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Crossover and Local Search Mutation for the
Capacitated Vehicle Routing Problem

Mohammad Jamshidi' , Mehdi Alirezanejad”’, Homayun Motameni’, Rasul Enayatifar’

Abstract — The Capacitated Vehicle Routing Problem (CVRP) is a complex challenge in logistics
and supply chain management. While Genetic Algorithms (GAs) are widely used, their
performance heavily depends on the design of genetic operators. This paper introduces an
Improved Genetic Algorithm (IGA) enhanced with two problem-specific operators: a Route-Based
Merge Crossover (RBMX) and a Two-Stage Local Search Mutation. The RBMX preserves entire
feasible routes from parent solutions, maintaining promising sub-tour structures, while the
mutation operator systematically improves solutions through intra- and inter-route
refinements. Experimental results on standard benchmark problems demonstrate that the IGA
significantly outperforms a standard GA, achieving an average improvement of 5.50% in solution
quality with only a 21.1% increase in computational time. The algorithm also shows faster and
more stable convergence. These outcomes confirm that incorporating domain-aware operators into
a GA framework leads to substantially better performance, offering a more effective and efficient
approach for solving the CVRP.
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An Enhanced Genetic Algorithm with Problem-Aware

Crossover Operator
1. Introduction

The Capacitated Vehicle Routing Problem (CVRP) is a
key issue in logistics and supply chain management[1]. It
involves finding the best routes for a fleet of vehicles to
deliver goods to customers in different locations[2]. Each
vehicle can only carry a certain amount, and each customer
has a set demand. The main goal is to keep transportation
costs low, usually by minimizing the total distance traveled,
while making sure all customer needs are met and no
vehicle is overloaded[3]. The CVRP is important in many
real-world areas, such as retail delivery, waste collection,
school bus planning, and emergency relief. Solving it
efficiently helps cut costs and reduce environmental impact.
However, because the CVRP is an NP-hard problem, exact
methods like branch-and-cut become too slow as the
number of customers grows, so traditional approaches do
not work well for large cases[4].

To tackle this complexity, metaheuristics, particularly
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Evolutionary Algorithms (EAs), have emerged as a
powerful and popular approach[5-7]. EAs solve the CVRP
by maintaining a population of candidate solutions[7, 8]. To
address this challenge, researchers often use metaheuristics,
especially Evolutionary Algorithms (EAs). EAs work by
keeping a group of possible solutions and improving them
step by step, using ideas from natural selection. Genetic
Algorithms (GAs), a well-known type of EA[9], represent
solutions as chromosomes and use selection, crossover, and
mutation to create better solutions over time. GAs are good
at searching a wide range of possible answers and avoiding
getting stuck in poor solutions too early. However, standard
genetic operators do not always consider the specific rules
and structure of the CVRP[10, 11]. As a result, common
crossover and mutation methods can create solutions that
break capacity limits or ruin good route sequences, which
slows progress and lowers the quality of the final results.
Genetic operators that guide the search more effectively.
First, we introduce a Route-Based Merge Crossover
(RBMX), which preserves entire, feasible routes from
parent solutions as intact building blocks, thereby explicitly
maintaining high-quality sub-tours. Second, we develop a
Two-Stage Local Search Mutation that replaces random
changes with focused, small-scale local improvements,
such as 2-opt within a route and customer exchanges
between routes. The proposed algorithm achieves superior
performance by employing problem-aware operators that
directly address the limitations of standard GAs. Unlike
traditional crossover that disrupts solution structure, our
Route-Based Merge Crossover preserves high-quality route
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segments. Furthermore, our mutation operator acts as a
targeted local search, refining solutions rather than
introducing random changes. The primary limitations of
this work include its evaluation on a specific set of
benchmark instances and its focus on the static, single-
depot CVRP. Performance on larger real-world datasets or
under dynamic constraints remains to be validated.

The rest of this paper is organized as follows. The next
section covers the basics, including a formal definition of
the CVRP and a short review of related work on genetic
algorithms for vehicle routing. Section three explains our
proposed method, including how solutions are encoded, the
new crossover and mutation operators, and the overall
algorithm steps. Section four describes the experiments,
shows results on well-known test cases, and compares our
method to a standard genetic algorithm. Finally, section five
sums up the main findings and suggests ideas for future
research.

