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ABSTRACT: The Spherical Asymmetric Traveling Salesman Problem (SATSP), characterized by spherical geometry
and direction-dependent travel costs, is a challenging combinatorial optimization problem, particularly in large-
dimensional scenarios. Although the recently proposed Crested Porcupine Optimizer (CPO) has shown promising
performance in continuous optimization, its applicability to discrete asymmetric routing problems remains largely
unexplored. To address this limitation, we propose a Discrete Crested Porcupine Optimizer (DCPO), which integrates a
discrete solution representation with dual crossover operators, namely order crossover and partially mapped crossover,
as well as a multi-strategy mutation mechanism including inversion mutation and swap mutation. A 2-opt local
search strategy is embedded to enhance local refinement while maintaining global exploration. DCPO is applied to
SATSP instances to validate the effectiveness and stability of the proposed algorithm. Experimental comparisons with
several representative metaheuristic algorithms, including the Discrete Mayfly Algorithm (DMA), Flower Pollination
Algorithm (FPA), Discrete Sparrow Search Algorithm (DSSA), Genetic Algorithm (GA), Randomized Bias Genetic
Algorithm (RBGA), and Discrete Marine Predators Algorithm (DMPA), demonstrate that DCPO obtains the best mean
and best-found objective values in 11 out of 12 SATSP instances of different scales, corresponding to 91.7%, and achieves
the lowest standard deviation in 8 instances, corresponding to 66.7%, indicating strong solution quality and stability.
For large-dimensional scenarios with 1000 to 1200 cities, DCPO achieves improvements of 13.09%-19.46% in mean
objective values over the best competing algorithms, further confirming its effectiveness and scalability for complex
SATSP optimization.

KEYWORDS: Spherical asymmetric traveling salesman problem; discrete crested porcupine optimizer; metaheuristic;
2-opt local search; discrete optimization

1 Introduction

The Traveling Salesman Problem (TSP) is a classical NP-hard combinatorial optimization problem
with significant theoretical and practical value [I]. Its objective is to find a minimum-cost tour that
visits each city exactly once and returns to the starting city. Owing to its computational complexity, the
TSP has become a benchmark problem in combinatorial optimization and has been widely applied in
logistics [2], manufacturing [3], transportation [4], route planning [5], task scheduling [6], and supply chain
management [7]. However, many practical routing problems are not confined to planar space. In global-scale
applications, spherical geometry and asymmetric travel costs must be considered, leading to the Spherical
Asymmetric Traveling Salesman Problem (SATSP). Compared with the classical Euclidean TSP, SATSP
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introduces additional challenges in distance calculation, route representation, and neighborhood search,
thereby reducing the effectiveness of many existing optimization algorithms.

To address the challenges introduced by spherical geometry and asymmetric travel costs, various
methods have been developed for spherical TSP, SATSP, and related complex TSP variants. Existing studies
can be broadly classified into three categories. The first category focuses on spherical routing problems.
Symmetric spherical TSP has been addressed using Ant Colony Optimization (ACO) [8] and the Discrete
Greedy Flower Pollination Algorithm (DGFPA) [9], whereas asymmetric spherical variants have been stud-
ied using the Discrete Mayfly Algorithm (DMA) for SATSP [10] and Spherical Vector-Based Artificial Gorilla
Troops Optimization (SGTO) for the spherical asymmetric multiple TSP [11]. The second category comprises
problem-specific discrete and hybrid methods developed for conventional or constrained TSP variants.
Discrete approaches include the Discrete Marine Predators Algorithm (DMPA) for symmetric TSP [12], an
improved discrete Bat Algorithm (IDBA) for symmetric and asymmetric TSP [13], a discrete Water Cycle
Algorithm (DWCA) for the symmetric TSP (STSP) and asymmetric TSP (ATSP) [14], a discrete Differential
Evolution (DDE) method for TSP [15], and discrete Pigeon-Inspired Optimization (DPIO) for large-scale
TSP [16]. Hybrid metaheuristics include Growth Optimization with local improvement [17], discrete search
with greedy-beam-search initialization and edge-based operators [18], elite-guided memetic framework
for a constrained colored TSP variant with time windows [19], and a memetic algorithm with optimal
recombination for ATSP [20]. The third category includes deterministic search, learning-based models, and
alternative encoding strategies, such as probe-based search [21], topology-aware attention networks [22],
Keplerian TSP modeling [23], and Bloch sphere encoding [24]. Beyond these three categories, metaphor-
based algorithms have also been adapted to discrete combinatorial problems, including a modified Red Deer
Algorithm (RDA) for truck scheduling with time windows [25], a Social Engineering Optimizer (SEO)-
based method for vehicle routing [26], and a Genetic Engineering Algorithm (GEA) for the generalized
quadratic assignment problem [27]. Overall, these studies show that effective TSP optimization requires
problem-specific discrete representations and search mechanisms. However, some discrete methods rely on
continuous-to-discrete decoding, limiting direct search in the permutation space. Existing SATSP-oriented
algorithms may also incur high computational costs due to intensive local search, while fixed search settings
provide limited adaptation to population diversity and solution dissimilarity. These limitations motivate a
SATSP-specific framework that directly preserves feasible permutations, adaptively controls local refinement,
and evaluates complete directed tour costs.

Against this background, the Crested Porcupine Optimizer (CPO), proposed by Abdel-Basset et al.
in 2023 [28], has shown strong potential in continuous optimization tasks. However, the original CPO
is designed for continuous-valued search spaces, where solution updates rely on arithmetic operations,
making it unsuitable for direct application to permutation-based SATSP. Therefore, this study develops a
SATSP-specific discrete reformulation of CPO rather than another general-purpose metaheuristic. In DCPO,
each individual is directly represented as a feasible city permutation, and the exploration-exploitation
organization of CPO is transformed into permutation-based crossover and mutation processes. Compared
with existing metaheuristics, DCPO preserves route feasibility without continuous-to-discrete decoding,
adaptively controls local-search intensity through Hamming-distance-guided 2-opt, and evaluates complete
directed tour costs to account for the asymmetric costs of reversed internal and boundary arcs. These
features make DCPO well suited to SATSP while providing a favorable balance between solution quality and
computational cost.

