary Particle Swarm
Optimization (BPSO) of [23], the Normalized Binary Artificial Bee Colony (NormABC)
of [32], and also the Genetic Algorithm (GA) of [33].

4.2. Selected Problems

To assess the performance of the proposed NBDE, we selected three types of problems:
OneMax, Knapsack, and Feature Selection, as in [10]. The One Max Problem consists of
maximizing the number of 1 bits in the input vector. It is useful to investigate how well
algorithms designed for more complicated situations perform in benign circumstances [34].

The 0/1 Knapsack Problem (KP) consists of a set of n items, each of which has a
value v;, and some cost ¢;. To solve the problem, it is necessary to select a subset of those
items that maximizes the sum of the values while keeping the total cost within some given
capacity Cpay [1].

The 0/1 Multidimensional Knapsack Problem (MultiKP) is a variation of the KP. In
the MultiKP, there is a set of resources with a capacity b;, and each item consumes a given
amount of each resource. The problem is to select a subset of items that maximizes the sum
of the values without exceeding any of the capacities of all the resources [35]. In this study,
we consider two resources.

The Multiple Knapsack Problem (MKP) is another variation of the 0/1 KP where there
is more than one knapsack, each with a capacity c; = (i = 1,.. ., n) that may be different or not.
The problem involves selecting disjoint subsets of items for each knapsack, ensuring that the
total weight of the items in each knapsack does not exceed its capacity, while maximizing
the overall profit of the selected items [36]. The selected MKP uses five knapsacks with
equal capacities, and the total capacity of all the knapsacks together corresponds to the
total weight of all the items.

The 0/1 Subset Sum Problem (SS) is also a variation of 0/1 KP, where we are given a
set of n items with each having a weight w; and a knapsack with a capacity c. The goal is
to select a subset of items whose total weight is closest to c. The bigger the total weight,
the better the quality of the subset, but never exceeding c¢ [37]. The capacity ¢ chosen
corresponds to seventy percent of the total weight of the items, and we used a light penalty
that attributes the difference between the target value and the excess weight to the fitness
of any unfeasible solution.
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The Multiple-Choice Knapsack Problem (MCKP) adds constraints to the KP that
prohibit the inclusion of an object in the solution set if another object is selected [38]. We
chose to add a constraint that determines that only one item per class can be selected and a
total of 5 classes with the same number of items.

Feature Selection is a real-world problem that involves finding a subset of features
within a larger set in a way that improves a predictive model, retaining original features
while eliminating irrelevant or redundant ones, thereby striking a balance between dimen-
sionality reduction and interpretability [39].

As with the benchmark problems, for the feature selection experiments, we attempted
to follow the steps detailed in [10] as closely as possible. Therefore, we selected six of the
UCI datasets used by the authors. The datasets are described in Table 1.

Table 1. UCI Datasets for the FS Problem.

Dataset Instances Features
Wine 178 13
Vehicle Silhouettes 846 18
Ionosphere 351 34
German Credit Data 1000 20
Breast Cancer Wisc. 569 30
Muskl1 476 166

The K-Nearest Neighbours (KNN) algorithm with five neighbours was used as a
classifier, and 10-fold cross-validation was employed to evaluate its performance on the
training set. The training set is randomly selected from the data imported from UCI,
corresponding to 70% of the samples for each dataset. The remaining 30% of the samples
are used as the test set.

Each algorithm tries to optimize the number of selected features through 6000 fitness
evaluations. At the end of each execution, the best solution found is evaluated on the test
set. The fitness function used is demonstrated in Equation (9):

fit = o - accuracy + (1— ) (1 - j;i) )

where accuracy is the cross-validation accuracy obtained on the training set, o is defined
by the user within the interval [0, 1], and it was set to 0.9. #SF is the number of selected
features, and #TF is the total number of features of the dataset.

4.3. Data Generation Procedure

All the data used to carry out the experiments in this section were generated using
algorithms written in Python (version 3.13.5). To ensure reproducibility, we used seeds
when generating values from the random library (standard library from Python, version
above). The seed selected was 42.

To obtain optimal results for comparison with those of the selected metaheuristics,
the problems were solved using the Coin-or Branch and Cut (CBC) solver included in the
Python wrapper OR-Tools (version 9.14.6206) developed by Google [40].

4.4. Parameter Configuration

For all the selected problems, we conducted 50 independent runs with 6000 fitness
evaluations and a population of 30 individuals for standardization purposes. For the re-
maining parameters, we sought recommendations in the literature, except for the proposed
algorithm, for which we resorted to parameterization tests.
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For the BinDE, NormDE, and AMDE, we used a crossover rate CR = 0.25 and a Scaling
Factor F = 1. For the AMDE, the parameters that generate the continuous individuals
range from [-1, 1], as indicated in [22]. For the BDE, we adopted the value indicated by its
authors in [12], a CR = 0.5. For our proposed NBDE, a parametrization test indicated a CR
= 0.5 and a maximum number of dimensions to be changed of n = 0.6, and there was no F.