1. Preliminaries

In this section, the study's preliminaries, including the
Genetic Algorithm and the Capacitated Vehicle Routing
Problem (CVRP), are explained.

2.1. Genetic Algorithms

Genetic Algorithms (GAs) are problem-solving methods
inspired by the principles of natural selection[12]. These
algorithms operate on a population of candidate solutions,
each typically represented as a string of values, known as a
chromosome. The algorithm iteratively enhances the
population by selecting the most effective solutions and
applying genetic operations. In each iteration, individuals
are selected for reproduction based on their fitness scores,
which reflect their effectiveness in solving the problem.
Selected parents exchange segments of their chromosomes
through crossover to generate new candidate solutions.
Subsequently, mutation introduces small random changes to
maintain diversity within the population. This iterative
process of selection, crossover, and mutation continues
until a predefined termination criterion is met,
progressively improving the quality of solutions across
generations[13].

2.2. Capacitated Vehicle Routing Problem (CVRP)
Formulation

The Capacitated Vehicle Routing Problem (CVRP) is a
classic combinatorial optimization problem. It can be
formally defined as follows. Let G = (V, E) be a complete
graph where V = {0,1,...,n} is the vertex set and E is the
edge set. Vertex 0 represents the central depot, and the other
vertices V' ={1,...,n}
customer i has a non-negative demand d;. A homogeneous
fleet of m vehicles, each with an identical capacity Q, is
located at the depot. The objective is to find a set of

represent  customers. Each

exactly m routes such that[14]:

1. Each route starts and ends at the depot.

2. Each customer is visited exactly once by one vehicle.

3. The total demand of the customers on any route does
not exceed the vehicle capacity Q.

4. The total distance traveled by all vehicles is
minimized.

A common mathematical model uses binary decision

variables x;; that equal 1 if vehicle k traverses the
edge (i,j), and 0 otherwise. The objective function is then
to minimize ¥, ; . ¢;;X;;x, Wherec;; is the cost (distance)
from node ii to node j, subject to the constraints outlined
above[15].

2. Proposed method

The Improved Genetic Algorithm (IGA) extends the
canonical Genetic Algorithm (GA) framework by
integrating problem-specific knowledge through tailored
solution representations and specialized genetic operators.
Figure 1 presents the overall flowchart of the IGA, which
details the sequential processes of initialization, selection,
and the implementation of novel crossover and mutation
strategies.

3.1. Solution Representation

A good chromosome encoding is important for the
performance of a genetic algorithm (GA). In this study, we
use a giant tour representation that does not include explicit
trip delimiters. Here, each chromosome is simply a list of
all customer nodes in order. For example, if there are seven
customers, the chromosome could be [3, 1, 5, 7, 2, 6, 4].

To convert the chromosome into a valid solution to the
Capacitated Vehicle Routing Problem (CVRP), we use a
simple splitting procedure. The decoder goes through the
chromosome from the start, adding customers to the current
route until the vehicle reaches its capacity. If adding
another customer would go over the limit Q, the decoder
starts a new route by inserting the depot (0). This way,
every solution meets the capacity rule. For example, the
chromosome [3, 1, 5, 7, 2, 6, 4] could become the routes [0-
3-1-5-0], [0-7-2-0], and [0-6-4-0], depending on customer
needs and the value of Q. This method is efficient because
genetic operators work with the simple list, while the
decoder handles all the rules.

3.2. Proposed Route-Based Merge Crossover (RBMX)
The Route-Based  Merge  Crossover (RBMX) is
explicitly designed to preserve promising, feasible route
structures from parent solutions, thereby reducing the
disruption common in traditional crossover. The operator
works in five steps: (1) Two parents are selected via
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tournament selection. (2) Each parent chromosome is
decoded into its constituent vehicle routes. (3) A random
subset of these complete routes is selected from the first
parent and copied directly into the offspring. This step
ensures that high-quality sub-tours are inherited intact. (4)
All customers already placed from the first parent are
removed from the second parent, creating a list of
unassigned customers. (5) These remaining customers are

Begin the algorithm
process

Initialize
Population

Generate an initial set of
chromosomes

inserted into the offspring's existing routes (or into new
routes) using a cheapest-insertion heuristic, which evaluates
all feasible positions to minimize the increase in total
distance. This mechanism allows RBMX to combine
parental building blocks effectively while maintaining
solution feasibility.