The main contributions of this study are summarized as follows:

1. A SATSP-specific discrete CPO framework is developed to transform the continuous search behavior
of CPO into a feasible permutation-based optimization process for spherical asymmetric routing.
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2. The four defense mechanisms of CPO are functionally reformulated as complementary permutation-
based exploration and exploitation operators, while preserving route feasibility throughout the search.

3. A Hamming-distance-guided 2-opt strategy is introduced to adaptively control local-search intensity,
and complete directed tour-cost evaluation is employed to account for the asymmetric costs of reversed
internal and boundary arcs.

4. Extensive experiments against representative metaheuristic algorithms verify the competitiveness,
robustness, and scalability of DCPO on SATSP instances of different scales.

The remainder of this paper is organized as follows: Section 2 introduces the formulation and char-
acteristics of the SATSP. Section 3 provides an overview of the original Crested Porcupine Optimizer
(CPO). Section 4 presents the proposed DCPO. Section 5 presents the experimental setup, performance
comparisons, and result analysis. Finally, conclusions and future work are discussed in Section 6.

2 SATSP Problem Formulation

The SATSP formulation in this section is adapted from the spherical ATSP model proposed by Zhang
et al. [10], with modifications to the asymmetric distance definition and subtour-elimination constraints.
Let P, (x1, y1,z1) and P, (x2, ¥2, z2) be two points on a sphere of radius r. As shown in Fig. 1, their geodesic
distance is determined by the central angle 0:

d(Pl,P2)=r-9, (1)

the central angle is obtained from the dot product of the position vectors:

XX+ Y1 Y2+ 2122
r

XX+ Y1°Y2t+t21-22
2 bl
r

cos (6)

(3)

6 = arccos (

to simplify the problem, we assume a unit sphere (r = 1). Thus, the geodesic distance can be expressed as:

d (P, P,) =arccos (x1- X3+ y1- Y2 +21-22) - (4)

Figure 1: Illustration of geodesic distance on a sphere.
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For the symmetric TSP, the travel costs between P; to P; equals that from P; to P;. In practical routing
scenarios, however, factors such as wind, terrain, traffic flow, and operational constraints may produce
direction-dependent costs, such that d;; # dj;. To model this asymmetry, the geodesic distances obtained
from Eq. (4) are stored in a symmetric matrix D, after which independent perturbations within +5% are
applied to the off-diagonal entries. The diagonal entries remain zero. The perturbation terms ¢;; and ¢;; are
independently generated, so the travel costs in opposite directions are generally different. The entries of the
asymmetric distance matrix are defined as follows:

s .
s = {glij (1+e5), P e~ U[-0.05,0.05], )
, i=j,

where d f] andd 1‘; denote the (i, j)-th entries of D, and D, respectively. For simplicity, d;; = d Z is used hereafter.
Let G = (V, E) be a directed complete graph, where I = {1,2,...,n} denotes the index set of cities,

V ={v; | i eI} is the set of vertices representing cities on the sphere and E = {(v,«,vj) |i,jel,i+ j} is

the set of directed arcs. Each arc (vi, % j) is assigned an asymmetric spherical travel cost d;;. The SATSP is

formulated as follows:

Minimize ZZd,‘jX,‘j, (6)
i=1 j#i
injzl, ViGI, (7)
j=1
j#i
n
Yoxij=1, Vjel, (8)
B
ui—uj+nx;<n-1, Vi,je\{1},i#j )
1<u;<n-1, Viel\{l}, u =0, (10)
xij€{0,1}, Vi, jel, i#]. (11)

In this formulation, the binary variable x;; equals 1 if the directed arc from city i to city j is selected
and 0 otherwise. The auxiliary variable u; represents the visiting order of city i, with u; = 0 for the reference
city. Eq. (6) minimizes the total asymmetric tour cost. Eqs. (7) and (8) ensure that each city has exactly one
outgoing and one incoming arc, respectively. Eqs. (9) and (10) eliminate disconnected subtours, while Eq. (11)
defines the binary domain of the decision variables. Together, these constraints construct a single closed tour
that visits every city exactly once.

3 Overview of the Crested Porcupine Optimizer

The Crested Porcupine Optimizer (CPO), proposed by Abdel-Basset et al. [28], is inspired by four
defensive behaviors of crested porcupines: visual deterrence, auditory warning, scent emission, and physical
attack. The first two mechanisms support exploration, whereas the latter two promote exploitation.

3.1 The First Defensive Strategy

When a crested porcupine detects a predator, it raises its quills as a visual deterrent. In CPO, a normally
distributed random variable determines whether the simulated predator moves toward or away from the
porcupine, enabling exploration at different scales. The position of the i-th individual is updated as follows:
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—t+l ot ot ot
X, =X +1m |212xCP - yi| , (12)

—
where 7; is a normally distributed random number, 7, € [0,1], and xtc p denotes the best solution obtained

at iteration . The formula of it is described below:
x4+ Xt

~(: 1 r) 13
=" (13)

where 7 is a randomly selected integer index from {1,2,..., N}, and N denotes the population size.

3.2 The Second Defensive Strategy

The second defensive strategy models the auditory warning behavior of the crested porcupine. In
CPO, this mechanism combines the simulated predator position with the positional difference between two
randomly selected individuals to promote exploration. The position is updated as follows:

QHI (1— Ul)x + Ul ()/l + T3( ! )Z;z)) , (14)

where, U, is designed as a random binary vector having 0 and 1. 73 is a random number between [0, 1], 7,
and r, are randomly selected integer indices from {1,2,..., N}.

