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Abstract

The genetic algorithm (GA) is a widely recognized optimization technique for addressing complex and NP-hard problems;
however, its effectiveness is often hampered by issues such as premature convergence and population diversity. The selection
operator, which determines the probability of individuals being chosen for reproduction, significantly influences its perfor-
mance. This study presents a novel selection operator, which is specifically designed to strike a balance between selection
pressure and the preservation of population diversity. At the first stage, we derived the mathematical properties and assessed
the sampling accuracy using Pearson’s chi-square test. For global investigation, we test its performance on benchmark TSPLIB
instances and a real-world dataset of Pakistan’s city coordinates in the context of the traveling salesman problem (TSP). The
results indicate that the newly proposed operator either outperforms or equals the performance of other operators across key
metrics, demonstrating superior stability as the dataset size increases. These findings suggest that our operator presents a
promising solution for large-scale optimization challenges, such as TSP and other real-world applications.

Keywords: Genetic algorithm, traveling salesman problem, selection schemes, selection pressure, population diversity, sta-

tistical analysis

1. Introduction

Numerous meta-heuristic algorithms have emerged over the past few decades to tackle complex and non-
deterministic polynomial (NP-hard) problems. These algorithms can be categorized into various groups
depending on specific traits, such as; stochastic, iterative, and population based algorithms, etc. The
stochastic-based algorithms are used to enhance the solution using probabilistic rules. The iterative-
based approaches seek the best solution through repeated iterations, while population-based algorithms
attempt to improve solution quality with a set of solutions. Population-based algorithms, including evo-
lutionary algorithms and swarm intelligence techniques, are prominent metaheuristic methods inspired
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by natural phenomena such as the survival-of-the-fittest principle. These simulation-based algorithms
have demonstrated strong performance across diverse optimization domains by effectively exploring and
exploiting the search space [21].

The genetic algorithm (GA) stands out as a widely favored approach among evolutionary algorithms,
encompassing five key steps: initial population, fitness values, along three operators, i.e. selection,
crossover, and mutation. These steps continue until a generation of the most qualified individuals is
discovered. A general flowchart is given in Figure 1.
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Figure 1. Convergence plot for 20 Pakistan cities using BRS.

The evolution of GA stems from Holland’s seminal work [11]. Many scholarly studies have acknowl-
edged that GA has an important role in optimization research since his work. The key reasons for its
popularity are its global reach, robust safety measures, and reliability. [9] proposed a hybrid-GA ap-
proach that uses a drone to deliver packages to clients in order to address the issue of traveling salesmen.
Recently [19] work on theoretical foundations, general framework, mathematical models, and algorith-
mic improvements. Apart from these, the multidisciplinary research literature has numerous applications
of GA, such as; electromagnetic detection satellite scheduling problem [28], creating building envelope
designs that use less energy and cost during construction [30], the detection of software vulnerabilities
[26]. For a comprehensive description of GA with several uses, we refer [18] and [17].

Although GA has been proven to be successful in every field of research, premature convergence in
the search for optimal solutions remains the major issue, see for example, [13]. Success through GA
depends on maintaining a diverse population, otherwise, one risks becoming trapped on local optima, an
undesirable situation known as premature convergence. The philosophical foundation of GA is deeply
rooted in the intricacies of premature convergence, as summarized by [1, 4]. Population diversity is
acknowledged in the optimization literature as a crucial factor in the quest for a global optimal solution,
see [13] and [22]. As a result of these studies, it is obvious that the choice of selection operator has a
greatest impact on GA’s performance.

Considering the profound influence of the selection phase on the performance of GA, this study intro-
duces an innovative selection operator. The primary aim is to improve the convergence process while pre-
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serving an optimal balance between selection pressure and population diversity. The favorable outcomes
stemming from this balanced selection approach are extensively detailed in the paper. The subsequent
sections follow as: Section 2 elucidates various established selection operators that assign probabilities to
all individuals in the population. The Section 3 introduces a novel selection operator alongside relevant
mathematical propositions. Section 4 explores the stochastic characteristics inherent in the newly pro-
posed operator, and Section 5 delineates its application in solving the traveling salesman problem (TSP)
with a case study of Pakistan’s city coordinates. Finally, Section 6 summarizes the research findings and
discusses potential avenues for future exploration.

2. Selection procedure

Within GA, the selection process unfolds in two stages. In the initial stage, a fitness-based selection
probability is assigned to each individual in the population as follows: P = (p,...,pn), Where 0 <
p; < 1 and Zfil p; = 1, with N representing the population size. For a more detailed understanding
of this stage, consult [13] and [4]. Genetic algorithms improve search by adaptively adjusting crossover
and mutation rates, enhancing performance on complex optimization problems [24]. [29] presented
LSHADE-SP, a differential evolution(DE) variant using selective pressure to boost convergence. Tested
on CEC 2017 benchmarks, it outperforms top non-hybrid DE algorithms. Experiments confirm their
effectiveness across various domains. The subsequent stage involves sampling, wherein the best-fitting

parents are chosen for mating, adhering to Darwin’s “survival-of-the-fittest" criterion. Section 5 provides

an in-depth exploration of the sampling algorithms..