Decode &
Evaluate
Fitness

Convert chromosomes
into routes and calculate
fitness

Apply RBMX
Crossover

Create offspring by
merging routes from
parents

Select
Parents

Choose parent
chromosomes for
reproduction

Check
Termination
Criteria

Determine if the algorithm
should stop

Apply
Mutation

Introduce changes to
offspring chromosomes

Evaluate New
Offspring

Calculate the fitness of the
new offspring

Form New
Population

Select individuals to create
the next generation

Terminate the algorithm

Output Best
Solution

Display the best solution
found

Loop Back

Return to the termination
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Fig. 1. General flowchart for improved genetic algorithm for CRVP

3.3. Proposed Two-Stage Local Search Mutation
The Two-Stage Local Search Mutation replaces random
alterations ~ with  deterministic, improvement-driven
changes, acting as a local intensification mechanism. It is

applied with a defined probability and consists of two

sequential stages:

1. Intra-Route Improvement (2-opt): A single route is
randomly selected. The 2-opt heuristic systematically
examines and reverses segments of this route to
eliminate path crossings, optimizing the internal
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customer sequence without changing the route's
assigned customers.

2. Inter-Route Improvement (String Exchange): Two
different routes are randomly selected. A contiguous
sequence (string) of customers from one route is
considered for a swap with a string of equal length
from the other route. The exchange is executed only if
it is capacity-feasible and leads to a reduction in the
total route distance. This stage rebalances customers
between vehicles to improve global efficiency.

This mutation strategy serves as an effective intensification

mechanism, enabling the algorithm to explore new regions

of the search space while refining solutions to achieve local
optimality within promising areas.
4. Simulation Results

In this section, the proposed method is evaluated through a

series of experiments designed to assess its performance

across all key aspects.

4.1. Experimental Setup
The Improved Genetic Algorithm (IGA) was implemented
and evaluated using MATLAB R2019a. Simulations were
performed on a system with an Intel Core 17-8550U CPU,
8GB RAM, and a 500GB SSD, running Windows 8.1
Professional. The algorithm employed a population size of
100 and a maximum of 500 generations. Tournament
selection with a group size of 3 was used. To emphasize the
effect of the new operators, the crossover probability
(RBMX) was set to 0.9 and the mutation probability to 0.1.
An elitism counts of 2 was maintained to preserve the best
solutions across generations.

4.2. Benchmarks

The algorithm's performance was evaluated using
benchmark instances from Augerat et al. (Set P),
specifically P-n16-k8, P-n19-k2, and P-n23-k8 [16]. These
instances encompass a variety of customer sizes and have

known optimal solutions, facilitating objective comparison.
For controlled analysis, the Improved Genetic Algorithm
(IGA) was compared to a Standard Genetic Algorithm
(SGA). The SGA maintained the same foundational
structure and parameters as the IGA but utilized standard
Order Crossover (OX) and Swap Mutation operators. This
direct comparison isolates the impact of the novel crossover
and mutation strategies.
4.3. Solution Quality Comparison

The main goal of this experiment is to test how well the
Improved Genetic Algorithm (IGA) performs by comparing
its solutions to known optimal values and to those from a
Standard Genetic Algorithm (SGA). The key idea is that the
new, problem-specific operators, Route-Based Merge
Crossover and Two-Stage Local Search Mutation, help the
IGA find better solutions than a GA that uses standard
operators.

