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Abstract. Electric vehicles (EVs) play a crucial role in tackling
environmental issues in the transportation industry. The incorporation of
effective charging infrastructure is crucial in promoting the broad
acceptance of electric vehicles (EVs). This work investigates the
optimization of the location of wireless charging infrastructure in urban
contexts using genetic algorithms (GAs). The location data, which includes
latitude and longitude coordinates, showed a wide range of spatial
distributions that are ideal for deploying charging stations. These
distributions display variances that are favorable for strategically placing the
infrastructure. The examination of power consumption data revealed
significant variations in energy demand across different sites, ranging from
180 kWh to 300 kWh. These differences indicate that each location has its
own distinct energy needs. The population density statistics exhibited a
spectrum of values, ranging from 600 individuals per square unit. The
population density is 1200 persons per square kilometer. The abbreviation
"km" refers to kilometers, which is used to indicate different levels of
prospective electric vehicle (EV) users. In addition, the distance data
provided information about the lengths between prospective locations for
charging stations, which varied from 400 km to 1200 km. These distances
had an impact on the concerns of connection and transmission efficiency.
The research highlights the intricate nature of the elements that affect the
ideal location of infrastructure, underlining the need for a methodical
approach to optimization. Integrating these statistics provides a foundation
for developing an objective function in the GA framework to optimize the
location of charging infrastructure. The study's results provide valuable
understanding of the many factors that influence the location of charging
infrastructure. The goal is to promote the development of efficient and easily
accessible electric vehicle charging networks in metropolitan areas.
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1 Introduction

Electric vehicles (EVs) are becoming widely recognized as an environmentally friendly
transportation option that helps reduce both greenhouse gas emissions and reliance on fossil
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fuels. With the increasing demand for electric vehicles (EVs), the creation of a reliable and
user-friendly charging infrastructure becomes essential. Wireless charging systems provide a
possible answer by allowing electric vehicles to charge without the need for physical
connections. This technology improves user comfort and helps alleviate concerns about
limited driving range.[1]-[3] Nevertheless, determining the most advantageous positioning of
wireless charging infrastructure to guarantee extensive coverage and effective use continues
to be a difficult task.[4]-[8] This research examines the use of genetic algorithms (GAs) to
optimize the positioning of wireless charging stations. The goal is to increase coverage,
decrease energy losses, and improve accessibility in metropolitan areas.

1.1 Context and Importance

The incorporation of wireless charging technology into transportation networks signifies a
fundamental change towards EV charging that is both user-friendly and efficient. Wireless
charging solutions, in contrast to conventional cable ones, obviate the need for physical
connections, offering enhanced flexibility and convenience.[9]-[14] The efficacy of wireless
charging infrastructure is greatly contingent upon its strategic positioning. Optimal placement
considers several criteria, including as the extent of coverage, the efficiency of charging, the
cost of infrastructure, and the accessibility for users, in order to guarantee the universal
acceptance and sustainability of electric vehicles.

1.2 Areas of Difficulty and Areas of Research Emphasis

The deployment of wireless charging infrastructure presents many obstacles, such as
ascertaining the quantity of charging stations, pinpointing ideal positions, evaluating power
allocation, and accommodating urban dynamics.[15]-[19] Conventional solutions often
depend on heuristic techniques or deterministic algorithms, which may not effectively handle
the intricacy of optimizing placement in dynamic urban settings. Thus, this study aims to use
genetic algorithms, a kind of evolutionary computing, to tackle the intricate optimization issue
of strategically locating wireless charging stations in metropolitan environments.

1.3 Goals

The main goal of this project is to create an optimization framework that uses evolutionary
algorithms to find the best location for wireless charging infrastructure for electric vehicles in
metropolitan settings. The framework's objective is to optimize the location of infrastructure
by considering variables like as population density, traffic patterns, and geographical limits,
with the purpose of maximizing charging coverage and minimizing energy losses during
transmission. The project aims to use genetic algorithms to solve the placement optimization
issue in a systematic and effective manner, therefore contributing to the development of
sustainable transportation infrastructure.

1.4 Anticipated Contributions

The results of this research are anticipated to make a substantial contribution to the area of
sustainable transportation by providing a fresh and strategic method for locating wireless
charging infrastructure. Genetic algorithms are used to provide scalable and adaptive solutions
for optimizing the location of EV charging infrastructure. This helps to improve the adoption
of EVs, reduce carbon emissions, and promote environmentally friendly transportation options
in metropolitan areas.

