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Abstract

The vehicle routing problem is one of the most often studied optimization problems. In
this study, an improved artificial bee colony (ABC) algorithm is proposed which is struc-
tured specifically to address the capacitated vehicle routing problem (CVRP), a significant
challenge in combinatorial optimization. The proposed algorithm integrates several novel
features to improve its performance on CVRP instances. These include a unique initial-
ization strategy that spreads non-repeated customers during initialization, an innovative
dual group strategy in the employed bee phase, and an improved scout bee phase with per-
turbation techniques. Additionally, the proposed algorithm effectively handles infeasible
solutions using a novel penalty function formula. The Chebyshev Minkowski’s distance is
utilized for route evaluation, enhancing spatial relationship representation over traditional
Euclidean distances. Moreover, the classical CVRP model is extended by introducing new
variables and constraints to capture changing demand at each customer location within
a route. The algorithm’s efficiency was extensively evaluated using benchmark data sets
comprising 73 instances from data sets A, B, and P sourced from the VRP instances library
site. This rigorous testing enables comprehensive assessments and meaningful comparisons
with other algorithms. Overall, the proposed ABC algorithm offers a promising solution
for addressing CVRP challenges, providing advancements in solution quality, robustness,
and adaptability. Finally, the optimal results are compared in terms of their statistical
significance using Friedman and Wilcoxon rank tests with three well-known optimizer
algorithms in the literature.

Keywords: metaheuristic algorithm; capacitated vehicle routing problem; artificial bee
colony algorithm; penalty function
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1. Introduction

The capacitated vehicle routing problem (CVRP) is a traditional optimization prob-
lem in the field of operations research and logistics, finding applications across diverse
industries. It involves determining the most cost-effective route to deliver goods or services
to a set of customers using a fleet of vehicles, considering capacity constraints on each
vehicle. The goal is to minimize the total transportation cost incurred during the delivery
process. The CVRP’s origin traces back to vehicle routing problems (VRPs) which were
introduced in the late 1950s with a focus on finding optimal routes for a fleet of vehicles
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serving geographically dispersed customers. CVRP emerged as an extension of the VRP,
with a primary focus on the capacity constraints of vehicles. The inspiring work on CVRP
is often attributed to George Dantzig and J. H. Ramser [1]. In their 1959 paper titled “The
Truck Dispatching Problem,” they presented the first formal mathematical formulation
of what would later be recognized as the vehicle routing problem. In the original formu-
lation by Dantzig and Ramser, the objective was to minimize the total distance traveled
by a fleet of trucks making deliveries to a set of known customers. However, it was soon
recognized that incorporating capacity constraints on vehicles, i.e., limiting the amount of
goods a vehicle can carry, was a critical consideration in practical applications. CVRP has
become a benchmark problem in optimization and logistics, serving as a foundation for
the development and testing of various solution methodologies, algorithms, and heuris-
tics. Its significance lies in its applicability to delivery challenges faced by companies in
transportation and logistics management.

Various approaches are employed to tackle CVRP complexity. Exact algorithms, such
as integer linear programming (ILP) formulations, are applied to small to medium-sized
customers, translating CVRP into a mathematical model solvable by optimization solvers.
The systematic exploration of the solution space for exact solutions is achieved through
algorithms like branch-and-bound and branch-and-cut, which breaks down the problem
into smaller subproblems, allowing for the derivation of an optimal solution via a demand-
ing process. However, these exact methods are constrained by significant time complexity.
In chapter [2], they first briefly introduced the earliest and most classical heuristic algo-
rithms. Then they concentrate on the most recent developments on heuristics for routing
problems, namely, metaheuristics, learning approaches, and heuristics for large-scale prob-
lems. Recognizing the NP-hard nature of CVRP, particularly with a higher number of
customers [3], heuristic methods become crucial. The Nearest Neighbor Heuristic [4] and
the Clark and Wright Savings Algorithm [5] are examples of such methods, providing
effective solutions within a reasonable timeframe. Metaheuristic approaches, including
Differential Algorithms [6], Simulated Annealing [7], and Tabu Search, explore solution
spaces innovatively, yielding near-optimal solutions [8]. A successful resolution of CVRP
significantly contributes to enhanced operational efficiency, reduced transportation costs,
and customer satisfaction through timely and optimized deliveries. Despite these benefits,
CVRP solutions, especially within the broader vehicle routing problem (VRP) context, face
criticism for slow convergence rates [9]. Continuous advancements in algorithms and
methodologies aim to address these challenges, further optimizing the logistics landscape
and enhancing the efficiency of solving complex routing problems.

In the capacitated vehicle routing problem (CVRP), nodes represent customers and
the depot, while edges denote routes connecting them. Customers, each associated with a
specific demand, are dispersed across the network. The depot serves as both the starting
and ending point for all routes, facilitating the departure and return of vehicles, similar
to the starting point of a traveling salesman as illustrated by Russell and Norvig in 2016.
Edges between the depot and customer nodes embody the paths that vehicles traverse
to deliver goods, with the weight or cost reflecting factors like travel distance, time, or
transportation expenses. The central role of the depot is fundamental, serving as the
origin and destination where vehicles load goods and return upon completing assigned
routes. A fleet of vehicles embarks on a journey from the depot, visiting customers to fulfill
their demands, and subsequently returning to the depot. The objective of optimization of
CVRP is to strategically plan these routes to minimize overall transportation costs while
adhering to the capacity constraints of the vehicles. The vehicle routing problem (VRP)
has evolved over time, leading to the development of various versions and extensions to
address specific constraints and complexities, as depicted in Figure 1. These versions cater
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to diverse scenarios, such as periodic deliveries, time-dependent travel, multiple depots,
and pickup and delivery operations. Each version addresses specific challenges relevant
to different industries and logistical scenarios. The continuous evolution of VRP versions
reflects on-going efforts to model and solve routing challenges more accurately, considering
a range of constraints and factors relevant to specific applications and industries.

PVRP Periodic Multiple Depot MDVRP

Distance or Time Time Windows

Pickup - Delivery Backhaul
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Figure 1. Variants of the vehicle routing problem.

(i) Capacitated Vehicle Routing Problem (CVRP): Involves single depots, each with
its own set of vehicles. (ii) Time and Distance-Dependent VRP (DVRP): Extends CVRP
by incorporating time-dependent travel times. Routes are optimized based on varying
travel times due to factors like traffic conditions, leading to more realistic and dynamic
solutions. (iii) Periodic VRP (PVRP): Addresses scenarios where deliveries are made
periodically, such as daily or weekly. This version optimizes routes for recurring delivery
schedules. (iv) Multi-Depot VRP (MDVRP): Involves multiple depots, each with its own set
of vehicles [10]. The challenge is to optimize routes for the entire fleet, considering multiple
starting points. (v) VRP with Time Windows (VRPTW): Introduces time windows during
which deliveries must be made [11]. This version adds the constraint of time sensitivity,
reflecting situations where customers have specific time constraints for receiving deliveries.
(vi) VRP with Pickup and Delivery (VRPPD): Extends VRP by incorporating both delivery
and pickup locations. Vehicles are responsible for picking up goods at certain locations
before making deliveries. (vii) Split Delivery VRP (SDVRP): Enables the distribution of a
customer’s demand among several vehicles, providing more flexibility in meeting demand
requirements efficiently. (viii) Backhaul VRP (BVRP): Optimizes routes by incorporating
both the delivery of goods to customers and the pickup of additional cargo during the return
trip to the depot, aiming to minimize transportation costs and increase resource efficiency.
More categories of CVRP are soft time window-related VRP [12], Loading-constrained
VRP [13], and Uncertain demand VRP [14].

The remainder of the paper is structured as follows. Section 2 reviews the existing
related work in the field of CVRP. Section 3 presents the novelty and contributions of the
proposed method. Section 4 presents the problem definition of CVRP. Section 5 presents
the optimization of the CVRP using the artificial bee colony algorithm and explains the
modifications made to the ABC algorithm. Section 6 presents the computational results and
discussion for the 73 instances from data sets A, B and P sourced from the VRP instances
library. Finally, Section 7 concludes the paper.
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2. Literature Review

The capacitated vehicle routing problem (CVRP) emerged as a specialized variant of
the vehicle routing problem (VRP) [1], and its evolution has witnessed the development of
numerous methodologies aimed at addressing this challenging problem [15]. Diverse opti-
mization strategies have been employed in various studies to effectively resolve CVRP [16].
A recent review by Toth and Vigo focused on precise algorithms based on the branch-
and-bound method, particularly addressing the asymmetric CVRP (ASCVRP) and the
symmetric CVRP (SCVRP) [17]. In ASCVRP, the cost of traveling in both directions be-
tween two nodes is equal, while in SCVRP, this is not the case because metropolitan areas
frequently enforce one-way directions.

Over time, a variety of approaches have been used to solve this NP-hard problem.
These approaches can be roughly divided into three groups: exact methods, heuristics,
and metaheuristics. Exact approaches encompass algorithms such as branch-and-cut [18],
and branch-and-bound [19]. These approaches can be produced by employing optimal
subproblems that can be obtained. The enormous time complexity of accurate procedures
is their drawback. While exact algorithms such as branch-and-bound and branch-and-cut
have demonstrated efficacy in solving small-scale instances, their applicability to large-scale
problems is limited due to the combinatorial explosion of the solution space [20].

A comparable review by Baldacci et al. [20] incorporated time periods as an additional
constraint, considering the computational effectiveness of various exact approaches. De-
spite the existence of mathematical techniques like linear programming [21] and dynamic
programming [22], designed to address CVRPs, the inherent NP-hard nature of CVRP
makes these approaches time-consuming [23]. Consequently, researchers frequently turn
to heuristic techniques, broadly classified into two categories, to navigate the complexity
of CVRPs effectively. The first category includes traditional heuristic techniques such as
the savings algorithm [5], insertion algorithm [24], and scanning algorithm [25]. These
methods generate a feasible solution by iteratively adding customers to an existing partial
solution, allowing for rapid solution identification. However, the quality of the solution
obtained through these techniques cannot be guaranteed.