3.3 The Third Defensive Strategy

The third defensive strategy models scent emission and is used to exploit promising regions. The position
of the i-th individual is updated as follows:

QHI (1 U])x + U1 [x + S ( 1,2 - 56;3) - T3(§ytSf] , (15)

where Sf is the odor diffusion factor, 8 controls the search direction, y; is the defense factor, and 73 € [0,1].
The indices 1, , and r; is randomly selected integer indices from {1,2,...,N}.

3.4 The Forth Defensive Strategy

The fourth defensive strategy models the physical attack behavior of the crested porcupine and
strengthens exploitation around the current best solution. The position of the i-th individual is updated as
follows:

o xE, (a1 - 14) + 74 (8%Lp — %1) — 58y, FY, (16)

1

where X{.,, is the best solution obtained at iteration ¢, « is the convergence-speed factor, 74, 75 € [0,1], and
E! represents the average force acting on the i-th individual. The terms & and y: denote the search-direction
and defense factors, respectively.

4 The Proposed Discrete Crested Porcupine Optimizer

The original CPO is designed for continuous optimization, and its arithmetic position-update equations
cannot be directly applied to permutation-based SATSP. Therefore, this study proposes a Discrete Crested
Porcupine Optimizer (DCPO) that represents each solution as a feasible city permutation and reformulates
the four defensive mechanisms of CPO using discrete crossover and mutation operators. The correspondence
between CPO and SATSP is summarized in Table 1.
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Table 1: Correspondence between DCPO and SATSP.

DCPO SATSP
Position of a porcupine Visiting order of cities
Dimension of a porcupine’s position Number of cities
Fitness value of a porcupine Length of the visiting path
Best porcupine position Optimal path
Best fitness value Length of the optimal path

DCPO retains the population-based cooperation, probabilistic switching, elitist preservation, and
global-best guidance of the original CPO. The first and second defense mechanisms preserve their explo-
ration roles and are transformed into OX and PMX, respectively, which recombine route information while
maintaining feasible permutations. The third and fourth mechanisms preserve their exploitation roles and are
transformed into inversion and swap mutation, providing segment-level and position-level perturbations,
respectively. In addition, Hamming-distance-guided 2-opt is introduced to adaptively control the intensity
of local refinement. The complete procedure is presented in Algorithm 1.

Algorithm 1: The Pseudocode of DCPO

Require: Ny: initial population size, N;,: minimum population size, T},q,: maximum iterations, Ty:
defense threshold
Ensure: Gy,: global best path, F*: cost of the global best path

I:  Initialize the population and define related parameters
2:  Calculate the initial fitness and obtain the current best solution
3: t<1
4:  whilet < Ty, do
5: fori=1to N; do
6: Generate random numbers 71, 7, ~ U(0, 1)
7: if 7; < 1, then > Exploration phase
8: if 71 < 0.8 then
9: Perform Order Crossover: X < OX (X;, X,4,4) > First Defense Mechanism
10: else
11: Perform PMC Crossover: X; < PMX (X;, X,4,4) > Second Defense Mechanism
12: end if
13:  else > Exploitation phase
14: Compute Hamming distance: H < H (X;, Gy)
15: if 7, < Ty then
16: Perform Inversion Mutation Operator: X} < Reverse (X;, G,) > Third Defense Mechanism
17: else
18: Perform Swap Mutation Operator: X; < Swap (X;) > Fourth Defense Mechanism
19: end if
20: Apply 2-opt local optimization: X} < 2 — opt (X}, H)
21: end if
22: if L(n')<L(m)then
23: X < X] D> Elitism preservation

(Continued)
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Algorithm 1 (continued)

24: Update personal best: Xlib st < Xi

25: end if

26: end for

27: Update the global best path Gy, and its corresponding tour cost F*
28: t<t+1

29: end while

4.1 Crossover Operators in the Exploration Phase
4.1.1 Order Crossover Operator

The core mechanism of the Order Crossover (OX) operator is to generate valid offspring by inheriting
the city sequence characteristics from the parents. This operator preserves relative ordering information
of the selected path segment from one parent to ensure the feasibility of the offspring, while expanding
the search space through the reordering of the remaining cities. Such a design enhances global exploration
capability and improves search efficiency, aligning with the porcupine’s early-stage defensive behavior
associated with global search.

Let the parent paths be denoted as P, = (a;, a3, ..., a,) and P, = (by, by, ..., b,). Two crossover points
k; and k;, satistying 1 < k; < k; < n, are randomly selected. The segment between these points in P; is copied
to the offspring. The remaining cities are then inserted in their order of appearance in P,, excluding those
already contained in the copied segment. The resulting offspring is expressed as:

C=0X (Pl, Pz; kl, kz) 5 (17)

where C denotes the offspring route. The OX process is illustrated in Fig. 2.

copied segment

Parent 1 1 2

(=)}
|
=]

Parent 2 5 7 2 1 8 4 6 3

v
fill remaining cities in Parent 2 order
starting after the second crossover point

Figure 2: Visualization of the order crossover process in DCPO.

4.1.2 Partially Mapped Crossover Operator

The Partially Mapped Crossover (PMX) operator generates offspring by exchanging selected path
segments between two parents and resolving gene conflicts through a bidirectional mapping mechanism.
This process preserves the feasibility of the offspring permutation while increasing population diversity. The
conflict nodes generated during mapping can be regarded as potential activation points of the second defense
mechanism, which is consistent with the global search behavior in the exploration phase.

The PMX operator is illustrated in Fig. 3. Given two parent paths P; and P,, two crossover points
are randomly selected to define two equal-length mapping segments, S; = (a;, @js1,...,a;4;) € P from
P and S, = (bj, bjits...s bj+,) C P, from P,. A bidirectional mapping is then established between the
corresponding elements of the two segments as follows:
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M:ai+k<—>b]‘+k, k=0,1,...,l, (18)

for a candidate offspring solution Cy,a = (c1, €2, ..., ¢y) the gene ¢ is updated according to the following
rule:

bj+m ifck =0divm € Sl
Ck=qism ifck=bjrme€Sy m=0,1,...,1, (19)
Ck otherwise

where k € {1,2,...,n} denotes the position of a gene in the offspring. If the mapped element still conflicts
with the copied segment, the mapping procedure is repeated until a nonconflicting element is obtained.

copied segment

Parent 2 5 7 4 6 3
v

mapping relations: 3 - 2,4 - 1,5 8

conflicts outside the copied segment are resolved by mapping

Figure 3: Visualization of the partially mapped crossover process in DCPO.