For the NBAC, n = 0.1, and the trial limit is 50 [10]. For the NormABC, the trial limit
is set to 500 iterations [32]. For the GA, we adopted a mutation rate of 0.01 with bit-flip
mutation, a crossover rate (CR) of 0.7 using two-point crossover, and an elitist selection
strategy. This configuration was selected based on recommendations from [41] for KPs. For
the BPSO, we used coefficients of acceleration ¢ = ¢, =2 [23].

4.5. Sensitivity Analysis Methodologic Procedures

A Sensitivity Analysis (SA) was also carried out for the proposed method using
10 levels of the parameter max_flips, and the levels range from 0.1 to 1 in uniform intervals.
We performed fifty executions for each problem and each level. The Fitness value used in
the analysis is the average of the best fitness of each run.

For all benchmark problems, the instance with 1000 dimensions was selected for
analysis, and for the FS problem, the wine dataset was chosen. Since it was desired to
analyze all curves for all the problems together, the values of fithess were normalized to
the interval [0, 1].

4.6. Complexity Analysis Methodologic Procedures

A complexity analysis (CA) was carried out to assess how the increase in the number
of dimensions influences the execution time (scalability) of the proposed method and
to compare it with the other binary DE-based selected approaches. For simplicity, only
the DE-based algorithms were considered in this analysis because they share a general
structure, allowing the discussion to focus on the impact of each operator, which would be
harder in a wide heterogeneous section.

The OneMax problem was chosen for this analysis because it does not require extensive
data generation, unlike the other benchmark problems, which would demand significant
resources, especially considering the increase in the number of dimensions needed for the
analysis, which spanned 10 levels from 1000 to 10,000 in regular intervals. We performed
fifty executions for each considered algorithm for each level. The time value used in the
analysis is the average of the execution times with the best fitness for each run.

To analyze the linearity of the curves for dimensions changes x execution time we
used the scaling exponent j estimation, following the elasticity definition in power-law
models [42]. The exponent  was computed according to Equation (10):

B — dlog T _logT(dy) —logT(dy)
“dlogd ~  log(dy) —log(dy)

(10)

where T is the mean runtime of the best executions (seconds) at the dimension level d; this
relation was used only to obtain 8, using pairs of nearby dimension levels, while all other
analyses and plots were carried out on the original scale T vs. d.

5. Results and Discussion

In this section, the results of the carried-out experiments are presented. For all the
selected problems, we conducted 50 independent runs with 6000 fitness evaluations. The
average fitness of the best solution across the 50 simulations is reported, along with standard
deviations and the p-value obtained using the Wilcoxon test at a 95% confidence level.
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When the p-value indicates a significant statistical difference between two methods,
the symbol “>" is used to demonstrate superiority and “<” to indicate inferiority. The
symbol “~” is used to indicate that there is no significant statistical difference. For the
convergence graphs, the values are also extracted from the best execution.

The use of statistical tests, such as the Wilcoxon test, is essential to validate whether the
differences observed between methods are statistically significant or the result of random
variation. Similar strategies were employed in [43], where the Friedman test was applied
to confirm that the forecasting results obtained by different neural architectures exhibited
significant differences. Likewise, in [44], statistical metrics and significance tests were
also used to assess the comparative performance of bio-inspired algorithms in model
calibration tasks.

5.1. OneMax Problem

The OneMax Problem with 100 dimensions was used to evaluate the convergence of
the selected algorithms. Most of the algorithms were able to converge before 6000 fitness
evaluations. However, experiments show that the convergence for the GA and binDE
algorithms occurs at approximately 60,000 fitness evaluations. Since this number is sig-
nificantly higher than those of the other analyzed methods, it was chosen to stick with
6000 fitness evaluations.

Comparing NBDE with other binary algorithms that are not based on DE, we can see
from Figure 1a that NBDE and NBABC exhibit similar convergence behavior, and both
converge faster than the other methods.

100/ 100/
90 901
i 891 0 801
(1] @
S 70/ —— NBDE S NBDE
L L
—=— NBABC 70 —=— BDE
601 —— NormABC —— BinDE
—— BPSO 601 —+— NormDE
501 — GA —— AMDE
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
Number of Fitness Evaluations Number of Fitness Evaluations
(a) (b)

Figure 1. Convergence curves for (a) NBDE and other binary algorithms and (b) NBDE and other
binary DE-based algorithms on the OneMax problem with 100 dimensions.

Figure 1b shows a comparison between NBDE and other binary DE variants, where
we can see that NBDE converges faster than NormDE and binDE, and exhibits inferior
behavior compared to BDE. AMDE does not present a characteristic convergence curve,
probably due to the parameter setting that causes the algorithm to construct initial solutions
with a large number of 1 bits, thereby reaching maximum fitness prematurely and being
unable to improve afterward.