Constructive and improvement heuristics are two types of heuristic techniques. Con-
structive heuristics begin with a blank slate. Each of the present partial solutions is obtained
in a step. The Clarke and Wright Saving Algorithm is a well-known constructive heuris-
tic [5]. Iteratively, improvement heuristics look at the neighbors of the current solutions.
Heuristics for intra-route improvement include techniques like 2h-opt, 2-opt, and 3-opt.
String exchange, relocation, cross, and mix are examples of inter-route enhancement heuris-
tics. Improvement of heuristics requires initial solutions. The algorithm may be locked in
and local. To handle the CVRP, a wide range of heuristic and metaheuristic strategies have
been presented. Although they can produce workable solutions fast, traditional heuristic
algorithms like the savings algorithm [5], nearest neighbor algorithm [15], and sweep
algorithm [26] frequently experience local optima.

In order to tackle vehicle routing problems, metaheuristic techniques, which include
algorithms like the differential evolution algorithm, ant colony optimization, artificial
bee colony, tabu search, particle swarm optimization, simulated annealing, and genetic
algorithm (GA) have been frequently used. These algorithms are unquestionably highly
effective at tackling any complicated optimization issue, but they also have the drawback
of either premature or sluggish convergence depending on the diversity of the popula-
tion. Hybrid approaches are typically employed to get around these limitations. Despite
their limited processing power, a variety of metaheuristic techniques have been shown
to be highly successful in solving CVRP. Because of their strong global search capabil-
ities, evolutionary algorithms (EAs) have been used extensively in the CVRP in recent
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years. Typical techniques are Genetic Algorithms [27], Differential Evolution [28], Ant
Colony Optimization (ACO) [29], and Particle Swarm Optimization [30]. Many researchers
have included methods like Large Neighborhood Search (LNS) [31] to further enhance
performance, resulting in complex hybrid intelligent systems.

Nevertheless, metaheuristic methods frequently depend on fixed or randomly chosen
operators, which restricts their capacity to modify search tactics according to the stage of
the search or the status of the solution. This may lead to sluggish convergence and low
search efficiency.

The second category involves metaheuristic approaches, where various techniques
have been employed to tackle CVRPs. Notable examples include the simulated annealing
algorithm [32-34], the ant colony algorithm [35-37], the tabu search algorithm [32,38,39],
the variable neighborhood search algorithm [4,40,41], and evolutionary algorithm [42-44].
A novel bio-heuristic computing algorithm, the Adleman-Lipton model, was introduced
by Wang et al. [45] for solving CVRPs. Additionally, in [3], a memetic algorithm was
developed by integrating a new local search operator with the traditional VRP, demonstrat-
ing effectiveness in solving CVRPs through the strategic transfer and rearrangement of
customers across different journeys. Rodriguez and Ruiz [46] performed a comprehensive
analysis, comparing the differences between symmetric and asymmetric CVRPs in terms of
both quantity and quality. They utilized various tools, including classical heuristics and
metaheuristics, to examine the effects of logistic components such as demand, minimum
vehicle capacity, geographical locations of customers and depots, and asymmetric costs on
CVRP solution techniques. Nazif and Lee [47] addressed CVRP with a homogeneous fleet
at a single depot. Kuo et al. [48] introduced a change-constrained program (CCP) model
formulation for CVRP with fuzzy demand, providing an effective approach for managing
Indonesia’s waste collection system by handling uncertainties through fuzzy variables.
Xiao et al. [7] aimed to reduce fuel consumption during vehicle tours by incorporating the
fuel consumption rate (FCR) concept into CVRP. They presented a simulated annealing
heuristic and a mathematical optimization model with a hybrid network, drawing inspira-
tion from the works of Christofides et al. [49] and Golden et al. [50]. Bock and Sanita [51]
explored two variations, namely the school bus problem with regret minimization and
the problem of capacitated orienteering in Euclidean graphs. In the first scenario, they
devised solutions for efficiently routing a fleet of buses with constrained space to pick
up and deliver pupils to a school while minimizing regret. In the second variation, the
focus shifted to maximizing profit from nodes with cumulative demand not exceeding the
capacity of vehicles. Stanojevic et al. [52] proposed the extended saving algorithm (ESA)
as a solution strategy, designed to combine routes and incorporate a matching calculation
formula for time savings dynamically during the iterative process.

Various algorithms were tested on well-known benchmark instances, including 73 in-
stances from data sets A, B, and P proposed by Augerat et al. [8], 11 instances from the data
set E proposed by Christofides and Eilon [49], and seven instances from the data set CMT
proposed by Christofides et al. [53]. Each instance included a depot, two to 17 vehicles, and
15 to 199 customers. Table 1 provides an overview of selected recent articles on capacitated
vehicle routing problems (CVRPs).

The artificial bee colony (ABC) algorithm, proposed by Dervis Karaboga in 2005, is a
swarm intelligence optimization technique inspired by the foraging behavior of honeybees.
The algorithm consists of employed bees, onlooker bees, and scout bees, which cooperate to
balance exploration and exploitation during the optimization process. Although originally
designed for continuous optimization, several discrete versions have been developed for
solving routing and scheduling problems.
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One of the earliest applications of ABC to the CVRP was presented by Szeto et al. [53].
They proposed a discrete ABC algorithm with permutation-based solution encoding and
seven neighborhood search operators, including swap, insertion, subsequence reversal, and
subsequence insertion. Their algorithm produced competitive solutions on standard CVRP
benchmark data sets and demonstrated that neighborhood search significantly improves the
performance of ABC. Brajevic further modified the ABC algorithm for CVRP by introduc-
ing a discrete solution representation, swap and insertion operators, and Deb’s feasibility
rules for handling capacity constraints [54]. They proposed a discrete ABC algorithm with
permutation-based solution encoding [55]. The proposed algorithm successfully solved
several benchmark instances and showed that constraint-handling strategies improve solu-
tion feasibility and convergence. Ji and Wu extended ABC to solve the Time-Dependent
Vehicle Routing Problem by incorporating roulette-wheel selection and multiple neighbor-
hood operators [55]. Their study demonstrated that integrating local search mechanisms
improves solution quality under varying travel-time conditions. Zhang et al. integrated an
artificial bee colony optimization with variable neighborhood search to address CVRP [56].

Table 1. Outline of selected recent articles on the CVRP.

Application in

Sr. No. Type of Constraint Approach of Solution Real-Life Year Reference
1 Fuel consumption rate Simulated annealing Transportation network 2012 [7]
Multi-depot and full Two-phase greedy heuristic + Collaborative
2 . 2010 [57]
truckloads local search transportation
3 Classical version of CVRP Enhanced S(agslgg)s algorithm Transportation network 2013 [52]
4 Classical version of CVRP SA + Tabu search Transportation network 2009 [58]
5 Fuzzy demand Hybrid PSO Garbage collection 2012 [48]
Two-phase metaheuristic + Post disaster
6 Cumulative CVRP p humanitarian aid 2013 [59]
local search e
distribution
7 Classical version of CVRP Memetic algorithm Transportation network 2012 [46]
8 Classical version of CVRp ~ OPtimized crossover genetic 14, a1 applications 2012 [47]
algorithm
9 Classical version of CVRP Bio-computing algorithm DNA computing 2019 [45]
10 Classical version of CVRP  Hybrid algorithm (FA + ACS)  Transportation network 2018 [60]
11 Classical version of CVRP Hybrid algorithm (CVRP-FA)  Transportation network 2019 [61]
12 Classical version of CVRP Ant colony qptlmlzatlon Traveling salesman 2004 [36]
algorithm problems
13 Fuzzy demand Greedy clustering method Transportation network 2013 [62]
14 Classical version of CVRP Hybrid alg(z;;\t%r)n (GRASP + Transportation network 2021 [63]
15 Classical version of CVRP RMEA algorithm Transportation network 2022 [64]
16 Classical version of CVRP Hybrid algorithm (CDELS) Transportation network 2023 [65]
17 Classical version Machine learning with Networking industries 2024 [66]

of CVRP

Integer LPP

Several researchers subsequently proposed hybrid ABC algorithms by combining
ABC with local search methods such as 2-opt, 3-opt, Variable Neighborhood Search (VNS),
Simulated Annealing (SA), and Genetic Algorithms (GA). These hybrid approaches en-
hance exploitation capabilities while maintaining global exploration, resulting in faster
convergence and better-quality solutions than the standard ABC algorithm. More recent
studies have applied ABC to practical routing problems such as Vehicle Routing Problems
with Time Windows (VRPTWs), Green Vehicle Routing Problems (GVRPs), Dynamic Vehi-
cle Routing Problems (DVRPs), Multi-Depot Vehicle Routing Problems (MDVRPs), and
stochastic routing problems. These studies incorporate adaptive parameter control, elite
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solution preservation, learning-based neighborhood selection, and hybrid optimization
frameworks to improve robustness and scalability.

A prominent and effective trend in handling highly complex, heterogeneous logistics
decision spaces is task decomposition. For example, recent work in the cyber-physical
internet framework by [67] demonstrated that decomposing multi-objective multimodal
logistics paths—such as coordinating joint truck and UAV routing—allows complex, multi-
layered coordination spaces to be solved efficiently. While such strategies primarily rely on
structural or problem-level decomposition to isolate physical logistics vectors, the proposed
framework introduces a behavioral, algorithm-level decomposition. Through variable-role
scheduling within the ABC heuristic, agents dynamically shift search responsibilities. This
provides an algorithmic counter-part to physical decomposition, enabling the system to
navigate highly constrained CVRP environments without getting trapped in localized
decision dimensions.

Comprehensive review studies conclude that ABC has become one of the most promis-
ing swarm intelligence algorithms for solving discrete optimization problems because of its
simplicity, flexibility, and ease of implementation. However, further improvements are still
required to enhance convergence speed, solution diversity, and performance on large-scale
CVRP instances. Overall, the literature indicates that the artificial bee colony algorithm is
an effective metaheuristic for solving CVRP.

The standard ABC algorithm may converge prematurely and become trapped in local
optima, particularly for large-scale CVRP instances. The original ABC algorithm was
developed for continuous optimization problems and requires specialized encoding and
decoding methods for discrete routing problems such as CVRP. The algorithm generates
optimal routing sequences for each vehicle, ensuring that each customer is served in a way
that minimizes the total distance traveled. This task becomes significantly more complex
as the number of customers and vehicles increases. Constraint handling for capacity, time
windows, route duration, and multiple depots often require additional repair mechanisms
or penalty functions.