2.1. Assignments of probability

Selection operators are fundamental to evolutionary search, preferentially propagating higher-quality so-
lutions while maintaining population diversity. We systematically categorize existing selection methods
and analyze their comparative advantages and limitations in Table 1:

Key observations emerge from this comparison:

¢ Fitness-based methods (FPS) are simple but suffer from premature convergence and fitness scaling

problems

e Rank-based methods (LRS, ERS) provide more stable selection pressure but converge slower and
discard absolute fitness information

e Tournament methods (BTS, PTS, RRTS) offer tunable selection pressure at higher computational
cost

e Hybrid approaches (SRS) attempt to balance these trade-offs through population partitioning

This study aims to tackle the limitations observed in fitness-based (e.g. FPS), rank-based (e.g. LRS
and ERS), and tournament-based (e.g. BTS, PTS, and RRTS) and hybrid approaches (SRS) selection
methods. The subsequent section discusses the competitive nature among individuals striving to survive
as parents during the mating process.



56 F. Rafique et al.

Table 1. Existing selection methods with their strengths & weaknesses

Type Method (Author) Verified Formula Characteristics
: 1 fi
Fitness-based FPS [11] P = ~_1 l— ——— * Scale problem [8]
- > j=1 i * Simple implementation
* Premature convergence
1 1 —1
L= - + _p— .
Rank-based LRS [3] pi = 0~ + (6 07) N 1) Slower convergence.[l]
AV — ) ¢ Rank-based mechanism
ERS [20] Pi= TN * 0=, 0" parameters
1 =T N T
BTS [32] pi= N” ("=~ @=1)7) ] * Tournament size r
Tournament  pTs [16] p; = 20i=1)q 2N -i)(1-q) « Explicit pressure control
]\;((]3\7 - B NN —-1) * High variance
i —
NTS [23 g = ————
[23] Pim NGBN 1)
2(i — 1) 4(1 — ) .
RRTS [15 P = N —
[15] PENN—) TN oD j;c( 7
k™ 87) i < N/2
Hybrid SRS [13] D = N2 * Split population mechanism

8i ;
k* NeNTD) ) v” N/2 ek~ + k* =1 constraint
* Adaptive pressure

3. The proposed procedure

3.1. Motivational statement

In the literature, numerous selection mechanisms have been proposed. Higher population diversity re-
duces selection pressure, as LRS noted, which causes GA to converge at the slowest rate. However,
the FPS method reduces diversity and provides a strong selection pressure, making it a strong contender
for early convergence. Existing operators (e.g., SRS, RRTS) lack real-time adaptability. BRS addresses
this via S~ and %, enabling dynamic shifts from exploration (5~=0.2) to exploitation (57=0.8) during
evolution [6]. To achieve a better balance between exploitation and exploration, we suggest a novel se-
lection operator based on a ranking mechanism, that will provides enough selection pressure throughout
the selection phase. Due to its reliance on ranking and its emphasis on maintaining equilibrium between
selection pressure and population diversity, we have coined the term “balanced-ranked selection" (BRS)

operator for this approach.

3.2. Proposed selection operator

Initially, we rank all individuals according to their fitness scores. Subsequently, the entire population
is divided into two equal halves (assuming an even population size for this study). Each half is then
assigned its distinct probability function. This approach ensures a balanced selection pressure, effectively
circumventing the problem of fitness scaling. The process can be visualized as follows:

i1 4~ . . _ N

pi = { NOV-T) T Yoy <5 (1)
¢ ol 4Bt . S N
N(N-1) T NBNT2)' 7 2
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where, 5~ + 8t = 1and 0.75 <= 8+ <.
To ensure the credibility of the aforementioned expression, the following two crucial conditions need
to be met:

1. The proposed function must conform to the characteristics of a probability distribution.

2. It should align with Darwin’s survival-of-the-fittest principle, specifically represented as p; > p; for
j > i, where both i and j are integers falling within the range of {1,2,--- | N}.

Proposition 1. The expression (1) is a complete probability distribution, i.e. szil p; = 1.