This work seeks to tackle the crucial issue of improving the positioning of wireless
charging infrastructure for electric vehicles (EVs) in urban environments via the use of genetic
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algorithms. This optimization technique is expected to enable the creation of efficient and
user-focused electric vehicle (EV) charging networks, therefore aiding the shift towards a
more sustainable and electrified transportation system.

2 Literature Review

2.1 Wireless charging technology in electric vehicles (EVs):

Wireless charging technology has emerged as a viable approach to improve the ease and
use of electric cars (EVs). Wireless charging enables electric vehicles (EVs) to replenish their
batteries without the need for physical connections, in contrast to conventional cable charging
methods.[20]-[22] This technique obviates the need of manual insertion and removal,
providing user convenience and perhaps augmenting the rates of electric vehicle adoption.

2.2 Optimizing the placement of charging infrastructure:

The strategic positioning of charging infrastructure is crucial for the broad acceptance of
electric vehicles (EVs). Research has shown that the deliberate positioning of charging stations
has an impact on user convenience, driving distance, and the overall usefulness of electric
vehicles.[23]-[27] Conventional techniques often use heuristic algorithms or deterministic
approaches to select appropriate places, but they may not effectively manage the intricacy and
ever-changing nature of metropolitan surroundings.

2.3 Difficulties in Placement Optimization:

The optimization of wireless charging infrastructure location encounters several obstacles.
Various factors, including the extent of coverage, capacity of charging stations, energy
transmission losses, geographical limitations, population density, traffic patterns, and user
accessibility, must be taken into account. The intricate nature of these parameters presents a
difficulty in identifying the most advantageous location that increases charging coverage while
reducing infrastructure expenses and energy wastage.

2.4 The role of genetic algorithms in optimization is significant.

Genetic algorithms (GAs), which fall within the category of evolutionary computing, have
shown potential in addressing intricate optimization issues. Genetic algorithms (GAs)
replicate the mechanism of natural selection and evolution to explore a wide range of potential
solutions in order to find the most optimum ones. Genetic algorithms (GAs) provide a
methodical technique to determining the most suitable sites for wireless charging
infrastructure. This involves taking into account several aspects and limitations, and
continuously improving solutions to attain the ideal placement configuration.

2.5 Prior research on optimization methodologies:

Previous studies have investigated many methods for determining the optimal location of
charging infrastructure, including as mathematical modeling, simulation-based approaches,
and heuristic algorithms. Although these techniques have yielded useful insights, they may
lack the capacity to scale or effectively manage dynamic metropolitan settings. Genetic
algorithms provide a flexible and expandable approach, enabling gradual improvement and
adjustment to evolving circumstances.
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2.6 Utilization of Genetic Algorithms in Optimizing Transportation
Infrastructure:

Genetic algorithms (GAs) have shown effective in improving transportation-related
infrastructure, such as route design, traffic flow optimization, and logistics management.
These examples exemplify the efficacy of GAs in tackling intricate optimization challenges in
transportation networks. Utilizing Genetic Algorithms (GAs) to optimize the location of
wireless charging infrastructure is in line with these effective applications, providing a strong
method for tackling the difficulties in EV charging infrastructure placement.

2.7 Findings derived from the analysis of existing literature:

The literature study emphasizes the need of strategically positioning wireless charging
infrastructure in order to encourage the uptake of electric vehicles. It highlights the difficulties
linked to optimization, stressing the need for sophisticated methods such as genetic algorithms
to tackle the intricacy of urban settings and many influencing aspects. Genetic algorithms
(GAs) provide a viable method for establishing systematic and efficient techniques to improve
the location of wireless charging infrastructure.[28]-[32] This contributes to the progress of
sustainable transportation solutions.

3 Methodology

Problem Formulation: The objective of the research is to optimize the positioning of
wireless charging infrastructure for electric cars (EVs) in metropolitan areas. The topic entails
identifying the most advantageous positions for charging stations to optimize coverage, reduce
energy wastage, and take into account variables such as population density, traffic patterns,
and geographical limitations.

Data Collection and Preprocessing: Geospatial data, such as city maps, population density
maps, traffic flow data, and geographical information, is gathered from trustworthy sources
and undergoes preprocessing. This process includes the transformation of unprocessed data
into forms that may be readily used, as well as the removal of any inconsistencies or errors,
the assignment of geographical coordinates, and the systematic arrangement of the data to
facilitate analysis.