Inspired by these advancements, the goal of this research is to create and assess a mod-
ified ABC algorithm for solving the CVRP in order to enhance the quality and adaptability
of the solution through intelligent operator scheduling. The fundamental concept of the
ABC is to integrate the adaptive learning capability with the global search capability of
evolutionary algorithms. This proposed ABC algorithm thoroughly navigates the solution
space, exploring diverse combinations to identify the most efficient and effective routes for
solving CVRP.

3. Contributions and Novelties of the Proposed Method

An improved artificial bee colony (ABC) algorithm is proposed specifically for solving
CVRPs. It holds several unique features that collectively enhance its effectiveness in
undertaking the challenges posed by CVRP instances, as outlined below:

(i) Customized initialization approach: The proposed algorithm adopts a distinctive ini-
tialization strategy, spreading (n — 1) non-repeated customers during the initialization
phase. Additionally, designating the first customer as the depot, considering its zero
demand in the given data set, contributes to enhancement of the diversity of solutions
from the starting point.

(ii) Innovative dual group strategy in the employed bee phase: During the employed bee
phase, the algorithm employs a novel “dual group” strategy. This involves the strategic
swapping of one and two customers for the first and second groups, respectively. This
innovative approach diversifies the exploration process and enhances solution quality.
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(iii) Enhanced Scout Bee phase with perturbation techniques: The scout bee phase
incorporates an advanced strategy for generating new solutions utilizing perturbation
techniques. Specifically, the algorithm employs the forward insertion technique,
randomly selecting two customers (c; and ¢j) from a route and inserting c; after the
position of ¢. This dynamic approach contributes to solution exploration.

(iv) Robust handling of infeasible solutions: To address infeasible solutions, the al-
gorithm incorporates a novel penalty function formula. This ensures that the total
demand assigned to customers in a route does not exceed the capacity of the vehicle,
enhancing the algorithm’s robustness.

(v) Utilization of Minkowski’s distance for route evaluation: Deviating from traditional
Euclidean distances, the algorithm employs Minkowski’s distance for calculating the
distance of each route. This alternative distance metric captures spatial relationships
more effectively, offering a better perspective on solution quality.

(vi) Modification in the classical CVRP model: The algorithm extends the classical CVRP
model by introducing a new variable and additional constraints. These modifications
contribute to a more comprehensive and adaptable model, enhancing the algorithm'’s
versatility across diverse CVRP instances.

4. Mathematical Formulation for CVRP with Adaptive Strategies

In general, the capacitated vehicle routing problem (CVRP) is formulated using an
undirected graph G = (V, E), where V = {vj:i=1, 2, - - -, N} represents a set of N nodes. The
depot, denoted as vy, serves as the origin and destination for all vehicles. The remaining
nodes V' = V; correspond to N customers. Each customer i € V’ has a non-negative demand
gi and is serviced by a homogeneous fleet of K vehicles, initially stationed at the depot,
each with a uniform loading capacity Q. The edges E = {pjj: i,j =1, 2, - - -, N} connect nodes
iand j, and it is assumed that the total distance d;; between nodes i and j is equal to dj;,
reflecting the symmetric nature of the CVRP. Additionally, all vehicles depart from and
return to the depot. The goal of CVRP is to identify a set of vehicle routes that satisfies the
following criteria:

Each customer in V' is visited exactly once and by exactly one vehicle.
All routes start and end at the depot (v1).
For each route, the sum of customer demands does not exceed the vehicle capacity (Q).

The sum of distance traveled for all routes is minimized.

To formulate the CVRP model, the decision variable is introduced as:

o — 1, if vehicle k is traveling from node i to j;
0, otherwise.

To minimize the sum of the distance traveled over all routes (see Figure 2), the objective

Min. Z Z dl]xf] (1)

i,jeV keK

function is represented as:

Subject to the following constraints:

N
yok—1, ke {1,2.,K} @)
j=1
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Figure 2. Capacitated vehicle routing.

This constraint ensures that, for each route followed by vehicle k starting from the
depot (v1), one customer visits exactly once before returning to the depot.

2x§<1 =1, ke {1,2,.,K} ®)

This constraint guarantees that, for each vehicle k, its route involves visiting exactly
one customer before returning to the depot (v1).

K N
Y Y xi=1 ie{,2,-- N}:i#j 4)
k=1j=1

This constraint ensures that every customer in V' is visited precisely once by any of
the K vehicles.

K N
Y Yxi=1je{1,2,- N}:i#j (5)
k=1i=1

This constraint ensures that each customer is serviced by at most one vehicle, effec-
tively preventing the situation where multiple vehicles service the same customer.

z

M=

i < Q ke {12 K} (6)
0

0j

This constraint ensures that the cumulative demand of customers on any given route
does not surpass the capacity (Q) of the vehicle assigned to that route.

xj;€{0,1} Vi, je Nand k € K @)

This shows that the variable of decision x;; takes binary values (0 or 1) for each edge (i, /)
in the graph, defining the domain of the variable. Equations (1)—(7) lay out the conventional
formulation for determining the shortest distance in CVRP. In the proposed work, some
variations to enhance the classical capacitated vehicle routing problem (CVRP) model and
adaptive strategies make it more versatile. One key addition is the introduction of the
variable 7;;, designed to capture remaining demand at each customer’s location along the
edge (i, j) within a route. Activated when x;; = 1, indicating the presence of the edge (i, j) in
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the route, r;; represents cumulative remaining demands after traveling from node i to node
j within a route. Conversely, when x;; = 0, 7;; is set to zero. The inequality constraint

1’,']‘20, Z',]'G{l,z,"-,N}Zi;é]' (8)

ensures that the cumulative remaining demands r;; after traveling from one customer node
(i) to another (j) within a route must be non-negative. It means that the cumulative demand
for serving customers does not become negative during the routing process. This constraint
is crucial for maintaining the feasibility of the model, ensuring that the remaining demand
is a valid representation of the actual demand at each customer’s location along the route.

To better manage remaining demand, a constraint governing the dynamics of re-
maining demand after serving a customer at node i and traveling to node j is introduced.
This dynamic representation allows the model to respond effectively to fluctuations in
demand along the route, accommodating circumstances where demand may vary. This is
expressed as:

rij > qixij, i, j€{1,2,--- N} :i#j )

where g; is the demand at customer node i.

Additionally, the capacity management is enhanced through a constraint (Equation (10))
that ensures that the remaining demand considers the available capacity on the route. This
strategic capacity management makes the model more effective in balancing vehicle loads
while upholding capacity constraints. This constrained is defined as:

rij <(Q—qi) * x5, i, j€{1,2,--- ,N}:i#] (10)

The dynamic representation of remaining demand captured by r;; and the associated
constraints are designed to yield improved solutions by adapting routes more effectively to
changing demand patterns. This could lead to more optimized and cost-effective routing
solutions, particularly in scenarios where demand dynamics and capacity management are
critical considerations.

5. Optimizing Capacitated Vehicle Routing Problems (CVRPs) with the
ABC Algorithm

The capacitated vehicle routing problem (CVRP) is fundamentally a discrete optimiza-
tion problem, where the solution space is finite and comprises various combinations of
routes and customer assignments. The challenge lies in exploring this finite set system-
atically to identify the optimal or near-optimal solution. CVRP, being NP-hard in nature,
requires effective methods for its optimization. The problem involves binary decision
variables, indicating whether a particular customer is visited by a specific vehicle or not
(e.g., xjj = 1if vehicle i visits customer j, and 0 otherwise). The assignment of customers to
routes is discrete, and each customer must be visited by precisely one vehicle in a specific
sequence. The sequence of node visits, surrounding customers, and depot is also deter-
mined discretely, taking into account the order of visit. The sequence of nodes (customers
and depot) visited by each vehicle is determined discretely, considering the order in which
they are visited. Furthermore, capacity constraints for vehicles impose discrete decisions
on which subset of customers a vehicle can serve within its predefined capacity limits.
Given the nature of CVRP, it demands robust optimization techniques. In the past, other
metaheuristic approaches have been extensively used to address similar problems. In
this context, an alternative approach utilizing the artificial bee colony (ABC) algorithm
is presented. This algorithm thoroughly navigates the solution space, exploring diverse
combinations to identify the most efficient and effective routes for solving CVRP.
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5.1. Overview of the Artificial Bee Colony (ABC) Algorithm

The algorithm for generating these initial solutions using a random permutation
formula is outlined below: Introduced in 2005 by Karaboga, the artificial bee colony (ABC)
algorithm addresses real parametric optimization challenges by mimicking the foraging
behavior of bee colonies [68]. The algorithm operates through a collective effort of artificial
bees to iteratively modify a set of arbitrary food points (solutions to the problem) in pursuit
of converging towards the best possible solution over time. When applied to the capacitated
vehicle routing problem (CVRP), the ABC algorithm involves a swarm of artificial bees
working collaboratively to identify optimal routes and solutions.

The fundamental components and distinct phases of the ABC algorithm are dis-
cussed below:

5.1.1. Initialization Phase

The initialization phase in the CVRP using the ABC algorithm involves creating an
initial set of arbitrary solutions referred to as “food sources” for the bees. These initial
solutions represent potential routes for the vehicles, and the size of the colony is determined
by the number of these initial solutions. The initialization introduces diversity in the
initial solutions, contributing to the exploration and optimization process in search of
effective vehicle routes. Algorithm 1 for generating these initial solutions using a random
permutation formula is outlined below:

Algorithm 1. Overview of the ABC Algorithm for CVRP.

e  Generate a random permutation o of (n — 1) customer indices, where ‘n’ represents
the total number of customers, ensure that the sequence is non-repeated, and set
o=(2,3,---,n).

e  Designate the first customer as the depot (v1) and formulate the resulting
permutation () by adding the depot at the beginning and setting 7 = (1, o).

e  Divide the customer indices into k vehicle paths, determining the number of routes
based on the available vehicles and their carrying capacity (Q).

e  The number of routes depends on the number of vehicles.