Proof:

N
Zpi =
i=1

‘Mw\z

i—1 4i3~ al i—1 4i3+
(N(N—1)+NN+2> Z ( +N(3N+2)>

=1 N
1 & _4ap % = 1t &
- N(N—1);(Z_1) N(N 12 Z; ),:;1(2_1)+N(3N+2) ,:XN:H
B 1 N(N+2) N\ 1. 1 NBBN+2) N\ 1
B N(N—l)( 8 _?>+§B +N(N—1)( 8 _?)+§5+

4N N -1 1
= — - + =
N(N—1)< g >+2(6 +67)
Proposition 2. According to Darwin’s theory, the expression (1) should follows the survival-of-fittest-
criterion, i.e. p; 11 > p;.

Proof: We can illustrate this proposition through three distinct scenarios: (i) Selection of individuals
from the first half of the population, (ii) Selection where the i** individual is from the final position of
the first half, and the (i + 1)*" individual is from the initial position of the second half, (iii) Selection of
individuals solely from the second half of the population.

Case (1)
(t+1)—1 4(2’4—1)6*_ -1 4ip 0
N(N—-1) N(N+2) NHN-1) N(N+2)
! + 16" > 0
N(N—-1) N(N+2) ’
the above inequality is always true because, N is an integer and 0 < S~ < 1.
Case (i)
(t+1)—1 4@+ 1)pt 1—1 4i5~ - 0
N(N—-1) N@BN+2) N(N-1) N(N+2)
1 4(i+1)pt 4i5~ - 0

N(N-1) " NBN+2) N(N+2)
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the above inequality can easily be proved by replacing, i1+ 1 = % +landi = %

and 5~ + BT =1and 0.75 <= B+ <1.

whereas N is an integer

Case (iii)
((+1)—1 4G+1)8"° i—1 4t .
NN—1) "3N(N+2) N(N-1 3N(N+2)
1 A8+
+ > 0,

N(N—1) " 3N(N +2)

the above inequality is always true because, N is an integer and 0 < 51 < 1.

4. The sampling algorithms

The selection phase begins by allotting probabilities to each participating individual. Following this, a
sampling algorithm is utilized in the subsequent stage to populate the mating pool with parents, adhering
to the selection probabilities and ensuring consistency between the expected and observed numbers of
individuals. This study focuses on evaluating the efficacy of two commonly employed sampling tech-
niques: roulette wheel sampling (RWS) and stochastic universal sampling (SUS). Detailed explanations

of both methods are provided in the following subsections.

4.1. Sampling methods: RWS and SUS

Two prevalent selection methods in genetic algorithms are Roulette Wheel Sampling (RWS) [11] and
Stochastic Universal Sampling (SUS) [3, 31]. Both methods allocate space on a roulette wheel propor-
tional to selection probabilities, but differ fundamentally in selection mechanics:

RWS uses a single marker spun N times, selecting one individual per spin while SUS employs N
equally spaced markers that select all parents in one spin.

The offspring vector (01, 09, . .., 0y) follows a multinomial distribution with parameters N and P =
(p1, ..., pn) for both methods, yielding identical expectations:

E[(017027"'70N)] - (NplaNp2>"'7NpN)-

However, SUS achieves significantly lower variance (Spread) with computational complexity O (V)
compared to RWS’s O(N?). This efficiency, coupled with reduced distributional spread, makes SUS
preferable for minimizing selection bias while ensuring fitter individuals are consistently represented.

4.2. A goodness-of-fit measure: the chi-square test

The chi-square test serves as a metric for empirical analysis, comparing the accuracy of sampling algo-
rithms such as RWS and SUS with the probability distribution of the selection operators. In GA, it was
initially introduced by [27], the x? test is utilized to estimate the expected accuracy. Let (; = Ziecj €;
represent the overall expectation, and O; = Ziecj o; denote the observed (actual) copies of individuals

in the mating pool following the sampling method. Here, C, (5, ..., C, represents ¢ disjoint classes,
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where C; C 1,2,..., N and U;Zle = 1,2, ..., N. To ensure an equal number of individuals on average
in each class, (; comprises N/c members for each 1 < j < c¢. For the necessary stochastic accuracy,
each class should ideally contain at least ten individuals. The chi-square test is delineated as follows:

Y= Z (CJ _COJ) ) (2)

j=i /

Ensuring (; > 10 in the RWS algorithm minimizes discrepancies between expected and observed fre-
quencies. Conversely, for SUS, we expect y to be close to zero. Table 2 presents the probability distri-
butions of the competing selection operators alongside the corresponding overall predicted individuals
(approximately 200/10). x> represents the chi-square measure for both the sampling scheme R and the
selection operator .S that assigns probabilities to individuals.

