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Abstract

The development of Unmanned Aerial Vehicles (UAVs) has introduced new challenges in route optimization,
particularly in the Drone Routing Problem (DRP), where limited battery capacity directly affects operational
feasibility. This study aims to optimize DRP by considering energy constraints and charging station integration using
the Improved ParthenoGenetic Algorithm (IPGA). The proposed method employs a sequence-based chromosome
representation, an energy consumption model, and adaptive charging station insertion during fitness evaluation to
ensure that the generated routes remain feasible under battery limitations. The performance of IPGA was evaluated
using three datasets consisting of 10, 30, and 50 customers and compared with PGA, GA, and PSO based on best
fitness, minimum total energy consumption, computation time, and convergence behavior. The results show that
IPGA consistently achieved the highest best fitness and the lowest minimum total energy across all dataset scenarios.
In the 50-customer dataset, IPGA reduced total energy consumption by 42.89%, 36.19%, and 57.32% compared with
PGA, GA, and PSO, respectively. The convergence analysis also indicates that IPGA provides more stable fitness
improvement, particularly in medium and large problem instances. These findings show that IPGA is effective for
solving energy-constrained DRP and contributes to the development of adaptive metaheuristic optimization methods
for intelligent UAV-based logistics and autonomous distribution systems.

Keywords : Charging Station, Drone Routing Problem, Energy Constraints, Improved ParthenoGenetic Algorithm,
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1. INTRODUCTION

The development of Unmanned Aerial Vehicle (UAV) technology, commonly known as drones,
has transformed operational paradigms across various strategic sectors, ranging from package delivery
logistics and critical infrastructure monitoring to search and rescue missions in emergency services [1],
[2], [3]. As the demand for autonomous and adaptive distribution systems continues to increase, the
Drone Routing Problem (DRP) has emerged as a crucial topic in transportation optimization research
[4], [5], [6]. Unlike the conventional Vehicle Routing Problem (VRP), DRP exhibits unique
characteristics that are strongly influenced by the physical limitations of UAVs, particularly battery
capacity, which restricts operational range and flight duration [7], [8]. In real-world operational
scenarios, drones are often required to cover routes that exceed the capacity of a single battery cycle,
making energy management through the integration of charging stations a critical factor for mission
success [9], [10]. The primary computational complexity inherent in DRP arises from the simultaneous
integration of spatial routing decisions and strict energy management requirements. Generated routes
must not only minimize total travel distance but also satisfy battery capacity constraints and incorporate
efficient recharging strategies to ensure continuous operational feasibility. The need to determine when
and where a drone should recharge significantly increases problem complexity because the algorithm
must maintain battery feasibility without degrading overall routing efficiency [11], [12], [13]. These
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interrelated factors establish DRP as a highly constrained combinatorial optimization problem that
requires robust and adaptive methods capable of producing feasible and efficient solutions across
different operational scenarios [14], [15].

Efforts to solve complex DRP have encouraged the adoption of various metaheuristic approaches
capable of handling large and non-linear solution spaces [4]. Several commonly used methods in routing
optimization include Genetic Algorithm (GA), Ant Colony Optimization (ACO), and Particle Swarm
Optimization (PSO), each of which has distinct characteristics and solution search mechanisms [8], [14],
[16]. GA is known for its global exploration capability through evolutionary processes involving
selection, crossover, and mutation, making it effective in exploring diverse candidate solutions and
gradually improving solution quality. ACO constructs solutions by imitating ant colony behavior in
finding optimal paths using heuristic information and pheromone updates, making it suitable for graph-
based routing problems. Meanwhile, PSO adopts a population-based search mechanism by representing
solutions as particles that move through the search space based on position and velocity updates,
allowing the search process to be conducted in a relatively simple and adaptive manner.

A critical analysis of conventional metaheuristics applied to DRP reveals several technical
limitations that may hinder the achievement of stable and feasible solutions. Although GA has strong
exploration capability, it frequently suffers from premature convergence when population diversity
decreases [14], [17]. Furthermore, standard crossover and mutation operators may generate infeasible
routes under strict energy constraints, requiring additional repair mechanisms that increase
computational cost and slow convergence [ 14], [18]. Conversely, ACO may experience stagnation when
pheromone accumulation causes excessive bias toward certain routes, thereby reducing alternative
exploration and limiting adaptability in complex routing environments [19], [20], [21], [22]. Similarly,
PSO is originally designed for continuous search spaces and faces structural challenges when adapted
to discrete route sequencing problems [16], [23]. The continuous position and velocity update
mechanisms do not naturally represent permutation-based route structures, which may disrupt the
balance between exploration and exploitation and increase the risk of being trapped in local optima.
These limitations indicate the need for a more adaptive and robust optimization framework capable of
maintaining route feasibility under energy constraints while preserving search stability.