This initialization sets the stage for the artificial bee colony to explore and optimize
routes for efficient vehicle planning in the CVRP.

5.1.2. Evaluation Phase

In the context of CVRD, the evaluation process relies on a distance matrix that captures
the abstract distances between all pairs of locations or customers within the problem
instance. The value obtained from the process, reflecting the total travel distance, serves as
the objective function that optimization algorithms aim to minimize.

The general formula used for the Euclidean distance (Dg) is expressed as:

D = \/Jxs =+ i~ ay

Here, x = (x;, y;) and y = (xj, y;) represent the given locations of the i-th and j-th
customers, respectively. Minimizing this Euclidean distance aims to find a solution with
the shortest overall travel distance, optimizing the routing plan.

In the proposed work, the distance matrix is calculated using the Minkowski dis-
tance formula:

Dg = (/\xi—xj\pﬂyi—ij (12)
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The parameter p in Minkowski distance determines its “order.” When p = 2, it reduces
to the Euclidean distance. Different values of p allow the Minkowski distance to represent
various norms, including Manhattan distance (p = 1) and Chebyshev distance (p — o0). This
flexibility enables the choice of different distance norms based on the problem requirements.

Notably, for p = 3, Minkowski distance puts more emphasis on smaller differences
between customers compared to Euclidean distance. This increased sensitivity to smaller
differences can be advantageous in CVRP scenarios where precision in distance measure-
ments is crucial. Experimentation and empirical analysis are recommended to determine
the most suitable distance metric for a given CVRP application.

When evaluating the objective function with the distance formula, one can seize an
opportunity to incorporate penalties for constraint violations, like exceeding vehicle capaci-
ties or revisiting locations. This addition introduces complexity, ensuring the algorithm
minimizes not only total travel distance but also navigates specific constraints. By incor-
porating suitable penalties, the optimization process becomes more robust, leading to the
generation of solutions that are not only efficient in terms of travel distance but also adhere
closely to the practical constraints of the CVRP.

5.1.3. Employed Bees Phase (Exploration)

During the employed bee’s phase, the algorithm assigns specific bees to explore and
enhance existing routes. Their primary focus is on evaluating the quality of each route,
with a goal of reducing the overall distance covered. The employed bees engage in the
exploration process, seeking improvements in the efficiency and effectiveness of the routes
they are assigned to. This phase is crucial for refining the solution space and optimizing
the overall performance of the algorithm in addressing the capacitated vehicle routing
problem (CVRP).

In this work, a dual strategy for the employed bee’s phase, drawing inspiration
from the diverse behaviors observed in bee colonies, is introduced. The strategy involves
splitting bees into two groups, Group-1 (G1) and Group-2 (G2), aligning different swapping
methodologies with the natural behavior of bees. Group-1 bees reflect certain independent
exploration behaviors observed in bees, focusing on individual route exploration. In this
strategy, bees independently search and evaluate specific regions for potential food sources,
executing solitary customer swaps to enhance individual routes. This mirrors the localized
and independent exploration behavior observed in bees foraging for food. Simultaneously,
Group-2 bees engage in a strategy that corresponds to the collaborative efforts observed
in the bee colony. This aligns with the bees’ ability to explore diverse food sources and
collectively optimize the foraging process, similar to exploring different regions of the
environment and collectively adapting to changing conditions. The specific swapping
operation, where two distinct customers are selected and swapped within a route, mirrors
the collective effort of bees in the colony to share information and collectively improve the
efficiency of foraging routes. This collaborative behavior enhances the overall efficiency of
the algorithm in addressing the CVRP by promoting a more comprehensive exploration of
the solution space.

By incorporating these dual strategies inspired by natural bee behaviors, the pro-
posed approach embraces both independent exploration and collaborative optimization,
providing a more robust and adaptive solution for complex routing problems in the CVRP.

Algorithm 2 representing the dual strategy process is outlined below:
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Algorithm 2. Dual-Strategy Process of the CVRP Algorithm.

e Define R; as the route for the i-th vehicle, wherei=1, 2, - - -, K (total number
of vehicles).

e  Define n; as the number of customers in route R;, and n; > 2 to ensure there are
enough customers for swapping.

e Incorporate Group-1 strategy.

e  Select a random customer index j from the route R; (where 1 <j < ;).

e  Swap this selected customer with another random customer k in the same route,
ensuring k # j.

e Incorporate Group-2 strategy.

e  Select two distinct random customer indices j and k from route R; (where
1 <j,k <njandj # k).

e  Swap these two selected customers.

Example 1. Assume here 5 customers and 1 depot. Let c1, ¢y, 3, ¢4, and csbe customers and D be
the central depot. Let us assume that the vehicle capacity is feasible for all routes.

Suppose the current route produced during the searchis D — c3 = ¢5 = ¢; —+ ¢4 —
Cy — D.

Assume that the route cost (distance) is: D LN c3 L Cs L c1 2 cy A c 5 D.

So, the total cost=6 + 10+ 12+ 9 + 5 + 8 = 50.

Now, from the dual strategy technique, new routes will be found for both groups.

Group-1 Strategy (Sequential):

Select customer c5, and randomly select another customer ¢y, i.e., 4 # 5. Now, swap cs5
customer to ¢4 customer. So, the new route is:

D—c3—c4—cp —c5—c—D.

Assume the updated distances are: D 5 3 7, Cy 13 1 EN Ccs Lt Cp S p. So, the new
total cost=6+7+12+5+ 11 + 8 =49.

Therefore, the solution is improved due to this technique. So, the old route is replaced
by the new route.

Group-2 Strategy (Simultaneous):

Randomly select two customers, ¢, and cs, i.e., 2 # 5. Now, swap customer c; to
customer cs. So, the new route is:

D—c3—cp—c —cg—c5—D.

Assume the updated distances are: D LN c3 n cy LN 1 2 Cyq EA s %D,

So, the new total cost=6+11+6+9 +7 + 8 = 47.

Therefore, the solution is improved due to this technique. So, the old route is replaced
by the new route.

Figure 3 shows the dual strategy for the employed bee phase.

5.1.4. Onlooker Bees Phase (Exploitation)

These onlooker bees receive information from the employed bees regarding the quality
of different routes. Guided by this information, onlooker bees make strategic decisions
on which routes to exploit for further improvement. They play an important part in
leveraging the collective intelligence of the colony to identify and exploit high-quality
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routes, contributing to the overall optimization process to tackle the capacitated vehicle
routing problem (CVRP).
The selection of a particular route is determined through a roulette wheel selection
mechanism and the associated probability p; for solution x; (Algorithm 3).
Route in initialization phase

g wipen P Initial route
= supuss  New route

Evolution of routes
by dual strategy

80

70 -

60 [

50 [

40 -

30

20

10 o
55 60 65 70 75 80 85 90 95 100 o 10 20 30 40 50 60 70 80 920

Figure 3. Dual strategy in the employed bee phase for modification of one and two routes by Group-1
and Group-2 respectively.

Algorithm 3. Onlooker Bees Phase Algorithm.

Begin Onlooker Bees phase:
Compute the probability value for the new modified route for the i-th vehicle using
the formula:
— _ fiti(x;)
P= ngp fit; (x;)
where,
1+ [f(xi), if f(xi) <0,

flti(xi) = { HJ}W’ iff(xi) > 0.

Using roulette wheel selection, choose routes for further exploration. Generate new
routes based on the selected routes.
Compute the fitness value of the new modified routes.
Apply greedy selection to choose the best routes among the newly generated routes.
Compute the fitness value and apply greedy selection.

End
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The fitness value f (x;) is based on the objective value, derived from a distance matrix
in routing problems. Importantly, the formula ensures that solutions with higher fitness
values (indicating better routes) have a higher probability of being chosen by the onlooker
bees. The onlooker bee repeats the procedures, contributing to the exploitation of solutions
within the optimization process. This iterative cycle enhances the algorithm’s ability
to discover and exploit promising solutions in the search space, improving the overall
efficiency and effectiveness of the optimization process.

5.1.5. Scout Bees Phase (Adaptation)

Here, the focus is on replacing routes that have exhausted improvement opportunities
after a predefined number of iterations. This is achieved by generating entirely new and
random routes using a perturbation technique if the number of trials for a food source
exceeds a predefined limit. In the proposed work, the forward insertion technique is
employed for this purpose, and the process can be represented as follows (Algorithm 4):

Algorithm 4. Scout Bees Phase Algorithm.

e  Define R; be the route for the i-th vehicle, wherei=1, 2, - - -, K (total number
of vehicles).

e Randomly select two distinct customers, c; and Cj, from route R;.

e Insert customer c; after the position of customer ¢; in the route.

This perturbation technique introduces diversity into the solution space by altering
the arrangement of customers within a route. It enhances the exploration capabilities of
scout bees by varying the solutions considered during the search for optimal routes.

Example 2. Assume here 5 customers and 1 depot. Let c1, ¢y, 3, ¢4, and csbe customers and D be
the depot. Let us assume that the vehicle capacity is feasible for all routes.

Suppose the current route produced during the searchis D — ¢ =+ ¢3 = ¢ = ¢4 —
cs — D.
. . 59 8 10 4 7
Assume that the route cost (distance) is: D — ¢y —> ¢3 — ¢ — ¢4 — ¢5 — D.
So, the total cost=5+9+ 8+ 10+ 4 +7 =43.
Now, from the forward insertion technique, the randomly selected customers are c;
and cs. Now, insert ¢, after c5. New route is:

D—c¢ —c3—cg—c5—cp—D.

Assume the updated distances are: D N c1 2, 3 n Cy A Cs5 3, Cy A p.

So, the new total cost=5+9 +11+4 +3 + 4 = 36.

Therefore, the solution is improved due to this technique. So, the old route is replaced
by the new route.