4.2 Mutation Operators in the Exploitation Phase
4.2.1 Inversion Mutation Operator

The inversion mutation operator generates new candidate solutions by reversing a selected segment
within the path. This operation perturbs the original route structure, thereby increasing population diversity
and improving local search potential. In DCPO, it is used to simulate the scent-based defensive behavior
of the crested porcupine, corresponding to an exploitation-oriented search process. The inversion mutation
operator is illustrated in Fig. 4.

selected segment

H

reverse order

o [ 1]

Figure 4: Illustration of the inversion mutation operator.

Let the current path be denoted as 7 = (711, m, . . ., 71,). The operation is defined as follows:

A
T = nl)"‘)ﬂi—liﬂj) T[j—la~~-;7-[i) T[j+1:~--7ﬂn > (20)

| S —
reversed segment



Comput Mater Contin. 2026;89(2):70 9

where i and j are randomly selected index positions satisfying 1 < i < j < n. In SATSP, reversing a segment
changes the directions and costs of the internal directed arcs. Therefore, the complete directed tour cost must
be recalculated after the inversion mutation. The change in distance is calculated as:

n
’ ’
Ad = Z (dﬂ;,ﬂ,’(+1 - dﬂk,ﬂkH) > Tpel = M1 Ty = T (21)
k=1

4.2.2 Swap Mutation Operator

The swap mutation operator introduces controlled perturbations by exchanging two randomly selected
elements in the solution sequence. This operation helps increase population diversity and may further
improve solution quality. In DCPO, it is used to simulate the crested porcupines final confrontation-
based defensive behavior, corresponding to an intensified local search process. The swap mutation operator
is illustrated in Fig. 5. Specifically, two distinct positions k and [ are randomly selected, where k, [ €
{1,...,n} and k # [, and the mutated path is generated as follows:

T m=k
no={m m=1I Vme{l,...,n}, kile{l,....,n}, k=l (22)
T, Otherwise

OriginalRoute‘1‘2-4‘5‘6-8‘

swap two selected positions

\_/

o [T 0+ [+ [« ]

Figure 5: Illustration of the swap mutation operator.

4.3 2-opt Local Optimization
4.3.1 2-opt Optimization Procedure

The 2-opt local search is applied after the mutation operation to improve solution quality and accelerate
convergence. As shown in Fig. 6, the 2-opt operator selects two nonadjacent positions in a complete route
and reverses the segment between them to generate a candidate route. For the SATSP, reversing a segment
changes not only the two boundary arcs but also the directions and costs of all internal arcs. Therefore, the
complete directed tour cost of the candidate solution must be recalculated using the asymmetric distance
matrix. Given the current path 7 = (71, m, . . ., 7,), the optimization proceeds as follows:

Stepl: Randomly select two positions i, jsuch that 1< i< j<mandj—i>2.

Step2: Reverse the sub-path from position i to position j to generate a candidate solution. This operation
is identical to the inversion operation defined in Eq. (20), but is used here for greedy local refinement.

Step3: Recalculate the complete directed tour costs of the current and candidate routes, and apply the
following greedy acceptance criterion:

ﬂnewz{ﬂ, if L(n")<L(m) (23)

m  otherwise,
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n n
where L(7) = ¥ dry > Tper = m and L(n') = ¥ dn v, 7,1 = 7). This acceptance criterion ensures
k=1 k=1 *

that all reversed internal arcs, the two boundary arcs, and the closing arc are evaluated according to the
asymmetric distance matrix.

Figure 6: Illustration of the 2-opt operation.

4.3.2 Hamming Distance Association

Hamming distance is a metric used to measure the number of differing characters at corresponding
positions between two strings of equal length. The core idea is to compare elements position by position
and count the mismatches, thereby quantifying the degree of difference between them. In this study, the
Hamming distance is used to define the dissimilarity between the current solution and the global best
solution Gy:

H(mGy) = 31 (m % (Go)y). (24)
k=1

where I (-) denotes the indicator function. For each individual, the algorithm performs H (7, G} ) iterations
of the 2-opt operation. After each 2-opt attempt, the candidate route is retained only if its complete directed
tour cost is lower than that of the current route.

5 Experimental Evaluation
5.1 Experimental Settings

To evaluate the performance of DCPO on the SATSP, 12 spherical test scenarios with different problem
scales are designed. All instances are generated on a unit sphere and divided into low-dimensional scenarios
(n = 25, 50, 75, 100), medium-dimensional scenarios (n = 200, 300, 400, 500), and large-dimensional
scenarios (n = 600, 800, 1000, 1200), which are used to assess convergence behavior, computational stability,
and scalability across different problem sizes.