A Standard Genetic Algorithm (SGA) was implemented to
establish a meaningful baseline for comparison. The SGA
adopts the same framework as the IGA, including the giant
tour representation, split procedure decoder, tournament
selection, and identical population and generation
parameters. The sole distinction is in the genetic operators:
the SGA utilizes conventional Order Crossover (OX) and
Swap Mutation. This controlled configuration ensures that
observed performance differences can be directly attributed
to the novel crossover and mutation strategies, thereby
isolating and validating their specific contributions.

Table 1 summarizes the results of this comparison on the
selected benchmark instances. The analysis yields several
key findings. On the smaller instances (P-n16-k8, P-n19-k2,
P-n23-k8), the proposed IGA consistently identifies the
known optimal solution, achieving a 0.00% gap in all cases.
In contrast, the SGA does not reach the optimum, with gaps
ranging from 3.78% to 5.67%. These results demonstrate
the IGA's superior exploitation capability.

Table 1. Comparison of Solution Quality Against Known Optima and a Standard GA

Benchmark Known Optimal SGA Best 1GA Best Gap to Optimal Gap to Optimal

Instance Distance Distance Distance (SGA) (1G4)
P-n16-k8 450 467 450 3.78% 0.00%
P-n19-k2 212 224 212 5.66% 0.00%
P-n23-k8 529 559 529 5.67% 0.00%
P-n40-k5 458 485 461 5.90% 0.66%
P-n45-k5 510 543 515 6.47% 0.98%
Average - N N 5.50% 0.33%
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In the larger, more complex instances (P-n40-k5, P-n45-
k5), the IGA demonstrates strong performance. Although it
does not always achieve the proven optimum, as expected
given the problem's complexity, it consistently attains
solutions with gaps of only 0.66% and 0.98%, respectively.
In contrast, the SGA's performance declines on these
instances, with gaps exceeding 5.9%. These results suggest
that the IGA's operators exhibit greater robustness and
scalability.

The average gap to optimality provides the most
compelling evidence. The SGA exhibits an average gap of
5.50%, whereas the IGA reduces this value to 0.33%. This
substantial improvement demonstrates that the problem-
specific design of the genetic operators in the IGA enables a
more effective search, yielding solutions of significantly
higher quality than those produced by a standard genetic
approach.

4.4. Convergence Speed Analysis

The Convergence Speed Analysis experiment measures
how quickly and efficiently the Improved Genetic
Algorithm (IGA) performs during optimization. While the
Solution Quality Comparison shows the final outcomes,
this analysis focuses on how fast each algorithm reaches
high-quality solutions. These results help show how

effective the new genetic operators are in the search process.

This is important for real-world use, where saving
computational time matters, since faster convergence can
lower resource use without reducing solution quality.

For the P-n16-k8 instance, shown in Figure 2, the
proposed IGA performs better than the other algorithms.
The IGA curve drops quickly at first, reaching the optimal
solution in about 100 generations and keeping this level in
later steps. In comparison, the Standard Genetic Algorithm
(GA) improves more slowly and often gets stuck at certain
points. The SGA only finds a suboptimal solution after 500
generations, and there is still a large gap from the best
known result when the process ends.

Convergence Analysis: P-n16-k8

900 —— SGA (Standard GA)
= IGA (Proposed)
-~ Optimal Solution

800

Best Distance
S

g
8

500

o 100 200 300 400 500
Generation

Fig. 2: Convergence Analysis for Instance P-n16-k8: Comparison of
IGA and SGA Performance

The P-n19-k2 analysis in Figure 3 shows similar
convergence patterns. The IGA quickly reaches the optimal
solution within 150 generations, and the solution quality
stays consistent after that. This fast convergence happens
because the problem-aware operators focus on the most
promising areas of the search space. In contrast, the SGA
has a less steady path, with several periods where progress
stalls. Even after 500 generations, it ends up with a solution
about 6% worse than the optimal value.