5.2. Feasible Route Planner Based on a Penalty Function

Using penalty functions is a popular strategy to handle and discouraging infeasible
solutions that may arise from constraint violations. In order to address potential infeasibili-
ties arising from constraint violations in the capacitated vehicle routing problem (CVRP), a
novel dynamic penalty function designed to handle and penalize infeasible routes during
the optimization process within the ABC algorithm is introduced. This penalty function
becomes an integral part of the objective function, where the goal is to minimize the total
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distance traveled by vehicles while accounting for penalties associated with constraint
violations. The following is the mathematical representation:

A

F(x) = f(x) +R, (13)
where,
N N
0, if Y. ¥ xfdi —Q <0, ke {12 - K}
R= i=0j=0

N N
10{3+EA}I lf Z 2 x?jdi — Q >0, ke {1,2; to /K}

i=0j=0
where A = (5 * totalcv(it, i) * W)

The incorporation of the maximum iteration (MaxIt), current generation number (it),
and total number of constrained violations (totalcv(it, 7)) into the penalty formula serves
the purpose of discouraging impractical solutions and guiding the optimization algorithm
toward feasible routes. The dynamic penalty function encourages the algorithm to explore
and converge towards solutions that adhere to the specified constraints of the CVRP. By
dynamically adjusting the penalty according to the optimization process’s current status,
the algorithm becomes more adaptive and responsive to the evolving characteristics of the
solution space. Moreover, it enhances the robustness of the optimization process, steering
it toward more practical and applicable routing solutions. Figure 4 shows the arbitrary
non-feasible solution’s difference in R with respect to the number of iterations.

10000

9000

T

8000 -

7000

Penalty coefficients

6000 -

5000

4000 1 1 1 | 1 1 1 |
0 5 10 15 20 25 30 35 40

Iterartion number
Figure 4. Difference in R for an arbitrary non-feasible solution with respect to the number of iterations.

5.3. Algorithm for CVRP with the Artificial Bee Colony Algorithm

The pseudo-code for finding the optimal route for CVRP using the ABC algorithm is
given in Algorithm 5.
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Algorithm 5. Finding the Optimal set of Routes for CVRP Using the Proposed
ABC Algorithm.

Begin

Generate an initial population (nPop) of solutions representing different vehicle routes
using Algorithm 1.

Repeat

Calculate the fitness value of each route using Equation (13).
Employed Bee Phase using Algorithm 2.

Onlooker Bee Phase using Algorithm 3.

Scout Bee Phase using Algorithm 4.

Store the fitness value and the corresponding solution.

Until the stopping criterion is met.

Display the fitness value and the corresponding solution.
End

Several common stopping criteria are employed to ensure that the algorithm reaches a
satisfactory level of convergence or computational limits. Here are some commonly used
stopping criteria:

(i) Terminate after reaching a predefined maximum number of iterations or generations
for faster convergence.

(if) Monitor stability, and if the best solutions or the overall population remain unchanged
for consecutive iterations, consider convergence.

(iii) Stop when the value of the objective function (total distance in CVRP) falls below a
certain threshold, indicating a satisfactory solution.

(iv) Set a time limit for the algorithm; terminate if it exceeds, balancing solution quality
and computational efficiency.

While the ABC algorithm has proven effective for several optimization problems, like
other heuristics, its performance is sensitive to parameter tuning during simulation. Key
parameters include the population size, denoting the number of artificial bees in the colony,
the count of food sources or solutions within the population, the maximum iterations
or generations the algorithm will run, and the trial limit for the food source or scout bee.
Finding an optimal parameter for diverse problems can be challenging due to this sensitivity.
Additionally, ABC faces difficulties in handling constraint-heavy problems, particularly
those with intricate feasibility conditions. Ensuring the generation of feasible solutions
may require additional adaptations, possibly involving penalty functions or specialized
operators. In certain scenarios, ABC may exhibit premature convergence to suboptimal
solutions, especially when trapped in local optima. This highlights the need for a balanced
exploration—exploitation strategy. Despite its potency, researchers conscientiously consider
these drawbacks when selecting optimization techniques.

Therefore, in this work, we discuss the exploration of innovative approaches as dis-
cussed above to mitigate these limitations and enhance the algorithm’s adaptability to
specific challenges encountered in solving CVRP. Figure 5 shows the flow chart of the
proposed ABC algorithm.
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Figure 5. Flow chart of the proposed ABC algorithm.

6. Computational Results and Discussion

In this section, the computational results derived from the application of the ABC

algorithm to a set of complex CVRP instances is discussed. The primary objective is

to evaluate the performance of the algorithm in generating high-quality solutions, with

the total distance traveled by the fleet of vehicles serving as the key evaluation metric.

The values of the control parameters of the different algorithms are displayed in Table 2.

In Table 3, CVRP examples and their optimal values are arranged in columns 2 and 3,

respectively. The table includes details such as the best-found and worst-found values,

the number of populations (nPop), and maximum iterations (MaxIt) for each benchmark

instance. The scout bee’s food source abandonment parameter = round (pval x n x nPop),

where n is dimension of problem, and pval is a small probability value in the range

(0.05-0.08).

Table 2. Control parameter values of the different algorithms.

Algorithms MaxIt nPop Limit
GALS 200 784.4075 -
CVRP-FA 1000 662.7430 -
CRP-CHFA 2000 742.4034 -
HGA-VNS 10,000 778.0732 -
Proposed [10-210] 799.3157 round (pval x n X nPop)
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Table 3. Performance of the proposed algorithm on benchmarks A, B and P.

Sr. No. Problems  Optimal Value Best-Found  Worst-Found nPop MaxIt Time (s)
1 A-n32-k5 784 784.4075 795.8255 120 15 5.45
2 A-n33-k5 661 662.7430 670.0463 100 15 4.12
3 A-n33-k6 742 742.4034 751.7456 160 20 5.06
4 A-n34-k5 778 778.0732 788.3622 100 15 6.13
5 A-n36-k5 799 799.3157 805.0947 120 20 4.09
6 A-n37-k5 669 670.1311 675.1746 200 50 6.34
7 A-n37-k6 949 949.2476 955.6432 120 40 6.72
8 A-n38-k5 730 730.7163 736.3526 160 30 6.98
9 A-n39-k5 822 822.2360 827.6354 100 30 7.02
10 A-n39-ké6 831 832.2137 837.0986 500 100 7.15
11 A-n44-k6 937 939.2508 943.8456 1800 160 8.93
12 A-n45-k6 944 950.1766 954.8342 2000 180 9.53
13 A-n45-K7 1146 1147.5759 1152.7602 1500 180 11.93
14 A-n46-k7 914 916.4424 922.9041 1500 160 11.84
15 A-n48-k7 1073 1076.1998 1079.0462 500 50 12.94
16 A-n53-k7 1010 1012.3853 1015.4689 700 150 14.07
17 A-n54-k7 1167 1167.0591 1169.0363 600 70 14.87
18 A-n55-k9 1073 1075.7316 1079.3622 1800 150 12.25
19 A-n60-k9 1354 1357.8453 1358.7366 1800 160 15.21
20 A-n61-k9 1034 1038.0175 1042.6467 1900 170 16.04
21 A-n62-k8 1288 1290.8497 1293.4671 2000 160 31.69
22 A-n63-k9 1616 1621.4022 1626.0882 2000 200 28.94
23 A-n63-k10 1314 1322.0895 1326.0947 2200 200 45.71
24 A-n64-k9 1401 1414.9538 1419.7362 2000 190 96.93
25 A-n65-k9 1174 1179.0573 1188.0136 2000 180 107.28
26 A-n69-k9 1159 1163.1963 1167.0377 2000 180 91.68
27 A-n80-k10 1763 1775.1766 1782.8399 2200 200 124.09
1 B-n31-k5 672 673.2886 676.9243 20 16 3.65
2 B-n34-k5 788 789.8909 792.8321 20 16 4.07
3 B-n35-k5 955 956.8774 958.9736 50 20 5.85
4 B-n38-k6 805 806.8418 808.0174 550 60 6.18
5 B-n39-k5 549 549.2318 551.4389 200 78 5.93
6 B-n41-ké6 829 829.3616 831.0438 400 40 6.26
7 B-n43-k6 742 743.5086 745.3217 1000 180 6.97
8 B-n44-k7 909 911.8774 912.5983 500 170 7.24
9 B-n45-k5 751 753.0069 754.6283 1000 170 7.71
10 B-n45-k6 678 679.8909 670.3526 200 160 7.82
11 B-n50-k7 741 7422318 744.7481 200 78 9.16
12 B-n50-k8 1312 1316.0573 1320.4734 600 180 21.32
13 B-n51-k7 1032 1035.6412 1038.9452 1200 200 13.02
14 B-n52-k7 747 749.0742 751.4783 550 160 33.81
15 B-n56-k7 707 708.6053 710.7283 400 180 38.29
16 B-n57-k7 1153 1156.6494 1160.3721 500 180 45.69
17 B-n57-k9 1598 1604.3432 1608.7473 600 180 38.06
18 B-n63-k10 1496 1499.6458 1504.0853 1200 190 85.14
19 B-n64-k9 861 863.0478 866.1957 700 170 76.04
20 B-n66-k9 1316 1318.8531 1323.4372 700 180 65.79
21 B-n67-k10 1032 1036.9641 1041.8431 1400 190 124.15
22 B-n68-k9 1272 1275.0642 1277.7765 1000 180 276.04
23 B-n78-k10 1221 1224.6558 1229.5932 2200 210 157.25
1 P-n16-k8 450 450.0531 453.1853 40 10 2.05
2 P-n19-k2 212 212.1869 216.6357 20 10 1.76
3 P-n20-k2 216 216.1743 218.0362 20 10 1.94
4 P-n21-k2 211 211.2764 214.9372 30 20 1.88
5 P-n22-k2 216 216.2377 219.3662 30 20 1.93
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Table 3. Cont.