The limitations of conventional metaheuristic methods provide the basis for implementing the
Improved ParthenoGenetic Algorithm (IPGA) in this study. IPGA is applied to optimize DRP with
energy constraints and charging station integration, as it has demonstrated promising performance in
complex combinatorial optimization problems, such as the Multiple Traveling Salesman Problem [24],
[25], [26]. Unlike conventional GA, which relies on crossover between individuals, IPGA adopts a
parthenogenesis mechanism in which offspring are generated from a single parent. This asexual
reproduction strategy helps preserve high-quality route structures and reduces the risk of solution
degradation caused by uncontrolled recombination. In addition, the algorithm integrates a fitness-based
selection mechanism and multiple mutation operators to enhance search diversity without compromising
convergence stability. These characteristics make IPGA a suitable optimization approach for DRP,
where route feasibility, energy limitation, and solution stability must be considered simultaneously

The integration of charging stations within IPGA-based DRP optimization remains insufficiently
explored in previous studies. Most previous studies have focused on improving metaheuristic
performance for general routing problems or energy-aware UAV routing separately. Limited attention
has been given to how charging stations can be incorporated adaptively during the evaluation process
without directly increasing chromosome complexity. In this study, charging stations are not treated as
moving or dynamically changing physical facilities. Instead, they are considered as fixed candidate
nodes whose utilization depends on the dataset configuration, remaining battery capacity, and feasibility
of the generated route. Therefore, the term adaptive charging station integration in this study refers to
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the insertion of appropriate charging stations during fitness evaluation when the drone cannot continue
to the next node due to insufficient energy. This mechanism is important because it enables the algorithm
to evaluate route feasibility more realistically while preserving a simple sequence-based chromosome
representation.

Therefore, this study aims to implement IPGA for solving DRP by considering energy constraints
and adaptive charging station integration. The main contribution of this study lies in the development of
an energy-aware [PGA framework in which customer routes are represented using sequence-based
chromosomes, while charging stations are inserted adaptively during fitness evaluation to maintain
battery feasibility. In addition, this study evaluates the performance of IPGA by comparing its
convergence behavior and solution stability with PGA, GA, and PSO across several datasets with
different levels of complexity. The results of this study are expected to provide deeper insight into the
capability of IPGA to generate efficient, feasible, and stable routing solutions, while also contributing
to the development of adaptive metaheuristic methods for UAV-based logistics optimization.

2. METHOD

2.1. Problem Formulation and Conceptual Framework

The Drone Routing Problem (DRP) in this study is formulated as a combinatorial optimization
problem that aims to determine an energy-efficient drone route under battery capacity constraints and
charging station availability. The system is represented as a complete graph G = (V, E), where V =
{0} U C U S, node 0 denotes the depot, C represents the set of customer nodes, and S represents fixed
candidate charging stations. Each edge (i, j) € E has a travel distance d;;, and the route starts from the
depot, visits all customers, may include charging stations when required, and returns to the depot.
Charging stations are not treated as moving facilities. Their utilization depends on the generated route
sequence, remaining battery capacity, and feasibility evaluation. Therefore, the objective is to obtain a
feasible route that minimizes total energy consumption while ensuring that the energy used between two
consecutive recharging points does not exceed the drone battery capacity.

0 Depot

4 Customer

@/ charging station

Figure 1. Graph representation of the DRP showing the depot, customers, charging stations, and
feasible routes

Figure 1 illustrates the graph representation of the DRP used in this study, where the nodes
represent the depot, customers, and charging stations, while the edges indicate possible travel paths
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between nodes. The solid lines show the selected route, whereas the dashed lines represent alternative
paths in the solution space. In this framework, IPGA determines the best route sequence by considering
several parameters, including the number of customers, node coordinates, battery capacity, energy
consumption rate, number of charging stations, population size, and maximum generation. The
optimization process involves population initialization, fitness evaluation, selection, reproduction, and
mutation, with the main objective of minimizing total energy consumption in watt-hours (Wh) while
satisfying all battery capacity constraints.

2.2. Energy Consumption Model

Energy consumption modeling serves as the primary basis for evaluating the quality and
feasibility of route solutions generated for the DRP. The energy consumption of a drone is influenced
by the travel distance between nodes and the operational characteristics of the drone. In this study, the
energy consumption model is simplified by assuming that the energy consumed is directly proportional
to the travel distance between nodes. Mathematically, the energy consumption for traveling from node
i to node j is expressed as:

Eij = a -dy (1)

where Ej; represents the energy consumed for traveling from node i to node j, d;; denotes the

distance between the two nodes, and « is a constant representing the energy consumption rate per unit
distance. The value of a reflects the operational characteristics of the drone and is assumed to remain
constant throughout the flight. The total energy consumption of a route is calculated as the accumulation
of energy over all travel segments traversed by the drone, which can be formulated as:

Eroute = z Eij )
(L.)ER

where R represents the route sequence generated by the algorithm, including the depot, customer
nodes, and inserted charging stations when required. The value of E,,, ;. 1S used as the main objective
value in the optimization process, where lower energy consumption indicates a better route solution.
The battery capacity constraint is considered by ensuring that the energy required between two
consecutive recharging points does not exceed the maximum battery capacity B. When the remaining
battery energy is insufficient to reach the next customer node, the algorithm inserts a feasible charging
station into the route during the fitness evaluation process. After visiting a charging station, the drone
battery is assumed to be restored to full capacity before continuing the route. If no feasible charging
station can be reached under the remaining battery capacity, the route is classified as infeasible and
assigned a lower fitness value. This mechanism ensures that the generated route is not only energy-
efficient but also operationally feasible.

2.3. Architecture of the Improved ParthenoGenetic Algorithm

This study proposes a structured research framework for solving the DRP with energy constraints
by integrating the overall research methodology and the internal computational process of IPGA. As
illustrated in Figure 2, the workflow begins with literature review and problem identification, followed
by dataset generation, data processing, algorithm implementation, experimental evaluation, and result
analysis.

Figure 2 presents the overall research workflow and the computational process of IPGA. The
study begins with DRP formulation, dataset preparation, construction of distance and energy matrices,
implementation of IPGA and comparison algorithms, and evaluation of experimental results.
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Figure 2. The overall research methodology framework and the detailed architecture of the Improved
Partheno-Genetic Algorithm (IPGA).

In the IPGA process, the population is initialized using customer-based route sequences and
evaluated using an energy-aware fitness function. Charging stations are inserted adaptively when the
remaining battery capacity is insufficient to continue the route. Unlike conventional Genetic Algorithm,
IPGA does not apply crossover. Instead, it uses parthenogenesis-based reproduction, where offspring
are generated from a single parent through mutation operators. This mechanism preserves high-quality
route structures while maintaining search diversity. In addition, elitism is applied to retain the best
individuals until the maximum generation is reached.

2.4. Dataset

This study uses synthetically generated datasets to evaluate the performance of IPGA in solving
DRP under different levels of problem complexity. Three scenarios are used, consisting of 10, 30, and
50 customer nodes. Each scenario includes one depot and a proportional number of charging stations,
resulting in total network sizes of 13, 35, and 57 nodes, respectively. All nodes are assigned two-
dimensional coordinates within a predefined 100 x 100 spatial grid and generated as distinct locations
to avoid overlap. The distance between each pair of nodes is calculated using the Euclidean distance
formula and stored in an N X N distance matrix, where N represents the total number of nodes in each
dataset. The distance matrix is then converted into an energy consumption matrix using the model in
Equation (1). During data processing, the generated customer sequence is evaluated by checking the
remaining battery capacity at each route segment and inserting a feasible charging station when the
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drone cannot continue to the next node. The same datasets and parameter settings are applied to IPGA,
PGA, GA, and PSO to ensure a fair comparison [27], [28].

2.5. Solution Representation

An appropriate chromosome representation scheme is required for applying IPGA to the DRP. In
this study, a sequence-based representation is employed, where each chromosome is represented as an
ordered sequence of customer visits. Each gene in the chromosome corresponds to a customer node,
while the depot is fixed as the starting and ending point and is therefore not included in the chromosome
encoding. For example, a chromosome can be represented as the sequence V;, V3, V,, which indicates
that the drone visits customer V;, followed by V3, and then V,, before returning to the depot.

Vi V3 V2

Figure 3. Chromosome Representation

In this representation, the chromosome only encodes the customer visiting sequence and does not
explicitly include charging stations. The integration of charging stations is handled during the fitness
evaluation stage through adaptive insertion. When the remaining battery capacity is insufficient to reach
the next customer node, the algorithm searches for a feasible charging station and inserts it into the
route. This representation separates the main routing structure from the energy feasibility mechanism,
thereby reducing chromosome complexity while still allowing the generated route to satisfy energy
constraints.

2.6. Fitness Function

The fitness function is used to measure the quality of an individual solution based on the
optimization objective [29]. In this study, the main objective is to minimize the total energy consumption
of the generated route. Therefore, the fitness value is formulated as:

1
f - Eroute (3)

where E,,orepresents the energy consumption of the drone route. The lower the energy

consumption, the higher the fitness value. The fitness is computed through the following steps:
1) Determine the route sequence based on the generated chromosome.
2) Compute the distance between nodes using the distance matrix.
3) Calculate the energy consumption for each travel segment.
4) Evaluate the battery energy capacity at each transition.
5) Adaptively insert charging stations when the available energy is insufficient.
6) Accumulate the energy consumption for the entire route.
7) Compute the fitness value using the defined function.