All experiments are conducted on the same workstation equipped with an AMD Ryzen 7 5800H
processor and 16 GB RAM, running the 64-bit Windows 10 operating system. All algorithms are implemented
and executed in MATLAB R2019a under the same software environment. No GPU acceleration or parallel
computing is used. DCPO is compared with six representative metaheuristic algorithms, namely the Discrete
Mayfly Algorithm (DMA) [10], the Flower Pollination Algorithm (FPA) [9], the Discrete Sparrow Search
Algorithm (DSSA) [29], the Randomized Bias Genetic Algorithm (RBGA) [30], the Genetic Algorithm
(GA) [31] and the Discrete Marine Predators Algorithm (DMPA) [12]. These algorithms are selected
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to represent different categories of metaheuristic methods. GA and RBGA represent evolutionary and
biased genetic search, DMA, DSSA, and DMPA represent discrete population-based optimization, and FPA
provides a problem-relevant benchmark because it has been applied to spherical TSP problems. For the
iteration-based comparison, all algorithms use a population size of 50 and a maximum number of 2000
iterations. Each algorithm is independently executed 20 times using independent random initializations.
Algorithm-specific parameters are set according to their original references or reccommended settings. Since
the exact optimal solutions of the generated SATSP instances are unavailable, the best value obtained across
all algorithms and independent runs for each instance is used as the empirical best-known solution (BKS)
for calculating the relative percentage deviation (RPD). The RPD is calculated as RPD = (Mean — BKS)/
BKS x100%, where BKS denotes the empirical best-known solution, and a lower RPD indicates better
performance. For all test scenarios, the rank is determined by the mean objective value in ascending
order. Table 2 displays the key control parameters for each algorithm.

Table 2: Parameter settings of the algorithms.

Algorithm Parameter Settings

Defense threshold Ty = 0.4
OX probability = 0.8
DCPO PMX probability = 0.2
Inversion mutation probability = 0.4
Swap mutation probability = 0.6

Defense threshold Ty = 0.4
DMA Population size = 50, including 25 male and 25 female mayflies Parameter u linearly
increases from 0.1to 0.9

FPA Switching probability p = 0.95

GA Crossover probability p. = 0.8

Mutation probability p,, = 0.8
The proportion of producers = 0.4

DSSA
The proportion of scouters = 0.2
Alarm value = 0.8
Crossover rate = 0.7
RBGA Mutation rate = 0.01
DMPA Step factor = 0.5

5.2 Performance Evaluation
5.2.1 Performance Evaluation in Low-Dimensional Scenarios

The proposed DCPO is compared with six representative algorithms in low-dimensional SATSP
scenarios involving 25, 50, 75, and 100 cities.

As shown in Table 3, DCPO achieves the best overall performance across all low-dimensional scenarios.
It achieves the lowest mean objective values for all four instances. DCPO also obtains the lowest RPD values
across all low-dimensional scenarios, confirming that its average solutions remain closest to the empirical
best-known solutions. It demonstrates strong stability, particularly in the 25-city case, where the standard
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deviation is zero. For the 50- and 75-city instances, DCPO still maintains the lowest mean objective values
with relatively low standard deviations, while FPA and DMA generally show competitive performance among
the compared algorithms, although their rankings vary across different instance sizes. Although FPA achieves
the lowest standard deviation in the 100-city case, DCPO remains superior in terms of both best-found
and mean objective values. In contrast, DMPA performs the worst overall. As the problem size increases,
DMPA shows larger mean objective values, while its standard deviations remain relatively high but do not
increase monotonically.

Table 3: Statistical performance comparison of algorithms in low-dimensional SATSP scenarios.

Cities Algorithm Best Worst Mean Std RPD (%) Rank

DCPO 12.5989 12.5989 12.5989 0.0000 0.0000 1

DMA 12.5989 13.2956 12.8218 0.2336 1.7629 4

FPA 12.5989 13.0893 12.7111 0.1876 0.8906 2

25 GA 12.6755 14.7664 13.5644 0.6092 7.6634 5
DMPA 21.7904 24.2605 23.6232 1.2933 87.5021 7

DSSA 12.5989 13.1482 12.7873 0.1746 1.4954 3

RBGA 12.8776 16.4015 14.6460 0.8919 16.2482 6

DCPO 18.0247 18.7597 18.1711 0.1871 0.8122 1

DMA 18.5173 19.8939 18.8044 0.3009 4.3257 2

FPA 19.1711 19.8893 19.3852 0.2140 7.5480 3

50 GA 19.0702 23.1922 20.4483 1.1684 13.4460 4
DMPA 51.4716 60.1774 55.3223 2.2943 206.9249 7

DSSA 20.4860 22.2279 21.1622 0.4321 174067 5

RBGA 28.1027 37.3011 32.4335 2.8058 79.9392 6

DCPO 23.6937 24.4767 24.0953 0.2287 1.6950 1

DMA 25.1657 26.6556 25.8299 0.3639 9.0159 3

FPA 25.0006 26.7825 25.4061 0.5446 7.2272 2

75 GA 25.7010 29.0137 273647 0.8154 15.4936 4
DMPA 89.4720 96.4809 92.4060 1.8635 290.0024 7

DSSA 31.9520 33.6132 32.6952 0.4397 37.9911 5

RBGA 48.6889 56.1305 52.6953 2.2673 122.4022 6

DCPO 26.3608 27.7603 27.4029 0.3629 3.9532 1

DMA 28.0892 29.6108 28.8978 0.3700 9.6241 3

FPA 27.7881 29.0767 28.3012 0.2812 7.3609 2

100 GA 31.1702 35.6352 33.1808 1.2943 25.8717 4
DMPA 122.0226 128.7148 125.4253 1.9979 375.8023 7

DSSA 43.7101 46.7779 45.3659 0.9478 72.0961 5

RBGA 65.9530 77.0832 72.3245 2.7888 174.3638 6

Note: Values in bold denote the best results among all compared algorithms.

As illustrated in Fig. 7, DCPO consistently exhibits the fastest convergence across different problem
sizes. In the 50-city case (Fig. 7b), it rapidly reaches near-optimal solutions, significantly ahead of competing
algorithms, while DMPA stagnates in the early stages. In the 75-city instance, DCPO converges to the
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optimum within just 200 generations, again outperforming others. Similar patterns are observed in the
100-city case, where DCPO maintains strong convergence behavior.
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Figure 7: Convergence curves comparison in low-dimensional SATSP scenarios.