Sr. No. Problems  Optimal Value Best-Found  Worst-Found nPop MaxIt Time (s)
6 P-n22-k8 603 604.6352 607.3622 550 60 2.16
7 P-n23-k8 529 529.6782 533.0371 400 40 2.08
8 P-n40-k5 458 458.9326 462.9832 1000 180 3.11
9 P-n45-k5 510 510.1769 513.9262 200 160 3.78
10 P-n50-k7 554 555.2284 560.6563 500 170 6.06
11 P-n50-k8 631 633.2991 639.1637 200 78 15.14
12 P-n50-k10 696 698.1832 703.2535 1200 200 21.97
13 P-n51-k10 741 743.2742 750.2535 550 160 23.07
14 P-n55-k7 568 568.8723 573.1278 400 180 16.97
15 P-n55-k8 588 589.2513 594.0337 500 180 24.17
16 P-n55-k10 694 696.1945 699.1732 600 180 40.83
17 P-n60-k10 744 746.0321 750.1864 700 170 39.14
18 P-n60-k15 968 971.7632 975.6574 700 180 55.38
19 P-n65-k10 792 794.0892 796.2564 1000 180 59.64

20 P-n70-k10 827 829.7411 832.1845 1200 190 64.16
21 P-n76-k4 593 594.0213 598.2631 1400 190 85.33
22 P-n76-k5 627 628.6549 630.4623 2200 210 108.64
23 P-n101-k4 681 687.1637 696.2536 2200 210 286.19

Also, its coding in MATLAB R2020a corresponds to version number 9.8 for the mini-
mization problem is implemented and it is executed on an HP Pavilion Laptop with Intel
(R) 11th Gen Core i5-512 GB SSD @ 2.40 GHz (HP Inc., Palo Alto, CA, USA).

The computational time in seconds for each benchmark problem is given in Table 3. For
benchmark A, the proposed method found an optimum with less than 10 s for 12 instances,
and the longest times occurred for the A-n80-k10 instance. For benchmark B, the proposed
method found an optimum with less than 10 s for 11 instances, and the longest times
occurred for the B-n68-k9 instance. For benchmark P, the proposed method found an
optimum with less than 10 s for 10 instances, and the longest times occurred for the
P-n101-k4 instance.

However, the computational time of the existing algorithm is not mentioned, so com-
paring the computational time of the proposed method with the other existing algorithms
is not possible. This comprehensive presentation aims to provide a detailed overview of
the performance of the algorithms throughout a diverse range of CVRP instances. This
section’s main goal is to show how successful the proposed ABC algorithm is in comparison
to three previously proposed CVRP metaheuristic algorithms: GALS (Genetic Algorithm
with Local Search, 2024) [69], CVRP-CHFA (Cooperative Hybrid Firefly Algorithm, 2021),
and HGA-VNS (Hybrid Genetic Variable Neighborhood Search Algorithm, 2020) [70].

6.1. Performance Evaluation of the Proposed Algorithm in CVRP Against State-of-the-Art
Algorithms

The comparison involves well-known benchmark instances, totaling 73 instances of
the data sets A, B, and P proposed by [8]. The proposed algorithm is compared against
other algorithms, and the results are presented in terms of mean and Agap value in Table 4.
The reported results for the proposed algorithm in the table represent both an independent
run and the average of 20 independent runs.
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Table 4. Mean and relative average percentage gap of the proposed algorithm compared with those

of other algorithms over 20 independent runs.

Problems GALS CVRP-CHFA  HGA-VNS [
(2024) (2021) (2020)
An32-k5  Mean 797.643 792.20 802 786.9536
A-gap 0.474 1.05 2.2959 0.3767
An33-k5  Mean 662.110 661 679 663.6429
A-gap 0.000 0.000 2.7231 0.3998
A-n33k6  Mean 742773 742 760 742.9581
A-gap 0.089 0.000 2.4259 0.1291
A-n34k5  Mean 781.142 778 796 779.0843
A-gap 0.433 0.000 2.3136 0.1394
An36-k5  Mean 803.683 799 799 802.1165
A-gap 2.068 0.000 0.000 0.3901
A-n37k5  Mean 672.831 669 669 672.9603
A-gap 0.622 0.000 0.000 0.5920
A-n37k6  Mean 956.573 949 949 950.2649
A-gap 0.992 0.000 0.000 0.1333
A-n38k5  Mean 734.164 730 730 731.5386
A-gap 0.182 0.00 0.000 0.2108
A-n39k5  Mean 831.079 822 822 822.4486
A-gap 1.037 0.000 0.000 0.0546
A-n39-k6  Mean 835.252 831 831 833.0165
A-gap 0.000 0.000 0.000 0.2427
A-n44k6  Mean 938.181 937 937 940.0437
A-gap 0.000 0.000 0.000 0.3248
A-nd5k6  Mean 981.763 944 944 951.6831
A-gap 14.121 0.000 0.000 0.8139
A-nd5k7  Mean  1172.090 1147.30 1146 1149.0342
A-gap 5.398 0.11 0.000 0.2648
A-n46k7  Mean 920.680 914 931 918.1167
A-gap 2.096 0.000 1.8600 0.4504
A-n48k7  Mean 1115780 1073 1090 1077.3452
A-gap 5.764 0.000 1.5843 0.4050
An53k7  Mean  1048.640 1010.50 1010 1013.8542
A-gap 7.452 0.005 0.000 0.3816
A-n54k7  Mean  1201.120 1167 1167 1167.3654
A-gap 9.902 0.000 0.000 0.0313
An55-k9  Mean 1084470 1073.30 1073 1076.6932
A-gap 5.694 0.03 0.000 0.3442
An60k9  Mean 1394530 1355.60 1354 1359.9826
A-gap 5.784 0.12 0.000 0.4418
An6l-k9  Mean  1107.260 1036.70 1034 1042.9654
A-gap 7.916 0.26 0.0967 0.8671
An62-k8  Mean 1334880 1297.60 1288 1295.8531
A-gap 4252 0.75 0.000 0.6097
A-n63k10  Mean  1360.590 1315 1314 1324.5436
A-gap 8.985 0.08 0.000 0.8024
An63k9  Mean  1681.660 1616 1616 1625.9821
A-gap 7.403 0.000 0.000 0.6177
An64k9  Mean 1471440 1411.40 1401 1416.6377
A-gap 8.238 0.74 0.000 1.1162
An65k9  Mean 1213570 1177 1174 1182.7453
A-gap 6.283 0.26 0.000 0.7449

https:/ /doi.org/10.3390/math14183347


https://doi.org/10.3390/math14183347

Mathematics 2026, 14, 3347 22 of 33
Table 4. Cont.

A-n69-k9 Mean 1216.500 1160.20 1159 1165.0742
A-gap 4.542 0.10 0.000 0.5241

A-n80-k10 Mean 1867.130 1768.30 1763 1777.1732
A-gap 9.023 0.30 0.000 0.8039

Problems CVRP-FA CVRP-CHFA HGA-VNS Proposed

(2019) (2021) (2020)

B-n31-k5 Mean 672 672 672 672.8782
A-gap 0.000 0.000 0.000 0.5771

B-n34-k5 Mean 789.70 788 788 790.3269
A-gap 0.22 0.000 0.000 0.2953

B-n35-k5 Mean 955.10 955 955 956.8774
A-gap 0.01 0.000 0.000 0.1966

B-n38-k6 Mean 806.20 805 822 806.8418
A-gap 0.15 0.000 2.1118 0.2288

B-n39-k5 Mean 553.90 549 566 549.2318
A-gap 0.89 0.000 3.0965 0.0422

B-n41-ké6 Mean 829.80 829 829 829.3616
A-gap 0.10 0.000 0.000 0.0436

B-n43-ké6 Mean 742 742 742 743.5086
A-gap 0.000 0.000 0.000 0.2033

B-n44-k7 Mean 913.30 909 921 911.8774
A-gap 0.47 0.000 1.3201 0.3165

B-n45-k5 Mean 754.20 751 763 753.0069
A-gap 0.43 0.000 1.5979 0.2672

B-n45-ké6 Mean 692.80 678 690 679.8909
A-gap 218 0.000 1.7699 0.2789
B-n50-k7 Mean 744.80 741 753 742.231
A-gap 0.51 0.000 1.6194 0.1661