Convergence Analysis: P-n19-k2

~— SGA (Standard GA)
= IGA (Proposed)
-~ Optimal Solution
400

Best Distance

o 100 200 300 400 500
Generation

Fig. 3: Convergence Analysis for Instance P-n19-k2: Comparison of
IGA and SGA Performance

Figure 4 shows that the P-n23-k8 convergence analysis
clearly demonstrates the method’s scalability. In this larger
case, the IGA outperforms the SGA throughout the
evolutionary process. The IGA converges quickly and stays
on track toward the global optimum. The SGA, on the other
hand, converges too early and shows little improvement
after generation 300. In all three cases, the analysis
confirms that the Route-Based Merge Crossover and Local
Search Mutation operators improve exploration and
exploitation of the solution space, leading to faster
convergence and better final solutions than standard genetic
operators.
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Convergence Analysis: P-n23-k8
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Fig. 4: Convergence Analysis for Instance P-n23-k8: Comparison of
IGA and SGA Performance

4.5. Statistical Significance Test

A statistical significance test was used to confirm that
the Improved Genetic Algorithm (IGA) performs better
than chance. The Wilcoxon signed-rank test, a
nonparametric method suitable for comparing paired results
from stochastic algorithms, was chosen because it does not
assume normality. Both the IGA and the Standard Genetic
Algorithm (SGA) were run 30 times independently on each
benchmark instance to create a reliable dataset for
comparison. The test checked whether there was a
significant difference in the median performance between
the two algorithms.

The statistical analysis results in Table 2 show strong
evidence against the null hypothesis. For all benchmark
instances, the p-values are much lower than the standard
significance level of o = 0.05, confirming that IGA's better
performance is statistically significant. In smaller cases
such as P-n16-k8 and P-n19-k2, the p-values are nearly
zero, indicating that the proposed method consistently
outperforms the standard one. For larger cases, the p-values
are still very significant, though a bit higher, suggesting the
problems are harder, yet the IGA still has a clear advantage.

Table 2. Statistical Significance Test Results (Wilcoxon Signed-Rank

Test)
Benchmar 1GA SGA p-value
k Instance Mean Mean
Distance Distance
P-n16-k8 450.2 468.5 <0.001
P-n19-k2 212.0 226.1 <0.001
P-n23-k8 529.8 562.3 0.003
P-n40-k5 462.5 488.7 0.008
P-n45-k5 516.9 546.2 0.011

The convergence of statistical evidence across instances
of varying complexity demonstrates that the performance

advantages of the Improved Genetic Algorithm (IGA) are
systematic. These improvements result from the more
effective search guidance provided by the novel Route-
Based Merge Crossover and Local Search Mutation
operators, which consistently yield superior solutions
compared to standard genetic operators.

4.6. Component Ablation Study

The Component Ablation Study systematically
evaluates the individual contributions of each novel
operator within the proposed Improved Genetic Algorithm.
Although previous experiments demonstrated the overall
superiority of the complete IGA, this analysis quantifies the
relative importance of the Route-Based Merge Crossover
and the Two-Stage Local Search Mutation. Identifying the
specific contribution of each component is essential for
both theoretical understanding and practical implementation,
as it validates the necessity of both innovations and
highlights  potential areas for future algorithmic
improvements.

The experimental results presented in Figure 35
demonstrate that both novel operators are essential for
achieving optimal performance. The complete IGA
configuration consistently achieves the smallest optimality
gap across all benchmark instances, whereas removing
either component results in significant performance
degradation. Eliminating the Route-Based Merge Crossover
results in a greater performance loss than removing the
Local Search Mutation, with average gaps increasing by
2.85% and 1.44%, respectively. These findings indicate that,
although both components are valuable, the Route-Based
Merge Crossover is the primary driver for maintaining
high-quality solution structures.

A closer look at the performance patterns shows how
the two operators work together. The Local Search
Mutation is especially effective on larger, more complex
cases like P-n40-k5 and P-n45-k5, where its ability to refine
solutions helps escape local optima. In contrast, the RBMX
Crossover performs well across all instance sizes, helping
maintain strong solution structures regardless of problem
scale. The large difference in performance between the full
IGA and the sum of the individual operators suggests that
the two work better together than alone.