Despite the good convergence capacity of NBDE, Table 2 shows that its performance
at 100 dimensions for the OneMax Problem is not one of the best of the analyzed methods,
being superior only to NormABC, GA, and BinDE according to the Wilcoxon test.
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Table 2. Comparison of performance between NBDE and the other selected algorithms on the

OneMax problem.
Dimension NBDE NBABC BPSO NormABC GA binDE NormDE AMDE BDE
Fitness 99.6+£06  1000£00  100.0+£00  984+15  944+21  946+09 1000400  100.0£00  100.0+0.0
100 Wilcoxon - < < > > > < < <
Time 1.0£0.0 0.6+0.0 24402 0.8+0.1 01400 05401 0.5+0.0 0.9+0.0 04£00
Fitness 4708451  497.8+12  479.0+41  3774+47  3682+77  3967+38  3927+54  5000+00 4998404
500 Wilcoxon - < < > > > > < <
Time 31401 0.9+0.0 109+03 0900 01400 0.9+0.0 07400 1.0£00 05400
Fitness 895479  9266+68  8732%7.6  6849£7.1 66132'gi 746942 694865 100(%’ £ 9997406
1000 Wilcoxon - < > > > > > < <
Time 59£03 L1£00  21.9%02 1.0£0.0 0.1£0.0 14£05 1.0£0.0 11£0.0 0.6£0.0

For 500 dimensions, NBDE is still able to converge, whereas other algorithms, such as
NBABC and BPSO, which had previously converged at 100 dimensions, apparently require
a greater number of fitness evaluations. At this instance, it is possible to realize that NBDE
outperforms the same methods mentioned for 100 dimensions, in addition to the NormDE
method, which demonstrates a poor capacity to escalate dimensionality while maintaining
good performance.

For 1000 dimensions, NBDE still demonstrates the capability to converge, indicating a
good and consistent convergence capacity, even in high-dimensional problems, as shown
in Figure 2a,b.

- —e— NBDE 1000
—=— NBABC
—— NormABC 800
8001 —+— BPSO
A —— GA a
(] ]
57001 5 600 —— NBDE
L [T
—=— BDE
600 400 —— BinDE
—+— NormDE
—— AMDE
500 — ‘ ‘ . ‘ . ‘ : : : : : : :
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
Number of Fitness Evaluations Number of Fitness Evaluations
() (b)

Figure 2. Convergence curves for (a) NBDE and other binary algorithms and (b) NBDE and other
binary DE-based algorithms on the OneMax problem with 1000 dimensions.

A new analysis of the NBDE performance in Table 2 reveals that it now outperforms
BPSO, as determined by the Wilcoxon test. This result demonstrates that NBDE inherits
the NBABC characteristic of improving its performance in relation to other algorithms as
the number of problem dimensions increases.

When we analyze the average execution time in Table 2, we can observe that NBDE
has the second-highest time for 100, 500, and 1000 dimensions behind only BPSO. It
does not necessarily mean that it is inefficient, but in simple problems like OneMax, the
computational costs of the additional operations can become more evident due to the
simplicity of the fitness function evaluation. The same behavior may not be observed for
more complex problems, where the computational cost will be more closely tied to the
fitness evaluation time.
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5.2. Knapsack Problem

For the following problems, we chose to focus on the method’s performance, as we
already discussed the convergence ability through the analysis of the OneMax problem.
The results for the 0/1 Knapsack problem with 100, 500, and 1000 dimensions are presented
in Table 3, where it is evident that NBDE outperforms all the other tested algorithms, as
confirmed by the Wilcoxon test.

Table 3. Comparison of performance between NBDE and the other selected algorithms on the

0/1 Knapsack Problem.
Dimension NBDE NBABC BPSO NormABC GA binDE NormDE AMDE BDE
Fitn 119854+ 11,7213+ 11,8238+ 11,0532+ 105064+ 105947+ 1157774+ 93930+ 11,6263+
100 58 69.1 76.4 59.9 115.7 299.2 132.8 97.2 205.93 153.24
Wilcoxon - > > > > > > > >
Time 132+02  074+£01  247+01  085£00  0.16+0.0 0.5+0.0 062£00  093£00  053+0.1
Fitness 61,3219+ 577986+  59,731.829 519929+ 504650+ 489915+ 531271+ 463789+ 457696+
500 490.9 507.7 +£520.5 623.3 1060.1 534.4 563.1 617.1 740.7
Wilcoxon - > > > > > > > >
Time 32402 094£00 116404 0.9+00 02400 0.6+0.0 0.8+0.0 1.0£00 08402
Fitn 1151329+ 1073562+ 11,1623+ 97,1385+ 943883+ 90,1670+  98503.1+ 878113+ 861943+
1000 es 860.4 874.6 1093.1 672.9 1597.9 958.1 718.7 781.1 10113
Wilcoxon - > > > > > > >
Time 55401 13£00 234+ 11 1.1£0.0 02400 07401 1£0.0 12£00 08+0.1

It is also possible to observe that as the number of items in the knapsack increases, the
difference between NBDE and the other algorithms’ performance also increases, confirming
what was previously observed for the OneMax problem, even though NBDE was unable to
surpass the performance of the other algorithms.