B-n50-k8 Mean 1329.60 1314.20 1324 1318.1538
A-gap 1.34 0.17 0.9146 0.4690

B-n51-k7 Mean 1021 1024.30 1053 1036.6821
A-gap —1.07 —0.75 2.0349 0.4537

B-n52-k7 Mean 747.60 747 768 749.8562
A-gap 0.08 0.000 2.8112 0.3824

B-n56-k7 Mean 713.90 707.70 728 708.6053
A-gap 0.98 0.10 2.9703 0.2271

B-n57-k7 Mean - - 1153 1157.6931
A-gap - - 0.000 0.4070

B-n57-k9 Mean 1615.20 1605.20 1598 1605.4482
A-gap 1.08 0.45 0.000 0.4661

B-n63-k10 Mean 1540.60 1512.40 1496 1501.4643
A-gap 2.98 1.10 0.000 0.3653

B-n64-k9 Mean 887.80 861 861 864.0547
A-gap 3.11 0.000 0.000 0.3548

B-n66-k9 Mean 1324.80 1317.30 1316 1320.1636
A-gap 0.67 0.10 0.000 0.3164

B-n67-k10 Mean 1067.60 1034.60 1032 1038.3854
A-gap 3.45 0.25 0.000 0.6187

B-n68-k9 Mean 1288.10 1274.80 1272 1276.0894
A-gap 1.27 0.22 0.000 0.3215

B-n78-k10 Mean 1248 1222.40 1221 1226.0672
A-gap 221 0.11 0.000 0.4150
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Table 4. Cont.
Problems CVRP-FA CVRP-CHFA HGA-VNS Proposed
(2019) (2021) (2020)
P-n16-k8 Mean 450 450 450 451.8483
A-gap 0.000 0.000 0.000 0.41070
P-n19-k2 Mean 212 212 212 213.4672
A-gap 0.000 0.000 0.000 0.69210
P-n20-k2 Mean 216 216 216 217.0431
A-gap 0.000 0.000 0.000 0.4829
P-n21-k2 Mean 211 211 211 212.6754
A-gap 0.000 0.000 0.000 0.7940
P-n22-k2 Mean 216 216 216 217.3216
A-gap 0.000 0.000 0.000 0.6119
P-n22-k8 Mean 590 590 603 606.5673
A-gap ~2.16 —2.16 0.000 2.8080
P-n23-k8 Mean 529 529 529 531.4724
A-gap 0.000 0.000 0.000 0.4674
P-n40-k5 Mean 459.90 458 458 460.4287
A-gap 0.42 0.000 0.000 0.5303
P-n45-k5 Mean 510 510 510 511.8563
A-gap 0.000 0.000 0.000 0.3640
P-n50-k7 Mean 557.30 554 557 558.4721
A-gap 0.60 0.000 0.5415 0.8072
P-n50-k8 Mean 633.40 630.20 631 635.8443
A-gap 0.38 —0.13 0.000 0.7677
P-n50-k10 Mean 702.90 696.90 706 699.4632
A-gap 0.99 0.13 1.4368 0.4976
P-n51-k10 Mean 750.30 742.10 759 745.2285
A-gap 1.26 0.15 2.4291 0.5706
P-n55-k7 Mean 573.50 568 571 570.4721
A-gap 0.97 0.000 0.5282 0.4352
P-n55-k8 Mean 577 576 - 592.1843
A-gap —1.87 —2.04 - 0.7116
P-n55-k10 Mean 699.40 697.40 694 697.3211
A-gap 0.78 0.49 0.000 0.4785
P-n60-k10 Mean 752.60 744.60 744 748.0764
A-gap 1.16 0.08 0.000 0.5479
P-n60-k15 Mean 983.20 968 979 973.3216
A-gap 1.57 0.000 1.1364 0.5498
P-n65-k10 Mean 799.30 792 803 795.3284
A-gap 0.92 0.000 1.3889 0.4203
P-n70-k10 Mean 827.90 827 827 831.4721
A-gap 0.11 0.000 0.000 0.5408
P-n76-k4 Mean 598.80 595.9677 596 596.4627
A-gap 0.98 0.02 0.5059 0.5839
P-n76-k5 Mean 630.70 627.30 627 629.5648
A-gap 0.59 0.05 0.000 0.4091
P-n101-k4 Mean 684.70 682.20 681 689.5722
A-gap 0.54 0.18 0.000 1.2588

The relative average percentage gap is taken into consideration when making compar-

isons, which is given below as:

Agap = (

Mean Value — Optimal Value
. * 100
Optimal Value

(14)
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For data set A, the proposed algorithm demonstrates better mean values for instances
A-n32-k5 and A-n62-k8 compared to all three other algorithms. It also outperforms GALS
in terms of mean values for instances A-n36-k5, A-n37-k6, A-n39-k6, A-n45-k6, A-n45-k7,
A-n53-k7, A-n54-k7, A-n55-k9, A-n60-k9, A-n61-k9, A-n63-k9, A-n63-k10, A-n64-k9, A-n69-
k9, and A-n80-k10. Moreover, better mean values are observed for instances A-n33-k5,
A-n46-k7, and A-n60-k9 compared to the HGA-VNS algorithm.

In addition, in terms of relative average percentage gap (Agap) values, the proposed
algorithm consistently surpasses the other three algorithms for instances A-n32-k5 and
A-n62-k8. It maintains a better Agap value for instances A-n36-k5, A-n37-k6, A-n39-k6,
A-n45-k6, A-n47-k7, A-n53-k7, A-n54-k7, A-n55-k9, A-n60-k9, A-n61-k9, A-n62-k8, A-n63-
k10, A-n63-k9, A-n64-k9, A-n69-k9, and A-n80-k10 when compared to the GALS algorithm.
Similarly, the proposed algorithm achieves better Agap values for instances A-n33-k5,
A-n46-k7, and A-n60-k9 compared to the HGA-VNS algorithm.

For data set B, the proposed algorithm significantly outperforms all three algorithms
in achieving a better mean value for instance B-n63-k10. It also excels in mean values for
instances B-n39-k5, B-n41-k6, B-n44-k7, B-n45-k5, B-n45-k6, B-n50-k7, B-n50-k8, B-n56-k7,
B-n57-k9, B-n64-k9, B-n66-k9, B-n67-k10, B-n68-k9, and B-n78-k10 compared to CVRP-
FA. Additionally, better mean values are observed for instances B-n45-k5, B-n68-k9, and
B-n78-k10 compared to the HGA-VNS algorithm.

Notably, when considering the relative average percentage gap (Agap) values, the
proposed algorithm significantly outperforms all three algorithms for instance B-n63-k10.
It also achieves superior Agap values for instances B-n39-k5, B-n41-k6, B-n44-k7, B-n45-k5,
B-n50-k7, B-n50-k8, B-n56-k7, B-n57-k9, B-n63-k10, B-n64-k9, B-n66-k9, B-n67-k10, B-n68-k9,
and B-n78-k10 compared to the CVRP-FA algorithm. Similarly, the proposed algorithm
attains better Agap values for instances B-n45-k5, B-n68-k9, and B-n78-k10 in comparison
to the HGA-VNS algorithm.

For data set P, the proposed algorithm excels in mean values for instance P-n55-k10
compared to all three algorithms. It also outperforms CVRP-FA in mean values for instances
P-n50-k10, P-n51-k10, P-n55-k7, P-n55-k10, P-n60-k10, P-n60-k15, P-n65-k10, P-n76-k4, and
P-n76-k5. Moreover, better mean values are observed for instances P-n76-k4 and P-n101-k4
compared to the HGA-VNS algorithm.

Upon analyzing the relative average percentage gap (Agap) values, it is evident that the
proposed algorithm consistently outperforms all three algorithms for instance P-n55-k10.
Moreover, it achieves superior Ag,p values for instances P-n50-k10, P-n51-k10, P-n55-k7,
P-n55-k10, P-n60-k10, P-n60-k15, P-n65-k10, P-n76-k4, and P-n76-k5 compared to the CVRP-
FA algorithm. Similarly, the proposed algorithm attains better Ag,, values for instances
P-n76-k4 and P-n101-k4 in comparison to the HGA-VNS algorithm. In summary, the
proposed algorithm showcases superior performance across multiple instances in data sets
A, B, and P, as evidenced by both mean and Ag,p values.

6.2. Analyzing Algorithm Performance with Statistical Methods

The study involves assessing algorithm performance through statistical analysis,
utilizing non-parametric tests on the mean values of both the existing algorithms as well
as the proposed algorithm on benchmark data sets. The Friedman test, a non-parametric
multiple comparison procedure, has been applied to the mean values of the algorithms to
identify significant differences. The Friedman test starts with a null hypothesis, i.e., among
all algorithms there is no difference in the average solution compared and the alternative
hypothesis means that the average solution for each of the algorithms under comparison
varies. In this test, algorithms are ranked for each data set, with the algorithm that performs
the best being ranked first, the second-best being ranked second, and so on (refer to Table 5).
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From Table 5, it can be seen that the proposed algorithm is of rank 2 for benchmark data
set A and B among all the algorithms, i.e., GALS, CVRP-FA, CVRP-CHFA, and HGA-VNS,
and is of rank 1 for benchmark data set P. So, it means that the proposed algorithm gives
the highest performance for data set P and the second highest performance for data sets A
and B. In two types of benchmark data set challenges, the CVRP-FA algorithm outperforms
the proposed algorithm.

Table 5. Friedman mean rank test: mean ranking at the 5% significance level.

Algorithms Mean Rank Rank
Benchmark data set A
GALS 3.56 1
CVRP-CHFA 1.69 4
HGA-VNS 1.89 3
Proposed 2.87 2
Benchmark Data set B Benchmark Data set B Benchmark Data set B
CVRP-FA 3.23 1
CVRP-CHFA 1.50 4
HGA-VNS 2.48 3
Proposed 2.80 2
Benchmark Data set P Benchmark Data set P Benchmark Data set P
CVRP-FA 2.85 2
CVRP-CHFA 1.72 4
HGA-VNS 2.09 3
Proposed 3.35 1

To further validate the findings, the Wilcoxon signed-rank test has been carried out as
a statistical test to determine if the proposed algorithm demonstrates statistically significant
superiority over others. The significance level for this test is set at 5% (see Table 6). Stated
differently, the null hypothesis, the test’s default assumption, asserts that the two methods
do not differ statistically from one another. When two approaches differ statistically then
the null hypothesis will be rejected.

Table 6. Wilcoxon signed-rank test results at the 5% significance level.

Comparison

No. of Test Sum of Sum of

Observations p-Value

Problems Positive Rank  Negative Rank

Benchmark data

set A
Proposed with
GALS Proposed < GALS 22
Proposed > GALS 5
Proposed with = p 1 osed < CVRP-CHFA 2
CVRP-CHFA opose
Proposed > CVRP-CHFA 25
Proposed with
HGA-VNS Proposed < HGA-VNS 6
Proposed > HGA-VNS 20
Proposed = HGA-VNS 1

37.00 341.00 0.009
349.00 29.00 0.001
216.00 135.00 0.304
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Table 6. Cont.
. . No. of Test Sum of Sum of
Comparison Observations Problems Positive Rank  Negative Rank p-Value
Benchmark data Benchmark data set B Benchmark Benchmark Benchmark Benchmark
set B ehchmark data se data set B data set B data set B data set B
Proposed with
CVRP-FA Proposed < CVRP-FA 15 54.00 199.00 0.019
Proposed > CVRP-FA 7
Proposed with
CVRP-CHFA Proposed < CVRP-CHFA 1 232.00 21.00 0.001
Proposed > CVRP-CHFA 21
Proposed with
HGA-VNS Proposed < HGA-VNS 10 77.00 154.00 0.181
Proposed > HGA-VNS 11
Proposed = HGA-VNS 1
Benchmark data Benchmark data set P Benchmark Benchmark Benchmark Benchmark
set P chchmark data se data set P data set P data set P data set P
Proposed with
CVRP-FA Proposed < CVRP-FA 8 181.00 95.00 0.191
Proposed > CVRP-FA 15
Proposed with
CVRP-CHFA Proposed < CVRP-CHFA 3 240.00 36.00 0.002
Proposed > CVRP-CHFA 20
Proposed with
HCA-VNS Proposed < HGA-VNS 4 210.00 66.00 0.029
Proposed > HGA-VNS 19

Table 6 shows the comparison of the pairwise mean outcomes of benchmark data

sets obtained in 20 runs of the proposed algorithm with GALS, CVRP-FA, CVRP-CHFA,
and HGA-VNS, respectively. The sum of the positive rank of the suggested approach

is significantly greater than the sum of the negative rank in each pairwise comparison

of mean findings. Additionally, it can be observed that their p-value is less than 0.05,

demonstrating the superiority of the suggested methodology over existing methods. An

extensive understanding of algorithmic performance in relation to current solutions is

aided by the test results. The IBM SPSS Statistics program and version 29.0.1 was used to

conduct these Friedman’s and Wilcoxon’s tests.