2.7. Selection

The selection stage aims to choose individuals that will be used as parents based on their fitness
values [18], [30]. The process begins by sorting the population in descending order of fitness. The top
30% of individuals are selected using elitism selection to preserve high-quality solutions. In addition,
20% of individuals are selected using roulette wheel selection, where the selection probability is
proportional to the fitness value of each individual. Overall, 50% of the population is selected as parents,
while the remaining 50% is filled with offspring generated through mutation. This mechanism ensures
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that the population size remains constant in each generation while maintaining a balance between
preserving high-quality solutions and exploring new candidate solutions.

2.8. Mutation

Conventional PGA mutation typically relies on random parameters that often restrict exploration
effectiveness. To address this limitation, this study adopts a reproduction-based mutation mechanism
from a previously developed IPGA and modifies it for the single-chromosome representation of the DRP
[31]. The population is stratified into groups based on fitness rankings. Higher-fitness individuals
generate more offspring using diverse mutation operators to maximize local exploration while lower-
fitness individuals produce fewer offspring to preserve overall population diversity. The algorithm
employs five primary operators comprising flip insert, swap insert, left slide insert, right slide insert,
and displacement. These operators strategically modify gene sequences through positional shifting and
subsequence reversal without disrupting the fundamental route structure. The procedural steps of this
mutation mechanism proceed as follows.

1) Sort all individuals (parents) based on their fitness values in descending order.

2) Divide the individuals into several groups according to their fitness ranking.

3) Determine the number of offspring generated by each individual based on its group.

4) For each individual, generate offspring using a combination of mutation operators in a stepwise
manner.

5) Collect all generated offspring into a single set.

6) Evaluate the fitness values of all offspring.

7) Sort the offspring in descending order of fitness.

8) Retain the best parent individuals as part of the elitism mechanism.

9) Fill the new population with the best offspring until the population size is satisfied.

2.9. Evaluation Metrics

This study evaluates the performance of the IPGA using best fitness, minimum energy
consumption, computation time, and convergence behavior. Best fitness is used to measure the highest
solution quality achieved during the optimization process, while minimum energy consumption,
measured in watt-hours (Wh), represents the lowest total energy required by the generated drone route
while satisfying battery capacity constraints and utilizing charging stations when necessary.
Computation time is used to assess the efficiency of each algorithm in completing the optimization
process, particularly as the number of customer nodes increases. In addition, convergence behavior is
analyzed through the progression of fitness values across generations to observe how quickly and stably
each algorithm reaches its best solution. These metrics are applied consistently to IPGA, PGA, GA, and
PSO to provide a fair comparison in terms of solution quality, energy efficiency, computational
performance, and convergence stability.

3. RESULT

The experimental evaluation was conducted to analyze the performance of the IPGA in solving
the Drone Routing Problem with energy constraints and charging station integration. The performance
of IPGA was compared with three metaheuristic algorithms, namely PGA, GA, and PSO. The
experiments were carried out using three dataset scenarios consisting of 10, 30, and 50 customer nodes.
These datasets represent different levels of problem complexity, where a larger number of customers
increases the search space and makes the optimization process more challenging. The evaluation was
conducted based on best fitness, minimum total energy consumption, computation time, and
convergence behavior.
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3.1. Performance Comparison

Table 1 presents the final performance comparison of IPGA, PGA, GA, and PSO across all dataset
scenarios. The best fitness value represents the highest solution quality obtained by each algorithm,
while the minimum total energy indicates the lowest energy consumption required by the generated
route. Computation time is used to observe the computational cost required by each algorithm to
complete the optimization process.

Table 1. Performance comparison of IPGA, PGA, GA, and PSO

: Minimum Total Energy Computation
Dataset Method Best Fitness (Wh) Time (ms)
IPGA 0.00226 8866 384
10 Custormer _POA 0.00226 8866 1109
GA 0.00224 8915 314
PSO 0.00212 9441 1423
IPGA 0.00165 12121 10955
PGA 0.00153 13108 11681
30 Customer -~ 0.00129 15527 6311
PSO 0.00097 20723 23905
IPGA 0.00143 13976 1002677
PGA 0.00082 24470 788454
50 Customer  ~~ 0.00091 21904 853883
PSO 0.00061 32748 2989879

As shown in Table 1, IPGA consistently achieves the highest best fitness value across the three
dataset scenarios. In the 10-customer dataset, IPGA and PGA obtain the same best fitness value of
0.00226 and the same minimum total energy of 8866 Wh. However, IPGA requires a shorter
computation time than PGA, with 384 ms compared with 1109 ms. GA records the shortest computation
time in this dataset, but its minimum total energy is slightly higher than IPGA and PGA. PSO produces
the lowest best fitness and the highest energy consumption, indicating lower solution quality in the
smallest dataset scenario. In the 30-customer dataset, IPGA achieves the best fitness value of 0.00165
and the lowest minimum total energy of 12121 Wh. PGA obtains the second-best result with a fitness
value of 0.00153 and energy consumption of 13108 Wh. GA and PSO produce lower fitness values and
higher energy consumption, indicating that their search mechanisms are less effective in handling the
larger solution space. Although GA has the shortest computation time in this dataset, IPGA produces a
significantly better route solution in terms of energy efficiency.