Fig. 8 compares the average runtime of the algorithms in the low-dimensional SATSP scenarios. The
results confirm that the same population size and iteration limit do not lead to identical computational
costs. DSSA consistently achieves the shortest runtime, whereas FPA and DMPA require substantially
more computation across all instances. Although DCPO incorporates Hamming-distance-guided 2-opt
local search, its runtime remains lower than those of FPA and DMPA and is comparable to that of DMA
in the 50- and 100-city instances. However, DCPO is slower than simpler algorithms such as DSSA and
RBGA, reflecting the additional cost introduced by local refinement. Therefore, the results indicate that
DCPO achieves improved solution quality at a moderate additional computational cost, rather than under
an identical computational budget.

As shown in Table 4, all pairwise comparisons between DCPO and the other algorithms yield p-values
below 0.05 across the four low-dimensional scenarios, indicating statistically significant performance dif-
ferences. Table 5 further shows that DCPO achieves the lowest Friedman mean rank of 1.00 and ranks first
overall in the low-dimensional SATSP scenarios.
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Figure 8: Average runtime comparison in low-dimensional SATSP scenarios.

Table 4: Wilcoxon rank-sum test results for low-dimensional SATSP scenarios.

Cities DMA FPA GA DMPA DSSA RBGA
25 1.6134e-04 9.5000e-03 8.0065e-09 7.8898e-09 6.6188e—-05 8.0065e-09
50 7.4003e-06 6.4307e-08 6.5876e—08 6.5876e—08 6.5876e—08 6.5876e—08
75 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08
100 1.0646e—-07 2.6898e-06 6.7956e—-08 6.7956e—-08 6.7956e—08 6.7956e—-08

Table 5: Friedman rank test results for low-dimensional SATSP scenarios.
Algorithms DCPO DMA FPA GA DMPA DSSA RBGA

Friedman Mean Rank 1.00 3.00 2.25 4.25 7.00 4.50 6.00

Rank 1 3 2 4 7 5 6

5.2.2 Performance Evaluation in Medium-Dimensional Scenarios

To further evaluate the performance of DCPO, experiments are conducted in medium-dimensional
SATSP scenarios involving 200, 300, 400, and 500 cities.
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As reported in Table 6, DCPO achieves the best overall performance on the 200-city and 300-city
instances, obtaining superior results in terms of best-found, worst, and mean objective values, as well as the
standard deviation. It also achieves the lowest RPD values of 2.7728% and 1.7621%, respectively, indicating
that its average solutions are closest to the empirical best-known solutions. However, the performance gap
between DCPO and the second-best algorithm becomes smaller than that observed in low-dimensional
scenarios. For the 400-city instance, DMA obtains the lowest best-found and mean objective values, and the
lowest RPD of 2.2213%, compared with 2.7087% for DCPO, indicating a competitive advantage in this specific
case. In the 500-city instance, although the standard deviation of DCPO is approximately 0.2 higher than
that of DMA, DCPO again achieves lower best-found, worst, and mean objective values, together with the
lowest RPD of 2.1061%, suggesting that its clear advantage in solution accuracy is maintained. In contrast, GA
and RBGA exhibit relatively large standard deviations and RPD values, indicating weaker solution stability
and accuracy.

Table 6: Statistical performance comparison of algorithms in medium-dimensional SATSP scenarios.

Cities Algorithm Best Worst Mean Std RPD (%) Rank

DCPO 37.94693 39.65352 38.99913 0.469898 2.7728 1

DMA 39.0108 40.97485 39.82286 0.522297 4.9436 2

FPA 39.4735 41.99414 40.56126 0.658028 6.8894 3

200 GA 85.53728 97.64482 91.76502 3.281636 141.8246 4
DMPA 271.0386 278.7079 275.1647 1.9955 625.1303 7

DSSA 103.3581 109.1478 106.8578 1.7055 191.5980 5

RBGA 151.03889 172.9391 162.4814 6.3388 328.1806 6

DCPO 47.84357 49.51733 48.68662 0.430969 1.7621 1

DMA 48.3741 49.97359 49.0335 0.433242 2.4871 2

FPA 52.2058 54.454 53.3793 0.51708 11.5705 3

300 GA 171.2452 192.2209 182.1271 5.835366 280.6721 5
DMPA 412.6390 425.7831 421.6332 3.2214 781.2745 7

DSSA 176.1572 187.2140 181.7783 3.0622 279.9430 4

RBGA 240.3819 263.2672 252.38885 6.7678 4275293 6

DCPO 56.64063 58.37847 57.64327 0.399832 2.7087 2

DMA 56.12308 58.44733 57.36975 0.669549 2.2213 1

FPA 63.98374 66.77027 65.53482 0.76081 16.7689 3

400 GA 273.4615 291.3394 283.2349 4.839537 404.6674 5
DMPA 562.2972 575.7477 570.4497 3.5543 916.4262 7

DSSA 255.6438 269.0622 263.0065 3.9372 368.6245 4

RBGA 334.3382 367.6260 353.1013 7.7292 529.1552 6

DCPO 61.40847 64.26604 62.70179 0.892082 2.1061 1

DMA 63.47431 66.7778 65.18491 0.678503 6.1497 2

FPA 75.0129 78.35645 7719874 0.823387 25.7135 3

500 GA 377.8307 409.8118 393.3767 8.301347 540.5903 5
DMPA 711.7697 725.3358 720.4738 3.7864 1073.2483 7

DSSA 341.3419 354.0146 3475578 3.1284 465.9970 4

RBGA 434.3002 4673646 450.9775 8.3201 634.3897 6

Note: Values in bold denote the best results among all compared algorithms.
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As shown in Fig. 9, DCPO exhibits consistently fast and stable convergence across all medium-
dimensional instances. For the 200- and 300-city cases, both DCPO and FPA converge rapidly, whereas
DCPO reaches lower objective values and therefore achieves better solution accuracy. In the 400-city case,
DCPO and DMA show comparable convergence behavior, although DMA obtains a slightly better final
solution. For the 500-city case, DCPO maintains a similar convergence rate while achieving a lower final
objective value than DMA. Overall, these results demonstrate the robustness and scalability of DCPO across

different problem sizes.
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Figure 9: Convergence curves comparison in medium-dimensional SATSP scenarios.