It is acceptable for one method to perform better than others in certain types of prob-
lems and not exhibit the same behavior in a different one, even when it is considered simpler,
because it may require a different parameter setting. For the sake of a fair comparison, we
are unable to adjust the parameters according to the type of problem.

The time analysis reveals the same behavior observed for the OneMax problem, as
shown in Table 3.

5.3. Multidimensional Knapsack Problem

The results for the 0/1 Multidimensional Knapsack problem with 100, 500, and 1000 di-
mensions are presented in Table 4, where it is evident that NBDE outperforms all the other
tested algorithms, as confirmed by the Wilcoxon test. The time analysis, as shown in Table 4,
reaffirms the consistency in the behavior of the algorithms. NBDE maintains its position as
the second-highest in time consumption, as discussed for the OneMax problem.

Table 4. Comparison of performance between NBDE and the other selected algorithms on the
0/1 Multidimensional Knapsack Problem.
Dimension NBDE NBABC BPSO NormABC GA binDE NormDE AMDE BDE
Fit 3854.8 + 3773.6 £ 3820.9 + 3527.9 + 33024 + 3336.7 + 3680.5 & 2996.1 + 3479.7 +
100 tness 259 35.3 322 542 121.5 452 401 60.8 102.5
Wilcoxon - > > > > > > > >
Time 14£01 08400 29405 09400 02400 0.640.1 07400 1.0£00 05400
Fitn 194596+ 181800+ 190211+ 165786+ 159941+ 154968+ 168834+ 148679+ 14,6300+
500 €58 148.9 198.2 173.6 196.1 408.1 177.05 203.4 146.6 2738
Wilcoxon - > > > > > > > >
Time 37407 11£01 11802 1.0£0.1 02400 0.8+0.0 09401 12401 0.1£01
Fitness 359062+ 335520+ 351433+ 313181+ 30,6944+ 292484+ 316851+ 29,1456+ 284276+
1000 293.5 304.1 258.2 261.3 460.4 264.1 2219 2153 348.2
Wilcoxon - > > > > > > > >
Time 56402 14201 23.1+04 12£01 03£00 1.0£01 11£01 1.3£0.1 08+0.1
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5.4. Multiple Knapsack Problem

The results for the 0/1 Multiple Knapsack problem with 100, 500, and 1000 dimensions
are described in Table 5. On this problem, NBDE was able to outperform the algorithms
NormABC, GA, and BinDE for all instances and NormDE for 500 and 1000 dimensions.
NBABC, BPSO AMDE, and BDE outperformed the proposed algorithm for all instances.

Table 5. Comparison of performance between NBDE and the other selected algorithms on the
0/1 Multiple Knapsack Problem.

Dimension NBDE NBABC BPSO NormABC GA binDE NormDE AMDE BDE
Fitn 158505+ 158986+  15896.6+ 154842+ 1511774 152528+ 1589884  15873.64 158954 &
100 €ss 65.0 0.8 54 202.7 2439 133.1 0.4 9.4 7.0
Wilcoxon - < < > > > < < <
Time 1.9+0.1 15+0.1 31403 1.6+0.1 1.0+0.1 13402 14401 20+0.1 17402
Fitness 82,0237+ 852995+ 832945+ 667754+  65071.0+ 693300+ = 692424+ 86,0403+ 86,1953+
200 7272 235.8 506.9 803.6 1480.2 592.8 810.2 90.8 65.5
Wilcoxon - < < > > > > < <
Time 68+03 46402 141404 40403 38+02 45401 43403 67+1.0 70405
Fit 1524064+ 1569377+ 1501740+ 1180667+ 1142288+ 1276599+  119,080.0+  168,043.9+ 1681143+
1000 1mness 11314 987.7 1130.4 1266.0 18115 797.6 847.5 5.1 955
Wilcoxon - < < > > > > < <
Time 1254+05 78+02 279+1.1 71405 6.9+02 84+10 78+06 11.8+0.6 14.0+09
5.5. Multiple Choice Knapsack Problem
For this problem, the results are presented in Table 6, which shows that there is no
significant statistical difference between most of the methods. In fact, NBDE was only
statistically different from GA for all instances, AMDE for 100 and 1000 dimensions, and
BDE for 1000 dimensions.
Table 6. Comparison of performance between NBDE and the other selected algorithms on the
0/1 Multiple Choice Knapsack Problem.
Dimension NBDE NBABC BPSO NormABC GA binDE NormDE AMDE BDE
Fitn 13515+ 13524 & 13622 + 1356.7 & 10289 & 13519 & 13485 + 13363 + 1354.0 £
100 €58 36.12 40.48 40.70 4597 135.20 4135 39.73 39.20 38.38
Wilcoxon - - - - > - - > -
Time 21401 17400 38404 22403 13400 17402 21402 20+0.1 17404
Fitn 1373.6 + 13713 + 13653 + 13709 + 11712+ 1366.1 & 1376.14 & 13709 + 1367.3 +
00 €ss 247 234 243 206 83.0 17.7 219 23.2 20.5
Wilcoxon - - - - > - - - -
Time 39402 2.0+00 13.0+0.8 24402 13+0.1 1.9+0.1 23402 21+0.1 1.7 +0.0
Fitness 1391.7 + 1390.5 + 1384.9 + 1390.5 + 11959 + 1385.8 + 13873 + 1387.5 + 1381.6 +
1000 20.0 253 23.8 26.9 69.9 275 245 247 20.9
Wilcoxon - - - - > - - > >
Time 6.1+02 23+0.1 246405 23401 13400 21401 26402 22401 18402