In the 50-customer dataset, IPGA achieves the highest best fitness value of 0.00143 and the lowest
minimum total energy of 13976 Wh. PGA, GA, and PSO require 24470 Wh, 21904 Wh, and 32748 Wh,
respectively. Although IPGA requires longer computation time than PGA and GA in this scenario, it
produces substantially lower energy consumption. This result indicates that IPGA provides better
solution quality in larger and more complex DRP instances.

3.2. Energy Reduction and Fitness Improvement

To provide a clearer quantitative comparison, Table 2 presents the relative improvement of IPGA
over PGA, GA, and PSO in terms of minimum energy reduction and best fitness improvement. Energy
reduction indicates the percentage of energy savings achieved by IPGA compared with each baseline
algorithm, while fitness improvement indicates the percentage increase in best fitness value.
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Table 2. Relative performance improvement of IPGA compared with PGA, GA, and PSO

Dataset Compared Method  Energy Reduction (%) Fitness Improvement (%)
PGA 0.00 0.00
Dataset 10 GA 0.55 0.89
PSO 6.09 6.60
PGA 7.53 7.84
Dataset 30 GA 21.94 27.91
PSO 41.51 70.10
PGA 42.89 74.39
Dataset 50 GA 36.19 57.14
PSO 57.32 134.43

Table 2 shows that the improvement of [IPGA becomes more significant as the dataset size
increases. In the 10-customer dataset, IPGA produces the same energy consumption as PGA and only
slightly improves upon GA, with an energy reduction of 0.55%. Compared with PSO, IPGA reduces
energy consumption by 6.09% and improves best fitness by 6.60%. This result indicates that in smaller
problem instances, several algorithms can still produce relatively competitive solutions because the
search space is not yet highly complex. In the 30-customer dataset, IPGA shows stronger improvement.
Compared with PGA, IPGA reduces energy consumption by 7.53% and improves best fitness by 7.84%.
Compared with GA, IPGA reduces energy consumption by 21.94% and improves best fitness by
27.91%. The largest improvement is obtained over PSO, where IPGA reduces energy consumption by
41.51% and improves best fitness by 70.10%. These results indicate that IPGA is more capable of
maintaining solution quality when the problem complexity increases. In the 50-customer dataset, the
superiority of IPGA becomes more dominant. IPGA reduces energy consumption by 42.89% compared
with PGA, 36.19% compared with GA, and 57.32% compared with PSO. In terms of best fitness, [PGA
improves performance by 74.39% over PGA, 57.14% over GA, and 134.43% over PSO. These findings
show that IPGA is more robust in handling larger DRP instances, where the number of possible route
combinations increases significantly and the energy feasibility constraint becomes more difficult to
satisfy.

3.3. Computation Time Analysis

Computation time is evaluated to determine the computational cost required by each algorithm to
complete the optimization process. Based on Table 1, the computation time generally increases as the
number of customer nodes increases. This is expected because larger datasets require more route
evaluations and involve a wider search space. In the 10-customer dataset, GA records the fastest
computation time with 314 ms, followed by IPGA with 384 ms, PGA with 1109 ms, and PSO with 1423
ms. Although IPGA is not the fastest in this scenario, its computation time remains competitive while
producing the best minimum energy value. Compared with PGA and PSO, IPGA is substantially faster,
indicating that the proposed mechanism can still maintain computational efficiency in small-scale
routing problems. In the 30-customer dataset, GA again records the shortest computation time with 6311
ms, while IPGA requires 10955 ms. PGA requires 11681 ms, and PSO requires the longest computation
time with 23905 ms. Although IPGA requires more time than GA, it produces much lower energy
consumption. This indicates that the additional computational cost in IPGA contributes to better search
quality and route efficiency. In the 50-customer dataset, computation time increases significantly for all
algorithms. PGA and GA require 788454 ms and 853883 ms, respectively, while IPGA requires
1002677 ms. PSO records the longest computation time with 2989879 ms. Although IPGA is slower
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than PGA and GA in this scenario, it produces the lowest total energy consumption. This result indicates
that IPGA prioritizes solution quality through more effective route exploration and energy-aware
evaluation. Therefore, the computation time of IPGA should be interpreted together with its significant
improvement in energy efficiency.