The research chooses genetic algorithms (GAs) for optimization because of their capacity
to handle intricate problems that include several variables and constraints. The genetic
algorithm's parameters, including population size, crossover and mutation rates, termination
criteria, and fitness assessment functions, are established via initial experimentation and
sensitivity analysis.

The charging infrastructure is shown as a collection of prospective sites or nodes inside
the metropolitan region. Every node symbolizes a prospective location for the installation of
a wireless charging station. The representation takes into account variables such as the
closeness to main roadways, population hubs, and preexisting infrastructure.

The development of a fitness function involves creating a metric to assess the quality of
alternative solutions or locations. The fitness function integrates many criteria, including
charging coverage, closeness to high-traffic regions, population density, and reducing energy
losses during transmission. Weighting variables are allocated to equilibrate these goals
according to their significance.

The implementation of the genetic algorithm follows a systematic approach that includes
the initialization of a population of potential solutions (charging station locations), selection
mechanisms (roulette wheel or tournament selection), crossover and mutation operations, and
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convergence criteria. The algorithm systematically produces new solutions, assesses their
suitability using the specified fitness function, and progressively improves solutions over
several generations.

The genetic algorithm incorporates constraints pertaining to geographical boundaries,
zoning rules, infrastructure expenses, and other urban factors. Placements that do not meet
these criteria are punished or deleted to guarantee effective and practical solutions.

The evolutionary algorithm goes through several generations, continuously improving the
location of charging stations to enhance fitness ratings via optimization and evaluation.
Convergence is evaluated according to pre-established termination criteria. The ultimate
optimum solutions are assessed according to their coverage, energy efficiency, and adherence
to limitations.

The optimal placements undergo validation using sensitivity analysis, which evaluates the
influence of changing factors and limitations on the resilience and efficacy of the solutions.
An analysis is conducted to guarantee that the suggested technique can be scaled and adapted
by considering its sensitivity to changes in population density, traffic patterns, and
infrastructure costs.

Conclusion: The technique presents a methodical strategy that use genetic algorithms to
enhance the positioning of wireless charging infrastructure. The project seeks to use data
analysis, algorithmic optimization, and constraint management to strategically place charging
stations in metropolitan environments for efficient and extensive coverage.

4 Results and analysis

Table 1. ANALYSIS OF LOCATION DATA
Location ID Latitude Longitude
1 40.7128 -74.006
2 34.0522 -118.244
3 41.8781 -87.6298
4 29.7604 -95.3698
e ——
e
e
e
-150 -100 -50 0 50
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Fig. 1. Analysis of Location Data

The examination of location data revealed precise latitude and longitude coordinates for
prospective locations of charging stations inside metropolitan areas. Analysis of these
coordinates revealed discrepancies in geographical distribution, highlighting a wide range of
areas appropriate for the implementation of infrastructure. The inclusion of latitude and
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longitude facilitated the spatial depiction and identification of regions suitable for the
construction of charging stations.

Table 2. ANALYSIS OF POWER CONSUMPTION DATA
Location ID Power Consumption (kWh)
1 250
2 180
3 200
4 300
350
300

250
200
150
100
50
0

1 2 3 4

Fig. 2. Analysis of Power Consumption Data

The analysis of power consumption data revealed diverse energy requirements across
various prospective charging station sites. The recorded results varied between 180 kWh and
300 kWh, indicating variations in energy needs due to location-specific variables. The
existence of such differences emphasizes the need of taking into account fluctuations in energy
demand while optimizing the location of charging infrastructure to ensure effective energy

provisioning.
Table 3. ANALYSIS OF POPULATION DATA
Population ID Population Density (people/sq. km)
1 1000
2 800
3 1200
4 600
1400
1200
1000
800
600
400
200
0
0 1 2 3 4 5

Fig. 3. Analysis of Population Data



MATEC Web of Conferences 392, 01170 (2024) https://doi.org/10.1051/matecconf/202439201170
ICMED 2024

Analysis of population density data revealed a spectrum of values ranging from 600
individuals per square unit. The population density is 1200 persons per square kilometer.
Several prospective charging station locations span kilometers in distance. Higher population
densities indicate a greater amount of human movement and a possible concentration of
electric vehicle users in certain regions. Comprehending the distribution of the population was
vital in strategically locating charging stations to accommodate locations with more demand
and improve accessibility.