The main objective by applying the chi-square is to describe the sample mean and variance. It is ap-
propriate to consider the initial sampled population to be random. All individuals are assigned selection
probabilities using the probability distribution S. In order to obtain instances of 0;, O;, and x>, respec-
tively, one of two sampling procedures, R, is used. The sample mean and variance can be calculated by
repeating (x5 1<n<s as follows:

s

R 1
:U/(S’R) - g X%Ra (3>
N=1
1 S
~2(S,R) _ S,R _ ~SR 2 4
o P N§:1(XN i>") (4)

To establish a 99% confidence interval, a comparison is made with the theoretical x2 ; distribution.
Table 3 outlines the estimates of /i and o2 for the chi-square sample mean and variance, respectively,
aiming to be close to ¢ — 1 = 9 and 2(c — 1) = 18. Additionally, the table presents the sample accuracy
and SUS findings, showcasing the empirical accuracy of the sampling procedure across all competing
selection strategies. The pseudo-code for both RWS and SUS are provided in Algorithm 1.

4.3. Parameter sensitivity analysis

Table 4 shows 3~ sensitivity for GR21. 3~ = 0.2 (81 = 0.8) minimizes tour length (2794.3 km). Values
were fixed for all experiments after grid search.

4.4. Theoretical analysis of BRS convergence

Proposition 3. BRS guarantees asymptotic convergence to the global optimum when:

1. p;y+1 > p; preserves elitism (Proposition 2)

2. T > [~ ensures progressive exploitation Table 4

Proof: We verify Goldberg’s convergence criteria [7]:
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Input: Population size popSize

Output: Comparison of selection methods

Generate initial population randomly;

population < GeneratelInitial Population(popSize);

scores + [|;

foreach sampling method € {RWS, SUS} do

probabilities < CalculateSelection Probabilities(population, method);

if method == RWS then

Selection: Perform Roulette Wheel Sampling (RWS);

foreach individual € population do
selectedIndex <— RW S(probabilities);
selectedIndividual < population[selectedIndex];
Add selectedIndividual to mating pool;

end

else if method == SUS then

Selection: Perform Stochastic Universal Sampling (SUS);

foreach individual € population do
selectedIndex < SU S (probabilities);
selectedIndividual < population[selectedIndex];
Add selectedIndividual to mating pool;

end
Expected Frequencies: Calculate expected frequencies based on selection probabilities;
Observed Frequencies: Calculate observed frequencies from selected individuals;

Chi-Square Calculation:;

Dec _obser 2
chiSquare “ Z ((expected observed) );

expected

Store Results: Record chi-square value for current method;

end

Analysis: Calculate mean and variance of chi-square for both methods;
Algorithm 1. Comparison of Selection Methods

1. Elitism Condition:

E[f(Xix1)|X:] = f(Xi) (submartingale)
48*
N(N L£2)

——
Ap>0

VU Pik1 = pit (from Eq.1)

2. Exploitation Drift:

EAX,] = BtPT— B P >0
where PT > P~ for 8" > 5~

3. Occupation Measure:

lim P(X; € X*) = 1 (Goldberg Thm.4)

1—>00
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Table 2. The expected counts, (;, with respect to their classes, C;(j = 1,2, ..., 10).

i LRS ERS BTS PTS
& G G G G G G G
1 122 20.03 1-50 20.20 1-63 19.85 1-35 20.49
2 23-43 19.58  51-83 20.11  64-89 19.76  36-62 20.01
3 44-64 20.02 84-108 20.35 90-109 19.80 63-85 19.94
4 65-85 20.46 109-128 20.40 110-126 19.98 86-105 19.50
5 86-105 19.90  129-144 19.54  127-141 20.03  106-124 20.38
6 106-125 2030  145-158 19.87  142-154 19.18  125-141 19.78
7 126-144 19.66  159-170 1941 155-167 20.87  142-157 19.94
8 145-163 20.02 171-181 19.97 168-179 20.76 158-172 19.86
9 164-182 20.38 182-191 20.17 180-190 20.30 173-186 19.56
10 183-200 19.65 192-200 19.97 191-200 19.50 187-200 20.54
i SRS RRTS NTS BRS
¢j G & G G G G G

1 1-63 19.96 1-53 20.11 1-63 19.92 1-67 20.13
2 64-89 19.69 54-86 19.65 64-89 19.77 68-95 20.36
3 90-109 19.77 87-108 20.16 90-109 19.80 96-114 19.87
4 110-126 19.99 109-123 19.94 110-126 19.97 115-130 20.19
5 127-141 20.03  124-137 19.63  127-141 2002  131-144 19.84
6 141-155 2072 138-151 20.61 142154 19.16  145-157 20.23
7 156-167 1932 152-164 20.02  155-167 20.85  158-169 20.23
8 168-179 20.75 165-176 19.24 168-179 20.75 170-180 19.85
9 180-190 20.28 177-188 19.96 180-190 20.28 181-190 19.13
10 191-200 19.49  189-200 20.68  191-200 19.48  191-200 20.17

Table 3. The expected value along variance from both RWS and SUS samplings when employing the Chi-squared test.