Fig. 10 compares the average runtime of the algorithms on medium-dimensional SATSP scenarios.
DSSA and RBGA consistently require the shortest runtimes, whereas DMPA and FPA incur the highest
computational costs across all instances. Owing to its Hamming-distance-guided 2-opt local search, DCPO
requires more runtime than DMA, GA, DSSA, and RBGA, but remains substantially faster than FPA and
DMPA. Combined with the solution-quality results in Table 6, these findings indicate that DCPO achieves
improved solution accuracy at a moderate additional computational cost, providing a reasonable trade-off
between optimization performance and computational efficiency.

As shown in Table 7, all pairwise comparisons between DCPO and the other algorithms yield p < 0.05
indicating statistically significant performance differences. Table 8 further shows that DCPO achieves the
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lowest Friedman mean rank of 1.25 and remains first overall, followed by DMA, FPA, DSSA, GA, RBGA,

and DMPA.
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Figure 10: Average runtime comparison in medium-dimensional SATSP scenarios.

Table 7: Wilcoxon rank-sum test results for medium-dimensional SATSP scenarios.

Cities DMA FPA GA DMPA DSSA RBGA
200 2.3025e-05 1.2346e-07 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08
300 3.8500e—02 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08
400 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08
500 1.2346e-07 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08 6.7956e—08

Table 8: Friedman rank test results for medium-dimensional SATSP scenarios.
Algorithms DCPO DMA FPA GA DMPA DSSA RBGA

Friedman Mean Rank 1.25 1.75 3.00 4.75 7.00 4.25 6.00

Rank 1 2 3 5 7 4 6
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5.2.3 Performance Evaluation in Large-Dimensional Scenarios

To further evaluate the scalability of DCPO, experiments are conducted in large-dimensional SATSP
scenarios involving 600, 800, 1000, and 1200 cities. Since DMA and FPA show relatively competitive
performance in the preceding experiments, this section focuses on a targeted comparison among DMA, FPA,
and DCPO.

Table 9 summarizes the comparative results of the three algorithms across four large-dimensional
scenarios. DCPO consistently achieves the lowest best-found, worst, and mean objective values, demon-
strating its clear advantage in solution accuracy. It also obtains the lowest RPD values of 1.5526%, 1.8584%,
1.3005%, and 1.6811% for the 600-, 800-, 1000-, and 1200-city instances, respectively, indicating that its
average solutions remain closest to the empirical best-known solutions. Although its standard deviation is
slightly higher than that of FPA in the 800- and 1200-city instances, DCPO still maintains superior overall
performance in terms of solution quality.

Table 9: Statistical performance comparison of algorithms in large-dimensional SATSP scenarios.

Cities  Algorithm Best Worst Mean Std RPD (%) Rank

DCPO 71.23155 72.83894 72.33747 0.364589 1.5526 1

600 DMA 73.52249 78.22189 75.99045 1.260588 6.6809 2
FPA 90.28232 94.41277 92.43644 0.969847 29.7690 3

DCPO 84.87238 87.84861 86.449624 0.8782526 1.8584 1

800 DMA 92.41343 95.65977 94.04958 1.027286 10.8129 2
FPA 113.3929 116.1305 114.5191 0.848491793 34.9309 3

DCPO 100.9383 103.6005 102.251 0.584602 1.3005 1

1000 DMA 115.934 119.8339 117.6468 1.108796 16.5532 2
FPA 132.2719 136.3085 134.0227 1.335686 32.7769 3

DCPO 114.132118 117.62145 116.05085 1.002898939 1.6811 1

1200 DMA 137.485216 147.998429 144.093121 3.00816883 26.2512 2
FPA 158.009876 159.853224 158.9830501 0.595204637 39.2974 3

Note: Values in bold denote the best results among all compared algorithms.

As shown in Fig. 11, DCPO exhibits the most favorable convergence behavior across the large-
dimensional scenarios. Although FPA converges rapidly during the early iterations, it stabilizes at relatively
higher objective values. DMA achieves final objective values closer to those of DCPO but requires more
iterations to converge. In contrast, DCPO combines rapid convergence with higher solution accuracy.

Fig. 12 compares the average runtime of DCPO, DMA, and FPA on large-dimensional SATSP scenarios.
The runtime of all three algorithms increases with the number of cities. DMA consistently achieves the
shortest runtime, whereas FPA incurs the highest computational cost. DCPO remains between the two
algorithms across all instances, reflecting the additional cost introduced by its local-refinement mechanism.
Combined with the solution-quality results in Table 9, DCPO provides a reasonable trade-off between
computational cost and solution accuracy in large-dimensional scenarios.

According to Table 10, all pairwise comparisons between DCPO and DMA or FPA yield p < 0.05

indicating statistically significant performance differences. Table 11 further shows that DCPO achieves the
lowest Friedman mean rank of 1.00 and ranks first overall. Combined with the objective-value results
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in Table 9, these findings confirm the superior overall performance of DCPO in the large-dimensional
SATSP scenarios.
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Figure 11: Convergence curves comparison in large-dimensional SATSP scenarios.
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Table 10: Wilcoxon rank-sum test results for large-dimensional SATSP scenarios.

Cities DMA FPA
600 6.7956e-08 6.7956e-08
800 6.7956e-08 6.7956e-08
1000 6.7956e-08 6.7956e-08
1200 6.7956e-08 6.7956e-08

Table 11: Friedman rank test results for large-dimensional SATSP scenarios.

Algorithms DCPO DMA FPA
Friedman Mean Rank 1.00 2.00 3.00
Rank 1 2 3

5.3 Parameter Sensitivity Analysis

To evaluate the robustness of DCPO to its main parameter settings, one-factor-at-a-time sensitivity
experiments were conducted on representative 25-, 200-, and 600-city SATSP scenarios. For each parameter,
four candidate values were tested while all other parameters were fixed at their default settings. Each
configuration was independently executed 10 times, and the best value, mean value, standard deviation, and
average rank were reported. The rank is determined in ascending order according to the mean objective value
for each scenario, and Avg. Rank denotes the average rank across the three scenarios. The best mean value
and average rank are highlighted in bold.