Table 4. ANALYSIS OF DISTANCE DATA
Source ID Destination ID Distance (km)
1 2 400
1 3 800
1 4 1200
2 3 700
2 4 1100
3 4 900
1500

1000
b I I I
., B
1 1 1 2 2 3

M Destination ID W Distance (km)

Fig. 4. Analysis of Distance Data

The examination of distance data across many prospective charging station sites revealed
a range of lengths spanning from 400 km to 1200 km. The connectedness of the infrastructure
network and the efficiency of energy transmission were impacted by the distances between
locations. Proximity between sites demonstrated the possibility of being linked, facilitating the
efficient distribution of energy and minimizing transmission losses.

4.1 Analysis of Percentage Change:

After reviewing the data, it was seen that some areas had substantial percentage
fluctuations in values across many metrics. For example, some areas had greater power
consumption requirements, which were associated with higher population densities. These
locations highlighted the need for an enhanced charging infrastructure to effectively fulfill the
growing energy requirements. In addition, the differences in distances between places led to
the need for careful placement of charging stations in order to minimize transmission losses.
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4.2 Data integration for optimization:

The optimization procedure was based on the comprehensive examination of location,
power usage, population density, and distance data. The integration of these statistics enabled
the creation of an objective function that takes into account several parameters to determine
the most optimum site for charging infrastructure. The integration sought to achieve
equilibrium between coverage, energy efficiency, and user accessibility, hence promoting an
optimal network that facilitates ubiquitous EV charging in urban environments.

The examination of several datasets emphasized the intricate and interrelated nature of the
parameters that affect the positioning of wireless charging infrastructure for electric vehicles.
An efficient optimization technique required a thorough understanding of location-specific
features, energy consumption, population density, and distances between locations. The
observed fluctuations highlighted the need for a flexible and all-encompassing strategy to
optimize the location of charging infrastructure for efficient energy supply and extensive
coverage.

To summarize, the investigation yielded significant insights into the many factors that
affect the location of charging infrastructure. These findings are crucial for adopting a genetic
algorithm-based optimization technique that takes into account geographical, energy, and
population dynamics to strategically position wireless charging stations. This will help create
efficient and accessible electric vehicle charging networks in metropolitan areas.

5 Conclusion

The objective of the study was to tackle the significant issue of strategically locating
wireless charging infrastructure for electric cars (EVs) in metropolitan areas using genetic
algorithms (GAs) as an optimization method. The analysis explored many datasets that
included geographical coordinates, power consumption requirements, population densities,
and distances between prospective locations for charging stations. The ensuing study yielded
vital insights into the intricate interaction of elements that influence the ideal location of
charging infrastructure.

Summary of Important Discoveries and Contributions: The examination of location data
revealed a wide range of geographical patterns that are appropriate for the installation of
charging stations, but the power consumption data showed discrepancies in energy
requirements across different places. The population density data revealed differing
concentrations of prospective electric vehicle (EV) users in various places, which in turn
affected the demand for charging services. In addition, the distance statistics emphasized the
need of considering connection and the possibility of transmission losses between locations.

The examination of % change highlights the need of comprehending fluctuations in
characteristics. This helps in identifying locations that need improved charging infrastructure
owing to higher energy consumption or possible benefits in connection.

Insights on Integration and Optimization: The amalgamation of these datasets served as
the basis for an optimization framework using genetic algorithms. The combination of
location-specific features, energy requirements, population densities, and connectivity
considerations allowed for the development of a comprehensive strategy in creating an
objective function for the best placement of charging infrastructure.

The study resulted in offering a complete technique that aims to achieve a balance between
coverage, energy efficiency, and user accessibility in urban environments. The research used
genetic algorithms to effectively address the intricate issues that impact the location of
charging infrastructure. This approach facilitated the development of strategic and efficient
network topologies.
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Significance and Prospects for the Future: The findings of this research are important for
the progress of sustainable transportation solutions, specifically in encouraging the acceptance
of electric vehicles (EVs). The acquired insights emphasize the need of flexible and all-
encompassing optimization strategies to suit various urban dynamics in the development of
charging infrastructure.

Future research should prioritize the actual implementation and validation of the suggested
optimization methodology in real-world urban areas. Additional research on dynamic
optimization, taking into account changing user habits and technical improvements, has the
potential to improve the flexibility and scalability of the suggested technique.

Ultimately, the research offers significant contributions by providing vital insights into the
complex issues of strategically locating wireless charging infrastructure for electric vehicles
inside metropolitan environments. The suggested technique, guided by genetic algorithms and
informed by various datasets, provides a systematic way to optimize the location of charging
infrastructure. These results provide the foundation for promoting efficient and easily
accessible electric vehicle (EV) charging networks, eventually aiding the development of
sustainable and user-focused transportation solutions.
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