3.4. Convergence Analysis

The convergence analysis was conducted to evaluate the ability of each algorithm to improve
solution quality throughout the optimization process. In this study, convergence behavior was observed
based on average fitness and best fitness values across iterations. The average fitness curve represents
the overall quality of the population, while the best fitness curve indicates the best solution obtained by
each algorithm during the search process. The comparison was performed on three dataset scenarios
consisting of 10, 30, and 50 customer dataset to evaluate the stability and scalability of [IPGA compared
with PGA, GA, and PSO.

Figure 4 presents the convergence behavior of IPGA, PGA, GA, and PSO on the 10-customer
dataset. In Figure 4(a), IPGA achieves the highest average fitness value and shows a rapid increase
during the early iterations before reaching a stable condition. This indicates that IPGA is able to improve
the overall population quality quickly even in a small-scale problem. PGA also demonstrates a relatively
stable convergence pattern, although its average fitness remains lower than IPGA. GA shows moderate
improvement but with visible fluctuations, indicating that the quality of its population is less stable
during the search process. Meanwhile, PSO obtains the lowest average fitness value and shows limited
improvement across iterations.

Figure 4(b) shows the best fitness convergence for the 10-customer dataset. IPGA and PGA
achieve similar best fitness values, which is consistent with the final performance result in Table 1,
where both algorithms obtain the same best fitness and minimum total energy. However, IPGA reaches
this solution with shorter computation time, indicating better efficiency in obtaining high-quality routes.
In contrast, GA and PSO show more fluctuating best fitness values, suggesting that both algorithms have
difficulty maintaining the best solution consistently. Overall, the result in Figure 4 indicates that IPGA
performs competitively in small-scale DRP instances and provides more stable population-level
improvement than the comparison algorithms.
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Figure 4. Comparison of average fitness and best fitness convergence on the 10-customer dataset

Figure 5 shows the convergence performance of IPGA, PGA, GA, and PSO on the 30-customer
dataset. Compared with the 10-customer dataset, the search space becomes larger and the performance
differences among the algorithms become more apparent. In Figure 5(a), IPGA shows a sharp increase
in average fitness during the early iterations and then stabilizes at the highest value compared with the
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other algorithms. This pattern indicates that [PGA can rapidly improve the population quality while
maintaining convergence stability. PGA also improves gradually, but its final average fitness remains
below IPGA. GA produces lower average fitness values with noticeable fluctuations, while PSO remains
at the lowest fitness level throughout most of the optimization process.

Figure 5(b) further confirms the superiority of IPGA in terms of best fitness. IPGA reaches the
highest best fitness value earlier than the other algorithms and maintains it until the final iteration. This
result is consistent with Table 1, where IPGA achieves the highest best fitness of 0.00165 and the lowest
minimum total energy of 12121 Wh on the 30-customer dataset. PGA records the second-best
performance, while GA and PSO produce lower best fitness values with less stable improvement
patterns. The stable convergence of IPGA indicates that its reproduction and mutation mechanisms are
effective in balancing exploration and exploitation as the problem complexity increases.
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Figure 5. Comparison of average fitness and best fitness convergence on the 30-customer dataset

Figure 6 illustrates the convergence behavior of IPGA, PGA, GA, and PSO on the 50-customer
dataset, which represents the most complex scenario in this study. In Figure 6(a), IPGA again achieves
the highest average fitness value and demonstrates a more stable convergence pattern than PGA, GA,
and PSO. The average fitness of IPGA increases significantly during the early iterations and continues
to improve until it reaches a stable condition. This shows that IPGA can maintain the quality of the
population even when the number of customer nodes increases. PGA and GA show lower average fitness
values, while PSO remains the least competitive algorithm in this scenario.

Figure 6(b) shows that IPGA achieves the highest best fitness value and maintains a stable curve
after reaching its best solution. GA and PGA show gradual improvement but remain below IPGA, while
PSO produces the lowest best fitness value with greater instability. This result supports the numerical
findings in Table 1, where IPGA obtains the highest best fitness of 0.00143 and the lowest minimum
total energy of 13976 Wh on the 50-customer dataset. The convergence pattern indicates that IPGA has
better scalability in handling larger DRP instances because it can preserve high-quality route structures
while still exploring alternative route combinations.

Overall, the convergence results in Figures 4, 5, and 6 demonstrate that IPGA consistently
provides better convergence performance than PGA, GA, and PSO. In the small dataset, [IPGA and PGA
can reach similar final solution quality, but IPGA achieves the result with lower computation time. In
the medium and large datasets, the superiority of IPGA becomes more evident, as shown by its higher
fitness values and more stable convergence curves. These findings indicate that IPGA is more capable
of handling increased problem complexity through its parthenogenesis-based reproduction mechanism
and mutation operators. Therefore, IPGA demonstrates stronger convergence stability and scalability in
solving the energy-constrained Drone Routing Problem with charging station integration.
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Figure 6. Comparison of average fitness and best fitness convergence on the 50-customer dataset