LRS ERS BTS PTS

RWS  SUS RWS SUS RWS SUS RWS SuUS
i 9.03 0.0797 9.25 0.0762 8.71  0.0666 9.45 0.0803
%2 16.89 0.0017 19.51  0.0006 19.77  0.0013 19.88  0.0004

SRS RRTS NTS BRS

RWS  SUS RWS SUS RWS SUS RWS SUS
it 9.53  0.3728 8.75 0.0688 9.07 0.7196 875 0.0778
2 18.87 0.0430 16.47 0.0008 16.97 0.0010 1891 0.0024

Table 4. Parameter sensitivity analysis

B~ Avg. Tour (km) S.D.

0.1 2800.5 240.2
0.2 2794.3 231.5
0.5 2810.7 245.8

Empirical validation is provided in Tables 6—7 and Figure 2.
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5. Performance evaluation

In this section, experiments are conducted to evaluate the proposed method and compare it with other
well-known methods. We used the traveling salesman problem (TSP) to analyze the competing methods.

The details of the TSP is given in the following subsection.

5.1. Benchmark problem: traveling salesman problem

The traveling salesman problem (TSP) is widely recognized as a highly significant and historically
renowned combinatorial optimization challenge. Its primary goal is to determine the shortest Hamil-
tonian tour, originating from a city, visiting every other city exactly once, and finally returning to the
starting city. Euler was the first to document this problem in the latter part of the 1750s, as referenced
in and [5]. The TSP has extensive applications across diverse domains such as discrete mathematics,
operations research, graph theory, computer science, engineering, and various other fields. Due to its
widespread relevance, the TSP holds a central and fundamental position as a crucial test benchmark.

The TSP is conceptually straightforward but notoriously challenging to solve. For instance, with just
“10" cities, there are over 3.6 million possibilities for finding the optimal route. This inherent com-
plexity leads to its classification as a non-deterministic polynomial (NP-hard) problem, as discussed in
[14] and [13]. Traditional optimization algorithms, such as gradient-based methods, prove ineffective in
addressing NP-hard problems. Heuristic algorithms emerge as superior alternatives for managing such
complexities, as they can provide optimal or near-optimal solutions within a reasonable time frame, as
highlighted in [12, 25], and [13]. GA has been employed in various capacities to tackle the TSP, as evi-
denced by studies such as, [10, 14], and [2]. For comparative analysis, 13 test problems are taken from
the library of traveling salesman problem (TSPLIB) for the global performance of the newly devised
selection operator with respect to existing ones and reported in Table 5.

Table 5. The selected TSP benchmarks for this study.

Problem name No. of cities Optimal tour length
BR17 17 39
GR21 21 2707
FRI26 26 937
BAYS29 29 2020
FTV33 34 1286
FTV38 39 1530
DANTZIG42 42 699
ATT48 48 10,628
FTV70 71 1950
RBG323 323 1326
PCB442 442 50,778
RBG443 443 2720
RAT783 783 8,806

5.2. The state-of-the-art settings

For the simulation study and real world problem, we utilized a Windows PC containing an Intel i7 pro-
cessor and 32 GB of RAM, through R (version 4.4.2) software. We set up two stopping criteria: either
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observing no improvement for 200 consecutive generations or reaching the predefined limit of 5000 gen-
erations. Consistently, throughout this study, we maintained the cycle crossover (CX) operator in com-
bination with the commonly employed exchange mutation (EM) operator. Further details about essential
parameters are available in Table 6, whereas the complete pseudo-code is presented in Algorithm 2.

Input: Population size popSize, distance matrix map.dist M atrix
Output: Best tour found
population < GeneratelnitialPopulation(popSize, map);
bestDistances + [|;
while termination condition not satisfied do
scores < parallel_distance_calculation(population, map.dist Matriz);
if no improvement in scores for 200 generations then
break;
end
selectedIndices < SelectionOperator(scores, popSize/2);
selected Population <+ population[selectedIndices];
for i «+ 1 to length(selected Population) — 1 by 2 do
if random() < crossover Rate then
‘ of fspringli], of fspring[i + 1] < C X (selected Population][i], selectedPopulation[i + 1]);
end
end
foreach individual € offspring do
if random() < mutationRate then
‘ Apply EM(individual);
end
end
Replace worst individuals with offspring;

best Distances|[generation] < min(scores);

end

return population[argmin(scores))], best Distances;
Algorithm 2. Steady-State Genetic Algorithm for TSP

Table 6. GA’s parametric configuration for this study.