Table 12 shows the sensitivity of DCPO to the defense-switching threshold. Among the tested values,
Ty = 0.4 achieves the lowest mean objective value in all three scenarios and an average rank of 1.00. Although
T; = 0.6 obtains a slightly better best value in the 600-city scenario, Ty = 0.4 provides the best overall
performance across the three scenarios. The small differences among neighboring values also indicate that
DCPO is not highly sensitive to Ty; therefore, T; = 0.4 is adopted as the default setting.

Table 12: Sensitivity of DCPO to the defense-switching threshold.

T 25-Cities 25-Cities 200-Cities 200-Cities 600-Cities 600-Cities Avg.
Best Mean = Std Best Mean + Std Best Mean =+ Std Rank
02 125989 126.6027477 4* 371852 3%"1725207; 722147 7%?;;* 2.67
0.4 12.5989 1%'290%9; 37.0899 3?)'.(;221* 71.4605 7%'66188795 * 100
0.6 125989 lzdé()zgf 6* 372400 3%2769885* 71.3268 72()"6;15989* 2.67
0.8 125989 126i76%89i 376533 385; 351% * 71.7687 7%)"9612309; 3.67

Note: Bold values indicate the best result for each metric among the tested Ty settings.
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Table 13 presents the sensitivity of DCPO to the crossover-selection probabilities. The configuration
OX = 0.8 and PMX = 0.2 achieves the lowest mean objective values in the 25- and 600-city scenarios and
obtains the best overall average rank of 1.33. Although the 0.6/0.4 configuration performs slightly better in
the 200-city scenario, the differences between the two configurations is small. These results suggest that a
higher probability of OX generally benefits DCPO, while retaining PMX with a probability of 0.2 provides
complementary route recombination. Therefore, the 0.8/0.2 configuration is adopted because it provides the
best overall performance across different problem scales.

Table 13: Sensitivity of DCPO to the crossover-selection probabilities.

25-Cities 25-Cities 200-Cities  200-Cities  600-Cities  600-Cities  Avg.

OX PMX Best Mean + Std Best Mean + Std Best Mean + Std Rank
02 08 125989 12?1623;67 T 379878 380‘%: 68371 720143 730'_1503371i 4.00
04 06 125989 120‘.603716621 37.8129 3?)‘.1799123 5* 71.4641 720‘?625229; 3.00
0.6 04 125989 1%%%? 6* 375276 33:)'.07?32 713246 726?76252559* 1.67
0.8 02 12.5989 1?)'.5090%90* 376533 3 2‘.17463: Si 71.4338 720‘.36231161 133

Note: Bold values indicate the best results among the tested settings; bold parameter values denote the selected
default setting.

5.4 Time Complexity of DCPO

We analyze the time complexity of DCPO. Let n denote the problem size (number of cities), N,y the
average population size, Tp,x the maximum number of iterations, and # the Hamming distance between
the current solution and the global best solution. In the exploration phase, both the OX and PMX crossover
operators require O(n) time. In the exploitation phase, inversion mutation requires O(n) time, whereas the
swap operation itself requires O(1) time. However, evaluating and greedily selecting the resulting candidate
route requires recalculating the complete directed tour cost, so the overall complexity of the mutation step
is O(n). The local optimization phase performs h 2-opt attempts for each individual. Each attempt requires
O(n) time to generate and evaluate the complete directed candidate route; thus, the total complexity of this
phase is O(hn). Combining the complexities of these phases, the time complexity per individual per iteration
is O((h + 1)n). The asymmetric distance matrix is precomputed once with a time complexity of O(#?) time.
Consequently, using the average Hamming distance & over the search process, the practical time complexity
of DCPOis O (TmaX *Nayg - (E + 1) . n) +0 (nz), where h denotes the average Hamming distance observed
during the search. Since 0 < h < n, the worst-case time complexity is O (Tmax *Nayg - nz) +0 (nz), which is
dominated by O (Tmax *Nayg - nz).

6 Conclusions and Future Work

This study proposes a Discrete Crested Porcupine Optimizer (DCPO) for solving the Spherical Asym-
metric Traveling Salesman Problem (SATSP). By introducing a permutation-based solution representation,
crossover and mutation operators, and a 2-opt local search strategy, the proposed DCPO adapts the
continuous search mechanism of the original CPO to discrete spherical asymmetric route optimization.



22 Comput Mater Contin. 2026;89(2):70

These mechanisms enhance population diversity, strengthen local exploitation, and improve the balance
between global exploration and local refinement. Experimental results on 12 SATSP instances of different
scales demonstrate that DCPO achieves superior solution quality and robustness compared with several
representative metaheuristic algorithms, including DMA, FPA, GA, DMPA, DSSA, and RBGA. In partic-
ular, DCPO shows competitive performance in low- and medium-dimensional scenarios and maintains a
clear advantage in large-dimensional scenarios, indicating its scalability for complex SATSP optimization.
Although DCPO does not always achieve the shortest runtime, it provides a favorable trade-off between
optimization accuracy, robustness, and computational efficiency.

Despite its effectiveness, DCPO still has room for improvement in terms of computational cost,
especially when solving large-scale instances. Another limitation is that the relative contributions and com-
plementary effects of its discrete search components have not yet been quantified through controlled ablation
experiments. Future work will focus on improving the efficiency of DCPO through adaptive parameter
control, more efficient local search strategies, and hybridization with other optimization algorithms. In
addition, the proposed framework will be extended to real-world spherical routing and scheduling problems,
such as global logistics routing, UAV or aircraft path planning, satellite routing, and mission scheduling
under dynamic constraints.
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