3.5. Overall Scalability Analysis

Scalability analysis was conducted to evaluate the ability of each algorithm to maintain
performance as the problem size increases. In this study, scalability was observed by comparing the
results obtained from the 10-customer, 30-customer, and 50-customer datasets. The increase in the
number of customers expands the solution space and increases the complexity of route construction,
especially because the generated route must also satisfy energy constraints and incorporate charging
stations when necessary. Therefore, an algorithm with good scalability should be able to maintain high
fitness values and low energy consumption even when the number of customer nodes increases. Based
on the results in Table 1, IPGA demonstrates the most consistent performance across all dataset sizes.
In the 10-customer dataset, IPGA and PGA achieve the same best fitness value of 0.00226 and the same
minimum total energy of 8866 Wh. However, when the dataset size increases to 30-customer dataset,
IPGA achieves a best fitness value of 0.00165 and minimum total energy of 12121 Wh, outperforming
PGA, GA, and PSO. The performance gap becomes more significant in the 50-customer dataset, where
IPGA obtains the highest best fitness value of 0.00143 and the lowest minimum total energy of 13976
Wh. These results indicate that IPGA is able to maintain better solution quality as the routing problem
becomes more complex.

The scalability of IPGA can also be observed from the growth of minimum total energy
consumption across dataset sizes. From 10 to 50-customer dataset, the minimum total energy of IPGA
increases from 8866 Wh to 13976 Wh. Although energy consumption naturally increases as the number
of customers grows, the increase in IPGA is lower than that of the comparison algorithms. PGA
increases from 8866 Wh to 24470 Wh, GA increases from 8915 Wh to 21904 Wh, and PSO increases
from 9441 Wh to 32748 Wh. This result shows that IPGA is more effective in controlling energy
consumption when the number of customer nodes increases. In the 50-customer dataset, IPGA reduces
energy consumption by 42.89% compared with PGA, 36.19% compared with GA, and 57.32%
compared with PSO. This indicates that IPGA has better scalability in terms of energy efficiency. In
terms of best fitness, IPGA also shows better stability than the other algorithms. Although the best fitness
value decreases as the dataset becomes larger, IPGA maintains the highest fitness value in all scenarios.
The decrease in fitness is expected because larger datasets produce longer routes and higher energy
requirements. However, the ability of [PGA to remain superior in the 30-customer and 50-customer
datasets indicates that its search mechanism is more robust in handling larger combinatorial solution
spaces. The parthenogenesis-based reproduction mechanism helps preserve high-quality route
structures, while the mutation operators provide sufficient variation to explore alternative routes without
excessively disrupting promising solutions.
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The computation time results show that the computational cost increases significantly as the
number of customers grows. This trend occurs in all algorithms because larger datasets require more
route evaluations and more complex feasibility checking. IPGA requires 384 ms for the 10-customer
dataset, 10955 ms for the 30-customer dataset, and 1002677 ms for the 50-customer dataset. Although
IPGA is not always the fastest algorithm, particularly in the 50-customer dataset, it produces the best
route quality and the lowest energy consumption. This finding indicates that the additional
computational cost of [IPGA is compensated by its ability to generate more energy-efficient routes.
Therefore, IPGA provides a stronger trade-off between solution quality and computation time,
especially for medium and large DRP instances.

Overall, the scalability analysis demonstrates that IPGA is more reliable than PGA, GA, and PSO
in maintaining solution quality as the number of customers increases. The superiority of IPGA becomes
more evident in larger datasets, where the routing problem becomes more difficult and the energy
constraints are harder to satisfy. These findings confirm that IPGA is suitable for solving energy-
constrained Drone Routing Problem with charging station integration, particularly in scenarios where
energy efficiency and route feasibility are more important than merely minimizing computation time.

4. DISCUSSIONS

The experimental results demonstrate that IPGA produces better solution quality than PGA, GA,
and PSO in solving the Drone Routing Problem with energy constraints and charging station integration.
This is reflected in the best fitness and minimum total energy values across all dataset scenarios. In the
10-customer dataset, [IPGA and PGA obtain the same minimum total energy of 8866 Wh, indicating that
both methods can still perform competitively in a small search space. However, the advantage of [IPGA
becomes more significant as the number of customers increases. In the 30-customer dataset, IPGA
reduces energy consumption by 7.53%, 21.94%, and 41.51% compared with PGA, GA, and PSO,
respectively. In the 50-customer dataset, the reductions increase to 42.89%, 36.19%, and 57.32%,
respectively. From the authors’ perspective, this pattern shows that IPGA is more robust in maintaining
route quality when the solution space becomes larger and more constrained.