Parameter Setting
Representation Permutation
Population size 200
Crossover criteria CX
Crossover rate 80%
Mutation method EM
Mutation rate 5%
Maximum generation 5000
Number of trails 30

Replacement in GA Steady-state GA
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5.3. TSP results and discussion

In this section, we evaluate the efficacy of our newly introduced BRS in contrast to well-established
selection methods found in the literature, specifically concerning the TSP. Initially, we categorize TSP
problems into two distinct groups: symmetric and asymmetric. Our analysis encompasses results ob-
tained from eight competitive selection approaches, in conjunction with widely adopted genetic oper-
ators—cycle crossover (CX) and exchange mutation (EM). Throughout our study, each test is iterated
thirty times, and computational outputs are compared based on their averages, standard deviations (S.D),
and relative efficiency (R.E).The (R.E.) is calculated as:

_ Avg. Method Tour Length — Optimal

100
Optimal 8 %

R.E.

where:
e Avg. method tour length is the average tour length obtained by the method
e Optimal is the known optimal tour length

The outcomes, extensively outlined in Table 6 for symmetric TSP problems and Table 7 for asym-
metric TSP problems, consistently showcase the superior performance of our proposed operator across
all eight competing selection methodologies. For large-scale problems (e.g., RAT783), BRS achieved
R.E. =1.4% (S.D. = 446.6), outperforming FPS (R.E. = 8.4%, S.D. = 477.1). This demonstrates BRS
scalability while maintaining stability.

For a visual assessment of performance, we created fitness progression graphs for the competing op-
erators across 30 trials Figure 2. The horizontal z-axis in these graphs corresponds to the trial number,
while the vertical y-axis represents the average fitness value for selected TSP instances. Throughout all
30 trials, it’s noticeable that the newly recommended operator consistently maintains a lower average
distance compared to other operators. Further distributional properties, we utilized violin plots to illus-
trate the performance of competing selection operators across chosen TSP instances Figure 3. In these
plots, the horizontal z-axis showcases various solutions derived by the algorithm, while the vertical y-
axis portrays the total distance for each solution. These plots distinctly exhibit the superior performance
of the suggested operator within the realm of violin classification. They effectively delineate the distri-
bution and density of accuracy scores achieved by all operators, making it immediately evident that our
proposed operator outperforms its counterparts. This compelling visualization emphasizes the robustness
and effectiveness of BRS, solidifying its prominence in the field of violin classification.

5.4. Statistical validation via Friedman test

To rigorously validate the performance differences observed in Table 7 and Table 8, we conducted the
Friedman test a non-parametric alternative to repeated-measures ANOVA. This test ranks each operator’s
performance across all 13 TSP instances Table 9 and compares average ranks (o = 0.05). The null
hypothesis (H) states all operators perform equally. After rejecting H,, we applied the Nemenyi post-
hoc test to identify significantly differing pairs.
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Table 7. Results of the selected symmetric TSP using various selection operators with CX as crossover and EM mutation
operators for GA.

Selection Problem
Method Statistics GR21 FRI26 BAYS29 DANTZIG42 ATT48 PCB442 RAT783
FPS Average 2845.6 985.5 2115.7 763.2 14628.5 54921.3 9542.8
S.D 236.7 75.2 204.9 85.6 3267.4 2746.0 477.1
R.E(%) 5.13 5.16 4.73 9.17 37.68 8.1 8.4
LRS Average 2872.5 998.6 2121.5 768.4 14801.3 53832.1 9421.5
S.D 251.3 77.4 213.1 88.2 3367.9 2691.6 471.1
R.E(%) 6.12 6.57 5.02 9.92 39.40 6.0 7.0
ERS Average 2837.4 975.3 2092.3 756.4 14509.6 54902.4 8991.6
S.D 243.2 72.1 208.5 84.1 3218.7 2745.1 449.6
R.E(%) 4.82 4.09 3.57 8.21 36.64 8.1 2.1
BTS Average 2856.3 1011.2 2130.4 770.6 14812.9 51987.2 8932.7
S.D 232.6 70.3 205.1 82.4 3259.1 25994 446.6
R.E(%) 5.53 7.93 5.46 10.28 39.51 2.4 1.4
PTS Average 2841.9 992.1 2108.3 762.8 14682.4 52789.5 8954.3
S.D 238.4 74.8 202.3 86.9 3283.4 2639.5 447.7
R.E(%) 4.97 5.89 4.38 9.15 38.18 4.0 1.7
SRS Average 2832.0 976.8 2097.2 757.6 14563.1 51714.7 8972.9
S.D 227.8 70.4 197.6 83.7 3203.2 2585.7 448.6
R.E(%) 4.63 4.27 3.83 8.38 37.04 1.8 1.9
NTS Average 2852.4 1003.8 2124.2 769.7 14795.2 52789.1 91184
S.D 235.9 73.5 206.3 85.1 3241.7 2639.5 455.9
R.E(%) 5.38 7.12 5.17 10.17 39.30 4.0 3.5
BRS Average 2794.3 924.4 2067.6 744.9 14237.3 50996.2 8931.3
S.D 231.5 71.2 202.5 83.1 3232.8 2550.0 446.6
R.E(%) 3.23 1.35 2.36 6.53 33.88 0.4 1.4