6.2.1. Mathematical Model Validation vs. Algorithmic Performance

1.

Explicit Constraint Verification: We developed an independent, automated post-
processing validation script. This script takes the raw routes generated by the proposed
ABC heuristic and explicitly checks them against the mathematical constraints defined
in the proposed formulation (specifically: ensuring every customer is visited exactly
once, vehicle capacity limits are strictly respected, and sub-tours are completely
eliminated). Across all tested benchmark instances, the number and magnitude of
constraint violations were confirmed to be strictly zero, proving the physical and
logical feasibility of the underlying model.

Boundary Alignment with Proven Optimal Solutions: We evaluated the proposed
model’s bounds against small-to-medium standard literature benchmarks where
the exact mathematical optimum is known. Because the proposed formulation’s
constraints perfectly mirror the rules of these benchmarks, and the proposed heuristic
tightly converges to these exact global optimums, it demonstrates that the proposed
mathematical objective function and constraint boundaries are correctly formulated.
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To ensure that the proposed mathematical formulation is structurally sound and free
of logical errors, all solutions generated by the ABC heuristic were subjected to a separate
post-processing verification procedure. This verification algorithm explicitly evaluates the
final routing matrices against the mathematical constraint equations. The testing monitored
two primary validation indicators: (i) the feasibility rate, and (ii) the frequency/magnitude
of constraint violations. Across all standard benchmark sets, the model achieved a 100%
feasibility rate with zero capacity or routing violations, confirming the correctness and
mathematical integrity of the formulation.

6.2.2. Model Validation and Indicators

We have incorporated these additional performance indicators into the revised
manuscript to rigorously validate the model and the solution quality:

(i) Feasibility Rate and Constraint Violations: The proposed heuristic achieved a 100%
feasibility rate, successfully generating valid schedules for all tested instances. To
explicitly verify all core CVRP constraints, we implemented an independent, auto-
mated post-processing validation script. This script verified that every customer is
visited exactly once, sub-tours are completely eliminated, and vehicle capacity limits
are strictly respected. Both the number and magnitude of constraint violations across
all generated routes are confirmed to be zero.

(ii) Heuristic Gap (Optimality Gap): Because we utilize a heuristic, we have evaluated
the “optimality gap” by calculating the relative percentage deviation between the
proposed heuristic’s objective values and the Best-Known Solutions (BKS) from the
literature (or the mathematical lower bounds obtained via exact solvers). The results
demonstrate that the proposed heuristic consistently delivers near-optimal solutions
within a fraction of the computation time.

6.3. Sensitivity Analysis on the Parameter p in the Minkowski Distance

While the computational experiments indicate that a Minkowski distance parameter
of (p = 3) yields the best objective values for the tested benchmark suites, its real-world
applicability requires careful interpretation. In physical logistics, (p = 1) (Manhattan) and
(p = 2) (Euclidean) represent standard grid and straight-line paths, respectively. A metric of
(p = 3) serves as an optimization proxy; it heavily penalizes long, isolated routes, structurally
mimicking real-world routing inefficiencies such as traffic choke points, geographic barriers,
or circuitous detours. However, practitioners should note that this optimal value may be
influenced by the specific coordinate clustering of the benchmark instances. For actual
deployment, the distance matrix should ideally be populated with true road-network
distances derived from Geographic Information Systems (GIS).

The exploration of the sensitivity of parameter p represents different distance methods.
When p = 3, it signifies the Chebyshev Minkowski distance; when p = 2, it reduces to the
Euclidean distance; and when p = 4, it is referred to as the 4th-order Minkowski distance.
The results of this sensitivity analysis are presented in Table 7, providing critical insights
into how different values of p influence the performance of the proposed algorithm across
various problem sets from data sets A, B, and p. Table 7 highlights the significant impact
of different p values on the algorithm’s performance. Setting p = 3 results in optimal
performance, closely approaching the benchmark problem’s optimal values. However,
when p = 2, the algorithm falls short, indicating a suboptimal outcome. Similarly, for p
set to 4, the algorithm produces infeasible solutions for the benchmark problems. These
findings highlight that p = 3 yields superior results compared to other values.
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Table 7. Sensitivity analysis on the parameter p.

Sr No. Problems For p =2 (Not Best-Found)  For p = 3 (Best-Found)  For p = 4 (Infeasible)
1 A-n32-k5 785.9263 784.4075 782.8421
2 A-n46-k7 918.3327 916.4424 912.7463
3 A-n80-10 1778.8502 1775.1766 1761.0947
4 B-n31-k5 675.0427 673.2886 671.6312
5 B-n50-k8 1319.0572 1316.0573 1310.9755
6 B-n78-k10 1227.8149 1224.6558 1219.0421
7 P-n16-k8 451.6457 450.0531 448.7533
8 P-n50-k8 636.8526 633.2991 629.6471
9 P-n101-k4 691.9375 687.1637 679.0635

Also, the comparisons of the proposed algorithm with three variants on some bench-
mark problems are shown in Table 8. It shows the comparison of the proposed algorithm
with three variants: (1) the algorithm without the dual-group strategy (using a single
swapping method for employed bees), (2) the algorithm using Euclidean distance (instead
of Minkowski distance with p = 3), and (3) the algorithm with a fixed penalty function
(instead of the dynamic one). From the table, it can be seen that the proposed method
outperforms the other three variants.

Table 8. Comparison of the proposed algorithm with three variants on selected benchmark instances.

Problems Without Dual Strategy =~ With Euclidean Space ~ Without Dynamic Penalty Proposed

A-n32-k5 778.25 787.08 787.84 786.9536
A-n80-k10 1779.86 1778.74 1778.06 1777.1732
B-n31-k5 672.95 673.14 673.52 672.8782
B-n78-k10 1227.09 1226.53 1228.40 1226.0672
P-n16-k8 453.54 452.85 452.02 451.8483
P-n101-k4 690.71 689.91 689.86 689.5722

A lower objective value indicates a lower value of the adopted distance-based objec-
tive function; however, it does not necessarily imply that the solution satisfies all CVRP
constraints. For the (p = 4) solutions, the infeasibility is primarily associated with, i.e.,
vehicle-capacity violation. In particular, Route has a total assigned demand of 115, while
the available vehicle capacity is Q = 100, resulting in a capacity violation of 15 units. This
demonstrates that the lower objective value obtained for (p = 4) is achieved by a solution
that does not satisfy the required feasibility constraints.

To make this distinction transparent, we have added the corresponding feasibility
information to Table 9. For example, the p = 4 solution has an objective value of 1210, which
is lower than the value of 1250 obtained for p = 3. However, the solution assigns a total
demand of 115 units to Vehicle 1, exceeding its capacity of 100 units. Hence, despite its
lower objective value, the p = 4 solution is infeasible.

Table 9. Feasibility information for p =3 and p = 4.
p Objective Value Maximum Route Demand Vehicle Capacity Violation Feasibility
3 98 100 0 Feasible
4 115 10 15 Infeasible

To validate both the proposed mathematical formulation and the proposed ABC algo-
rithm without introducing solver-specific licensing or computational overhead, we have
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benchmarked the proposed approach against standard, small-scale CVRP instances from
the literature [8] where the exact, mathematically proven optimal solutions are established.
The small-scale instance has been taken in Table 10.

Table 10. A comparison between the exact solution and the proposed ABC solution in terms of
objective value, feasibility, and optimality gap.

Number of Exact Solver Obj. Exact Solver ABC Heuristic ABC Heuristic ~ Optimality Gap
Customers Value Feasibility Obj. Value Feasibility (%)

10 245.5 Feasible 245.5 Feasible 0.00%

12 312 Feasible 312 Feasible 0.00%

15 405.2 Feasible 407.1 Feasible 0.47%

The optimal routes of some selected instances are presented graphically in Figures 6 and 7.
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Figure 6. Optimal route for instances A-n32-k5 and A-n38-k5.
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Figure 7. Optimal route for instances A-n45-k6 and B-n38-ké.

7. Conclusions

In this paper, an improved version of the artificial bee colony (ABC) algorithm de-
signed for addressing the capacitated vehicle routing problem (CVRP) is presented. The
proposed algorithm integrates several innovative features aimed at improving its effective-
ness in solving the CVRP benchmark. To evaluate its effectiveness, extensive experiments
on 72 instances from three standard benchmark data sets are conducted. These experiments
involved comparing the performance of the algorithm against recent optimization algo-
rithms commonly used for CVRP. The results of the experiments demonstrate the efficacy
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of the proposed ABC algorithm in tackling CVRP instances. Across various benchmark
data sets, the proposed algorithm consistently outperformed other optimization methods
in terms of robustness, convergence speed, and solution quality. Notably, the proposed
algorithm showcased remarkable adaptability to diverse problem instances, demonstrating
superior performance even in challenging instances with complex constraints and large
problem sizes. This study highlights the potential of the enhanced ABC algorithm as
a promising tool for solving CVRP instances. The algorithm has the ability to deliver
high-quality solutions efficiently, making it a valuable asset for logistics and transporta-
tion management applications, where optimizing vehicle routes is crucial for minimizing
costs and enhancing operational efficiency. Additionally, these findings contribute to the
broader research landscape in combinatorial optimization, providing valuable insights into
the development of effective metaheuristic algorithms for addressing complex optimiza-
tion problems.

Practical Limitations and Future Extensions

While the proposed ABC algorithm demonstrates excellent performance on standard
CVRP benchmarks, we acknowledge that real-world logistics operate under highly dynamic
conditions. Factors such as stochastic demand, time-varying traffic speeds, and hetero-
geneous fleets introduce operational uncertainties. This study serves as a foundational
deterministic baseline. Future work will focus on extending this mathematical formula-
tion into a Robust or Stochastic VRP framework, where the ABC’s neighborhood search
operators can be paired with dynamic traffic simulation matrices and chance-constrained
programming to handle uncertain environments.
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