These findings are consistent with previous studies emphasizing that energy consumption and
charging mechanisms are critical factors in UAV routing. Raivi et al. [ 1] highlighted that drone delivery
systems require integrated consideration of routing, charging, and operational constraints, while Zhang
et al. [7] showed that energy modeling directly affects the feasibility of drone delivery routes. Similar
concerns were also discussed by Meskar and Ahmadi-Javid [9], who emphasized the importance of
realistic energy constraints in drone delivery optimization. The results of this study support those
findings by showing that route optimization should not only minimize distance but also maintain battery
feasibility through appropriate charging station utilization.

The superiority of IPGA can be attributed to its parthenogenesis-based reproduction mechanism
and mutation strategy. Unlike conventional GA, which uses crossover and may disrupt promising route
structures, IPGA generates offspring from a single parent, allowing high-quality sequences to be
preserved during the search process. This is important because small changes in route sequence may
significantly affect total energy consumption and the need for recharging. Previous studies have shown
that GA performance is strongly influenced by selection, crossover, mutation, and population diversity
[14], [17]. In this study, the absence of crossover in IPGA appears to reduce the risk of generating poor
or infeasible route structures, while mutation operators still provide sufficient variation for exploring
alternative solutions. This finding is also aligned with previous IPGA-related studies, where
parthenogenetic mechanisms improved stability in combinatorial optimization problems [24], [25], [31].

The comparison with PSO further strengthens this interpretation. PSO produces the lowest best
fitness and the highest energy consumption in all dataset scenarios, especially in the 50-customer dataset,
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where it requires 32748 Wh compared with 13976 Wh produced by IPGA. This result is reasonable
because PSO was originally designed for continuous optimization, while DRP is a discrete route
sequencing problem. Although PSO can be adapted for scheduling and UAV path planning, additional
modifications are usually required to handle discrete and constrained search spaces effectively [16],
[23]. From the authors’ perspective, this explains why PSO has difficulty preserving feasible route
structures when customer size and energy constraints increase.

The adaptive insertion of charging stations during fitness evaluation also contributes to the
effectiveness of IPGA. Previous studies have investigated UAV routing with charging stations using
various approaches, such as moving charging opportunities, multiple charging stations, and integrated
charging station location planning [11], [12], [13]. In contrast, this study keeps the chromosome
representation simple by encoding only customer sequences, while charging stations are inserted during
route evaluation when the remaining battery is insufficient. This strategy avoids increasing chromosome
complexity while still maintaining energy feasibility. Therefore, the proposed framework provides a
practical balance between simple solution representation and realistic energy-aware route evaluation.

In terms of computation time, IPGA is not always the fastest algorithm. GA records lower
computation time in the 10-customer and 30-customer datasets, while PGA and GA are faster than [PGA
in the 50-customer dataset. However, IPGA consistently produces lower minimum total energy than all
comparison algorithms. This indicates a trade-off between computational cost and solution quality. For
UAV-based logistics, this trade-off is acceptable when the main objective is to obtain feasible and
energy-efficient routes rather than merely minimizing computation time. The contribution of this study
to Informatics lies in demonstrating how metaheuristic optimization, energy constraint handling, and
charging station utilization can be integrated into a unified computational framework for autonomous
logistics systems. Nevertheless, this study still uses synthetic datasets and a linear energy consumption
model. Future research should consider real geographic data, non-linear energy models, payload
variation, wind conditions, heterogeneous drones, and dynamic operational constraints to improve the
realism and applicability of the proposed approach.

5. CONCLUSION

This study demonstrates that the Improved ParthenoGenetic Algorithm (IPGA) can be effectively
applied to solve the Drone Routing Problem with energy constraints and charging station integration.
The proposed approach is able to generate energy-efficient routes by combining sequence-based route
representation, energy-aware fitness evaluation, and adaptive charging station insertion during the
evaluation process. The experimental results show that IPGA consistently achieves better solution
quality than PGA, GA, and PSO, particularly in medium and large problem instances. Although IPGA
is not always the fastest algorithm in terms of computation time, it provides a better trade-off by
producing routes with lower total energy consumption and more stable convergence behavior. This
indicates that the proposed method is more suitable for DRP scenarios where route feasibility and energy
efficiency are more critical than computation speed alone.

The importance of this study for the field of Informatics lies in its contribution to the development
of adaptive metaheuristic optimization for autonomous logistics systems. The proposed IPGA
framework shows how routing decisions, battery limitations, and charging station utilization can be
integrated into a single computational model. This contribution is relevant for intelligent transportation
systems, UAV-based delivery platforms, and decision-support systems that require efficient and feasible
route planning under limited energy resources. Future research should extend the proposed model by
considering more realistic drone operation factors, such as non-linear energy consumption, payload
variation, wind conditions, altitude changes, heterogeneous or multi-type drones, time-window
constraints, and dynamic operational environments. Further validation using real geographic data and
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real UAV operational scenarios is also required to improve the applicability of the proposed approach

in practical autonomous delivery systems.
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