The Wilcoxon test analysis suggests that the problem in the chosen configuration may
have a low difficulty level, and therefore, most methods are capable of producing similar
good results.

5.6. Subset Sum Problem

Table 7 contains the results for the Subset Sum Problem, and once again, NBDE
presented a very good performance for 100, 500, and 1000 dimensions. The Wilcoxon
test did not find enough evidence of statistical difference between NBDE and NBAC
on this problem for all instances. Since the average fitness values are very close, we
consider them to be competitive. Other algorithms were also able to achieve competitive
performance compared to NBDE and NBAC in some instances, such as NormABC for
100 and 500 dimensions, and NormDE and BDE for 100 dimensions.
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Table 7. Comparison of performance between NBDE and the other selected algorithms on the
0/1 Subset Sum Problem.

Number of Fitness Evaluations

Dimension NBDE NBABC BPSO NormABC GA binDE NormDE AMDE BDE
Fitness 1726.0 + 1726.0 + 14153+ 17260 + 17259+ 17258 + 1726.0 + 17258+ 17260+
100 0.0 0.0 663.1 0.0 04 04 0.0 05 0.0
Wilcoxon - - > - > > - > -
Time 1.0+02 0.7+0.0 24+01 08+0.1 0.2£0.0 0.5+0.1 0.6+0.0 08+0.1 0.7+0.1
. 8408.0 + 8408.0 + 8407.8 = 8407.7 = 8407.8 + 8407.9 + 8406.3 =
Fitness 00 00 04 05 06 0£0.0 0.0 01 0.0+ 0.0
500 Wilcoxon - - > - > > > > >
Time 28401 1.0£0.1 163+32  09+0.1 02400 1.0£03 0.7 +0.0 1.0£0.1 0.8+0.0
A 174010+ 174010+ 170237+ 73079+ 173987+ 17,3984+
Fitness 0o 01 0.0+£0.0 fymeh 3587 5 0.0 £0.0 e a1 0.0+ 0.0
1000 Wilcoxon - - > > > > > > >
Time 27400 13£00  331+24  1.0£00 02400 12£02 14£03 12£02 0.8+00
In this case, the increase in dimensionality improves NBDE's performance over other
algorithms, even when they are comparable for 100 dimensions. Especially for some al-
gorithms, such as binDE and BDE, which were unable to find any solutions for 500 and
1000 dimensions. The time analysis in Table 7 follows the same pattern from the previ-
ous problems.
5.7. Feature Selection Problem
Figure 3a shows the convergence curves for NBDE and the other binary methods
for the wine dataset. We chose this dataset to address the convergence of the algorithms
because it is the simplest in terms of the number of instances and features. We can see
that all algorithms converge before 1000 fitness evaluations. NBDE is slightly slower to
converge, but it achieves higher fitness values than the other methods, demonstrating that
it does not exhibit premature convergence.
0.95 i = =
0.94 0.90
“" » 0.851
0 0.92 4
= —s— NBDE s el —— NBDE
= —=— NBABC s —— BDE
0.90 —— NormABC 0.75 | —— BinDE
—e— BPSO ' —— NormDE
0.88 GA 0.70 —— AMDE
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000

Number of Fitness Evaluations

(b)

Figure 3. Convergence curves for (a) NBDE and other binary algorithms and (b) NBDE and other
binary DE-based algorithms on the FS problem with the Wine dataset.

(a)

Figure 3b shows the convergence curves for NBDE and the other DE-based binary
variants. Once again, NBDE can achieve higher fitness values than the other algorithms,
although it is not the fastest method for convergence. Other algorithms, such as BDE and
BinDE, converge faster but are less efficient.