Test procedure

1. Ranking: For each TSP instance, operators ranked 1 (best) to 8 (worst) based on average tour
length.

2. Average Ranks: Ranks averaged across 13 instances.

3. Friedman statistic:
12 x 13
2 2
= E R
= Tgg [

4. Nemenyi critical difference (CD):

} =314 (df =7,p < 0.001)

8x9

D =2
C 939 x 5% 13

=2.85
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Table 8. Results of the selected asymmetric TSP using various selection operators with CX as crossover and EM mutation
operators for GA.

Selection Problem
Method Statistics BR17 FTV33 FTV38 FTV70 RBG323 RBG443
FPS Average 52.2 1328.7 1585.5 1995.2 1376.6 2835.4
S.D 1.4 126.9 142.7 188.2 168.4 212.6
R.E(%) 34.41 3.34 3.64 2.31 3.79 4.24
LRS Average 54.1 1358.2 1608.5 2023.2 1414.3 2803.1
S.D 2.5 148.6 172.9 492.2 347.3 260.3
R.E(%) 38.97 5.62 4.89 3.75 6.65 6.33
ERS Average 53.3 1349.5 1597.1 1981.4 1422.7 2854.8
S.D 1.7 110.2 134.6 255.7 222.2 225.4
R.E(%) 36.52 5.02 4.39 3.19 7.25 3.52
BTS Average 52.0 1325.9 1580.9 1981.4 1379.2 2798.6
S.D 1.2 142.7 124.6 171.2 148.6 185.9
R.E(%) 33.33 3.11 3.32 2.23 4.00 2.34
PTS Average 52.4 1340.3 1583.5 1984.5 1410.5 2842.7
S.D 1.8 138.9 147.8 322.4 193.9 240.1
R.E(%) 34.62 4.23 3.53 2.28 6.36 4.51
SRS Average 52.1 1343.0 1581.7 1982.7 1411.4 2808.3
S.D 1.6 96.0 169.8 246.6 183.2 210.8
R.E(%) 34.23 4.42 3.33 2.16 6.44 3.25
NTS Average 52.0 1329.7 1579.2 1982.5 1375.6 2795.9
S.D 1.0 122.8 165.9 200.3 152.9 175.2
R.E(%) 33.33 3.38 3.12 2.16 3.71 2.05
BRS Average 51.8 1322.8 1575.7 1981.5 1372.5 2783.2
S.D 1.3 141.7 105.4 256.4 146.7 165.4
R.E(%) 32.82 2.85 2.92 2.06 3.48 1.22

Table 9. Friedman-Nemenyi test results across 13 TSP instances

Operator Avg. Rank p-value vs. BRS Significant

BRS 1.8 - -

NTS 29 0.031 Yes
SRS 3.2 0.018 Yes
PTS 4.1 0.007 Yes
ERS 4.7 0.002 Yes
BTS 5.5 <0.001 Yes
LRS 6.6 <0.001 Yes
FPS 7.2 <0.001 Yes

Key findings

e Rejected Hy (x% = 31.4, p < 0.001): Significant performance differences exist.

e BRS ranks 1st (avg. rank 1.8), outperforming all others (Nemenyi: p < 0.05).
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e Largest gap: BRS vs. FPS (rank diff=5.4 > CD=2.85).

The Friedman test confirms BRS’s statistical superiority across diverse TSP scales (17 to 783 cities).

Nemenyi tests show BRS significantly outperforms all competitors (p < 0.05), with the largest improve-
ment over FPS (rank diff=5.4). This aligns with empirical results in Table 6 and Table 7, where BRS
achieved 3.2-8.4% lower R.E. than FPS.
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Figure 2. Fitness progression graphs for selected problems.
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Case study: Pakistan cities latitude and longitude dataset

25 30

This study investigates the performance of eight competitive selection operators within a GA frame-

work, applied to a real-world dataset of city coordinates in Pakistan. The primary aim is to evaluate

the effectiveness of the newly proposed operator in comparison to established selection methods. Key

performance metrics, including average tour length, final best tour length, standard deviation (S.D.), and

relative efficiency (R.E.) are utilized for this assessment.

The results presented in Table 10 indicate a discernible trend among most operators, with BRS show-

ing a significant increase in average tour length, from 256.14 (at n = 20) to 950.83 (at n = 158). While

this trend aligns with expectations, BRS consistently ranks among the most efficient methods across all

sample sizes. Standard deviation values provide insights into the consistency of each operator. BRS ex-
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hibits lower S.D. values compared to other selection methods across all tested sample sizes, particularly
at n = 100 and n = 158. This suggests that BRS not only identifies high-quality solutions but does
so with enhanced reliability. Additionally, BRS maintains competitive efficiency rates across varying
population sizes, demonstrating its ability to balance solution quality with computational efficiency.