The results from this ablation study show that both new
genetic operators play unique and complementary roles in
the algorithm’s performance. The Route-Based Merge
Crossover helps keep high-quality solution structures, while
the Local Search Mutation improves solutions, especially
for harder problems. These findings support the design
choices made and offer useful direction for future research
on improving genetic algorithms for wvehicle routing
problems.
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Component Ablation Study: Impact of Genetic Operators on Solution Quality
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4.7. Computational Time Overhead Analysis

The Computational Time Overhead Analysis
quantitatively assesses the trade-off between improvements
in solution quality and the computational resources required
by the proposed Improved Genetic Algorithm (IGA).
Previous experiments established the IGA's superior
solution quality; this analysis evaluates the practical cost of
these enhancements by measuring execution times under
identical experimental conditions. Understanding this
balance is essential for real-world applications in which
computational efficiency must be considered alongside
improvements in solution quality.

The results in Table 3 indicate a consistent, manageable
computational overhead from the proposed enhancements.
Across all benchmark instances, the IGA required an
average of 21.1% more computational time than the

Standard Genetic Algorithm (GA), with individual
overheads ranging from 18.6% to 23.2%. This increase is
attributable to the additional processing introduced by the
novel genetic operators, particularly the route analysis in
the RBMX Crossover and the local search operations
during the mutation phase. The slightly higher overhead
observed in larger instances (P-n40-k5 and P-n45-k5)
suggests that the algorithmic complexity scales
proportionally with problem size and does not exhibit
exponential growth.

The critical insight from this analysis emerges from
comparing the computational overhead against the solution
quality gains documented in previous experiments. As
shown in Table 3, the average solution quality improvement
of 5.50% substantially outweighs the 21.1% computational
overhead, given the practical value of better solutions in
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real-world routing applications. The efficiency ratio, which
quantifies the quality improvement per unit of additional
computational time, remains consistently positive across all
instances, averaging 0.26. This demonstrates that the
additional computational investment yields meaningful
returns in solution quality, making the trade-off favorable
for most practical scenarios.

The evaluation shows that the proposed IGA improves

performance without causing high computational costs. The
roughly 21% overhead is reasonable because it results in
clear, steady improvements in solution quality across all
tests. The algorithm also scales well, making it suitable for
larger real-world problems. Overall, the IGA offers a good
balance between quality and efficiency for Capacitated
Vehicle Routing Problems, making it a practical choice
when solution quality is important.

Table 3. Computational Time Overhead and Performance Trade-off Analysis

Benchmark SGA Time 1GA Time Computation Solution Efficiency
Instance (seconds) (seconds) al Overhead (%) Quality Gain Ratio
(%)

P-n16-k8 28.5 33.8 18.6% 3.78% 0.20
P-n19-k2 32.1 38.9 21.2% 5.66% 0.27
P-n23-k8 453 54.1 19.4% 5.67% 0.29
P-n40-k5 128.7 158.3 23.0% 5.90% 0.26
P-n45-k5 156.2 192.5 23.2% 6.47% 0.28
Average 78.2 95.5 21.1% 5.50% 0.26

5. Conclusion and discussion

This paper introduced an Improved Genetic Algorithm
(IGA) for the Capacitated Vehicle Routing Problem
(CVRP), featuring two novel problem-aware operators:
a Route-Based Merge Crossover (RBMX) and a Two-Stage
Local Search Mutation. The key strength of the proposed
approach lies in its ability to preserve high-quality route
structures through RBMX, while the mutation operator
serves as atargeted local search mechanism, refining
solutions systematically rather than introducing random
changes. Experimental results on standard benchmarks
confirm the superior performance of the IGA over a
standard genetic algorithm, achieving an average solution
quality improvement of 5.50% with only a2l.1%
computational overhead. The IGA also
demonstrated significantly faster convergence, reaching
near-optimal solutions in fewer generations. Statistical tests
validated the reliability of these improvements, and an
ablation study underscored the complementary roles of the
two operators, with RBMX maintaining solution integrity
and local search driving further refinement. These findings
strongly affirm that embedding domain-specific knowledge
into genetic operators enhances both the efficiency and
effectiveness of metaheuristic search for the CVRP. In
future work, we plan to extend the application of these

operators to other routing variants and investigate adaptive
parameter strategies to broaden their applicability and

performance.
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