Table 8 presents the results for the FS problem with the wine dataset. The Wilcoxon test
did not find sufficient evidence of a statistical difference between the results obtained with
NBDE and those of the other algorithms for both average fitness and accuracy. Although
it is not certain, we believe that NBDE is competitive with the other algorithms, as the
average fitness for all of them is very close.
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Table 8. Comparison of performance between NBDE and the other selected algorithms on the FS
Problem with the Wine dataset.

Dataset NBDE NBABC BPSO NormABC GA BinDE NormDE AMDE BDE
Fitness 0.940.0 09400 09+0.0 09400 09400 0.940.0 09400 09400 09400
Wilcoxon - - - - - - - - -
Wi SF 32407 32407 3307 3408 32409 32409 32407 3207 3407
mne Accuracy 0.9+0. 0.9+ 0.0 0.9+0.0 0.9+ 0.0 0.9£0.0 0.9+0.0 1.0£0.0 0.9+0.0 0.9£0.0
Wilcoxon - - - - - - < - -
Time 250+46  2264+47  2204+14  2210+11  2176+14  2296+30 2200+08  2201+25 2221+56
Table 9 presents the same results for the vehicle silhouettes dataset. In this case, NBDE
achieved good accuracy results. The Wilcoxon test at a 95% confidence level reveals that
its performance is statistically superior to all other algorithms except for NormDE, which
was considered superior, and BDE, for which no statistically significant difference could be
observed. If we consider the average fitness, NBDE performed relatively poorly compared
to the other algorithms, being superior only to AMDE and BDE. This suggests that the
proposed algorithm is better at predicting the correct classes, albeit with the need for more
variables to achieve this.
Table 9. Comparison of performance between NBDE and the other selected algorithms on the FS
Problem with the Vehicle Silhouettes dataset.
Dataset NBDE NBABC BPSO NormABC GA BinDE NormDE AMDE BDE
Fitness 07400 0.740.0 0.7+0.0 074£00  07£001  07£0001  07+00 0.7+0.0 07400
Wilcoxon N < < < - < < > >
Vehicle SF 68+£06  67+076  62+079  69+062  65+07 70£05 7.0£03 64%19 71£07
Silhouettes  Accuracy 0.7£0.0 0.7£0.0 0.7 £0.0 0.7 £0.0 0.7£0.0 0.7£0.0 0.7£0.0 0.7 £0.0 0.7£0.0
Wilcoxon - > > > > > < > -
. 352.0 + 3502+ 338.6 + 360.1+ 374.8 +
Time 354756 344134 o 05 o s 338174  337.1+47 os
A similar behavior was observed for the Ionosphere dataset, as shown in Table 10,
where the accuracy results for NBDE were also superior to those of most other algorithms,
except for AMDE, whose results do not demonstrate a statistically significant difference
according to the Wilcoxon test. Meanwhile, examining the Fitness results, we can see that
the proposed algorithm was only considered superior to GA BinDE, AMDE, and BDE.
Table 10. Comparison of performance between NBDE and the other selected algorithms on the FS
Problem with the Ionosphere dataset.
Dataset NBDE NBABC BPSO NormABC GA BinDE NormDE AMDE BDE
Fitness 0.9+0.0 0.940.0 0.9+0.0 0.9+00 09+0.1 09400 0.9+0.0 0.9+0.0 0.9+ 0.0
Wilcoxon - < - < > > < > >
Jonosohere SF 3507 3707 40£1.0 3907 53£16 68£15 3.6+0.6 30£05 57+18
P Accuracy 0.9+0.0 0.9+0.0 0.9+0.0 0.9+00 09400 0.9+0.0 09400 0.9+0.0 09400
Wilcoxon - > > > > > > - >
Time 29229'60i 3846+19  2826+£60 287.8+19  2850+35 29471'10i 28195‘5; 2561+46  2850%7.1

A very different behavior was found for the German Credit Data dataset. In this
case, NBDE yielded better fitness results than all the other algorithms except for NormDE,
for which no statistical difference was found according to the Wilcoxon test, as shown
in Table 11. For the accuracy results, there was no evidence of a statistical difference
between NBDE and any of the other algorithms; however, the performances are very close,
indicating that they might be competitive.
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Table 11. Comparison of performance between NBDE and the other selected algorithms on the FS
Problem with the German Credit Data dataset.