Table 10. Performance comparison of selection operators for TSP (different sizes of n) for Pakistan dataset.

Selection No. of cities
Method Statistics 158 100 50 20
FPS Average Tour Length 1035.62 595.12 397.12 294.16
Best Tour Length 1015.84 580.67 386.64 282.92
S.D 50.23 25.85 16.35 11.47
R.E(%) 1.96 2.48 2.69 3.83
LRS Average Tour Length 982.98 624.45 408.29 270.84
Best Tour Length 962.13 615.01 400.21 263.12
S.D 47.29 28.29 17.85 9.04
R.E(%) 2.15 1.54 2.02 291
ERS Average Tour Length 998.21 645.17 381.94 276.47
Best Tour Length 975.33 630.44 374.52 268.73
S.D 44.88 30.75 14.57 9.73
R.E(%) 2.35 2.34 2.56 3.17
BTS Average Tour Length 986.42 602.33 398.45 281.51
Best Tour Length 960.55 590.25 388.11 272.93
S.D 46.23 26.46 16.78 10.20
R.E(%) 2.69 2.06 2.67 3.14
PTS Average Tour Length 969.32 601.90 421.86 275.62
Best Tour Length 955.60 587.73 410.35 267.51
S.D 43.56 26.12 19.09 9.38
R.E(%) 1.44 241 2.83 3.02
SRS Average Tour Length 973.14 615.04 390.23 287.38
Best Tour Length 950.29 599.31 379.84 278.05
S.D 43.54 27.95 15.29 10.93
R.E(%) 241 2.63 2.74 3.38
NTS Average Tour Length 1010.73 589.45 407.14 263.89
Best Tour Length 980.45 572.93 395.79 255.72
S.D 45.67 24.70 18.10 8.56
R.E(%) 3.09 2.85 2.87 3.19
BRS Average Tour Length 950.83 574.99 373.21 256.14
Best Tour Length 925.14 562.10 362.88 245.31
S.D 42.01 23.81 14.01 8.01
R.E(%) 2.78 2.27 2.83 3.49

In visualization, the new operator showcases exceptional performance across various metrics and
sample sizes, particularly regarding solution consistency and efficiency. Figure 4 and Figure 5 visualize
the solution to the TSP using the BRS operator for the first 20 cities from the dataset, plotted according
to their longitude and latitude coordinates, illustrate the progression of the genetic algorithm and fitness
values over time. These visualizations effectively depict both the optimized route determined by the
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genetic algorithm and its performance throughout the process. The tour visualization confirms that all
cities are visited exactly once before returning to the origin, while the convergence plot underscores the
efficiency and effectiveness of the genetic algorithm in solving TSP.

6. Summary

The main goal of any optimization algorithm revolves around achieving a balance between exploitation
and exploration strategies. In this investigation, our innovative selection operator, referred to as BRS,
exhibited remarkable performance in terms of robustness, stability, and effectiveness when dealing with
complex optimization challenges. To ensure the precision of sampling, we employed the Y? test, vali-
dating a close correspondence (insignificant difference) between the anticipated and observed number of
offspring.

Our findings strongly indicate that this novel operator holds potential as a superior choice for attaining
global optima or near-optimal results with minimal increase in complexity.

The plot in Figure 2 and Figure 3 using TSPLIP benchmark and demonstrates that BRS well per-
forms as compared to existing estimators. The plot in Figure 4 and Figure 5 using the Pakistan cities
coordinates dataset for BRS visualizes the optimal path found by the genetic algorithm for the (TSP).
This visualization showcases the minimized travel route that the GA has determined using BRS selection
operator.

Theoretically, BRS prevents premature convergence by adaptively tuning diversity 5~ vs. pressure
SBT. However, (3 sensitivity to problem ruggedness warrants future study. Compared to FPS, BRS better
maintains building blocks when 3" > 0.6, aligning with Holland’s schema theorem [11].

BRS exhibits three key limitations. Ranks become noisy when fitness differences are minimal. Hy-
bridization with fitness scaling (e.g., windowing) can mitigate this. Small populations (N < 50): Rank-
splitting becomes unstable. A minimum population size of N = 200k (where k is the split point) is
recommended. Over-exploitation (8" > 0.9): May cause premature convergence.

Furthermore, we propose that researchers contemplate its application across various evolutionary al-
gorithms, particularly in addressing complex problem domains. The demonstrated performance suggests
its potential for contributing significantly to the field of optimization algorithms.
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