Dataset NBDE NBABC BPSO NormABC GA BinDE NormDE AMDE BDE
Fitness 0.8+0.0 0.8+0.0 0.8+0.0 08400 08400 0.740.0 0.8+0.0 07400 07400
Wilcoxon - > > > > > - > >
German SF 144+23  160+£3.03  187+34  157+28  199+28  260+30  108+19  106+37  31.6+27
CreditData  Accuracy 07400 07400 09400 07400 0.7 0.0 0.7 0.0 0.7 0.0 0.7+0.0 0.7 0.0
Wilcoxon - - - - - - - - -
. 2875+ 2536+ 2638+ 251.0+ 2538+ 2394+
Time 8 Y s 46 A 35 389.6+£81  3087+9.6  2482+17
The behavior of the proposed algorithm changes once again when we consider the
Breast Cancer Wisconsin (Diagnostic) dataset, as shown in Table 12. In this case, NBDE
achieved superior Fitness results compared to five algorithms and superior accuracy results
compared to four other algorithms, not being considered inferior to any algorithm in
the analysis.
Table 12. Comparison of performance between NBDE and the other selected algorithms on the FS
Problem with the Breast Cancer Wisconsin (Diagnostic) dataset.
Dataset NBDE NBABC BPSO NormABC GA BinDE NormDE AMDE BDE
Breast Fitness 1.0+0.0 1.0+0.0 09+0.0 1.0+ 0.0 0.9+0.0 0.9+0.0 1.0+0.0 09+0.0 1.0£0.0
Cancer Wilcoxon - - > - > > > > -
Wiscon- SF 30400 30400 3.0+037 3.0£0.0 2.9+ 0.62 43+06 3.0+0.1 36+10 3.0£0.1
sin Accuracy  0.9+0.0 0.9+0.0 09+0.0 09+0.0 0.9+0.0 0.9+0.0 09+0.0 09+0.0 0.9+ 0.0
(Diag- Wilcoxon - > > - > > - - -
nostic) Time  289.9+142 2824+16  2806+24  291.0+57  3028+332  301.2+16 2789+65 2745+44  2922£115
Table 13 presents the results for the Musk 1 dataset; the behavior is more similar to
that found for the Breast Cancer dataset. We observed superior fitness results to all other
algorithms and superior accuracy results to five algorithms, being considered inferior only
to NormDE.
Table 13. Comparison of performance between NBDE and the other selected algorithms on the FS
Problem with the Musk1 dataset.
Dataset NBDE NBABC BPSO NormABC GA BinDE NormDE AMDE BDE
Fitness 0.9 %0. 0.9+0.0 0.9+0.0 0.9+00 09400 0.8+0.0 09400 09+0.0 0.8+0.0
Wilcoxon - > > > > > > > >
Musk SF 59.6+5.3 67.9+6.0 59.8+6.6 665+65  705+56  886+62  286+47  333+95  1120+69
us Accuracy 0.9+0.0 0.9+0.0 09+0.0 0.9 0.0 0.9+0.0 0.9+0.0 0.9+0.0 089+£00  0.8=0.02
Wilcoxon - - > - > > < > >
Time 23394202  2267+18  2313+310  2215+24  2213+23  231.0+44  2201+14  2156+34  2428+18

In conclusion, we have found that NBDE has a good accuracy capacity, which means
it is effective in predicting the correct classes, despite sometimes having an overall fitness
score. A good accuracy capacity is preferable for algorithms when dealing with real-world
applications such as FS because a good prediction ability is preferable over minimizing
the number of selected features (which causes a good fitness capacity). However, NBDE
yields better fitness results in typically non-noisy datasets, such as the German Credit Data,
Breast Cancer, and Musk1 datasets.

The Vehicle Silhouettes and Ionosphere datasets are particularly susceptible to noise.
Vehicle Silhouettes is derived from geometric vehicle contours, feature attributes obtained
from digital images, which are subject to variations in segmentation, lighting, and angle,
factors that introduce variability into the data. Similarly, Ionosphere, composed of radar
signal return measurements, is also affected by noise because of the data acquisition process.

Regarding the execution time analysis, NBDE is always in an intermediary position; it
is neither the fastest nor the slowest, meaning it does not sacrifice significant computational
efficiency to achieve superior results, unlike other methods like BinDE, NormDE, and BDE,
which are usually slower.



Algorithms 2025, 18, 621

16 of 20

5.8. Sensitivity Analysis

A Sensitivity Analysis (SA) was conducted to evaluate how the new parameter
max_flips influences the fitness results. The results for the SA for the proposed NBDE
on all the problems are illustrated together in Figure 4, where we can see that the method
is very robust for the problems FS, SS, and MCKP. In these cases, the variation in the
parameter max-flips has little to no influence on the fitness result.
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0.98
0.96
wn
wn
[
c
= 0.94
el
Q
N
= 0.92 Problem
1S —e— FS Wine
= Knapsack
Z0.90
—e— MCKP
—e— MKP
0.88 —e— MultikP
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02 0.4 06 08 1.0
max_flips

Figure 4. Sensitivity of NBDE’s normalized fitness [0, 1] with respect to the parameter max_flips.

The algorithm is susceptible to parameter variation when applied to the problems
MKEP, OneMax, Knapsack, and MultiKP. The curves for the problems Knapsack and Mul-
tiKP are very similar, indicating that the increase in max_flips causes a fitness gain until
approximately 0.6-0.7. For the OneMax and MKP, the same behavior is observed until a
value of 0.3. The range between 0.4 and 0.6 appears to be a good balance, as it maintains
high results for most problems without compromising those most sensitive to increased
max_{flips. This result suggests that intermediate settings offer a good compromise between
robustness and performance.

5.9. Complexity Analysis

The results are analyzed considering the context of the OneMax problems with dimen-
sion changes between 1000 and 10,000. They are demonstrated in Figure 5, where we can
see that NBDE, BDE, BinDE, and AMDE exhibit a behavior that appears to be linear, as
shown in Table 14, indicating good scalability, as an increase in the number of dimensions
appears to cause a linear increase in the average execution time.

However, when we examine the scaling exponent j, as calculated in [43], we know that
the behavior of the curves is sublinear because they are smaller than 1, which means that
an increase in the number of dimensions causes an increase in the average execution time
that is less than linear, showing even better scalability. The same analysis can be applied to
NormDE up to 8000 dimensions; beyond that point, degradation occurs, indicating worse
scalability in that region.

Considering that the curves are basically parallels, we can also infer that higher curves
are the ones with higher overheads (operator computational costs), and this agrees with
each time analysis made at the end of Sections 5.1-5.6 for each of the benchmark problems
indicating that NBDE’s higher times in comparison with the other selected algorithms in
these problems are mostly related to additional costs of the operators and not necessarily
to the processing of the problem, and this might be attenuated for more complex problems.
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Figure 5. Complexity Analysis for NBDE and Other DE Binary DE-Based Algorithms on the One-
Max Problem.

Table 14. Value of higher scaling exponent for each binary DE-based algorithm.

Algorithm B
AMDE 0.51
BDE 0.58
BinDE 0.7
NBDE 0.73
NormDE 0.95

6. Conclusions

The primary objective of the present study was to develop a new binary version of
DE that can effectively explore its strengths while addressing the specific requirements of
binary optimization problems. The results on the OneMax problem demonstrate that the
proposed NBDE exhibits fast convergence, even as dimensionality scales. A CA indicates
good scalability also in the context of the OneMax problem. Regarding the KP family of
problems, we observe that NBDE achieved a competitive or superior performance for 4 out
of the five selected KP variants.

When addressing a real-world problem such as FS, NBDE also performs well in terms
of accuracy, being competitive or superior to other algorithms in 93% of cases, considering
all the datasets used. Regarding the same problem, the average fitness performance is
competitive or superior to that of other algorithms when applied to four out of the six
datasets. Apparently, NBDE does not perform well in terms of fitness when the dataset is
noisy, as seen in the cases of “Vehicle Silhouettes” and “lonosphere”.

Despite the positive results in developing a new binary method of optimization that is
capable of competing or overcoming other existing ones on many problems, we believe
that the main contribution of the present study resides in the presentation of empirical
evidence that operators can perpetuate behavior in structurally different methods, and not
only this but can also overcome the original method from which they were extracted.

We consider the produced evidence valid because it can help consolidate discussions
about the identity of an algorithm, which is mainly related to its operators. Additionally,
performance advances might come from modular adjustments, rather than solely from
new algorithms.

The present work was born from an idea developed for another one and is living proof
that a scientific study does not have to finish within itself, so for future perspectives, we see
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so much potential in exploring the idea of behavior perpetuation through the substitution
of the operator in question and also other operators into different algorithms to investigate
how a phenomenon maintains itself in other contexts.

A second idea is to study the incorporation of an adaptive mechanism for the max_flips
parameter to enhance the algorithm’s generality and intelligence. This could be an op-
portunity to add further analyses such as a complexity analysis. Lastly, it is also possible
to explore the application of the proposed algorithm to real-world problems, such as
expansions in electricity distribution grids, as described in [45].
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Abbreviations

The following abbreviations are used in this manuscript:

AMDE Angle-Modulated Differential Evolution
BinDE Binary DE

BDE Binary Differential Evolution

BPSO Binary Particle Swarm Optimization

CA Complexity Analysis

DE Differential Evolution

EAs Evolutionary algorithms

EC Evolutionary Computing

FS Feature Selection

GA Genetic Algorithm

KP Knapsack Problem

KNN K-Nearest Neighbours

MultiKP Multidimensional Knapsack Problem

MKP Multiple Knapsack Problem

MCKP Multiple-Choice Knapsack Problem

NBABC Novel Binary Artificial Bee colony Algorithm
NBDE Binary Differential Evolution with a limited maximum number of dimension changes

NormABC  Normalized Binary Artificial Bee Colony
NormDE Normalization DE

PSO Particle Swarm Optimization
PEOs Probability Estimator Operators
SA Sensitivity Analysis

SS Subset Sum


https://archive.ics.uci.edu/datasets
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