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ABSTRACT

LOCATING CHARGING STATIONS FOR ELECTRIC BUSES

Celal CAN

Ph.D., Department of Electrical and Electronic Engineering

Supervisor: Assoc. Prof. Dr. Fatih KILIC
Co-Supervisor: Assoc. Prof. Dr. Yasin KAYA
June 2025, 66 pages

Electric buses are a crucial component of public transportation systems, as they have the
potential to reduce greenhouse gas emissions, as well as air and noise pollution. This thesis
presents a novel optimization-based spatial planning framework for the deployment of fast-
charging stations, designed explicitly for e-bus networks. The primary objective of the proposed
model is to determine the most suitable location for charging stations by minimizing the total
system cost, which encompasses installation costs, operation and maintenance Ccosts,
transportation costs between e-bus routes and charging stations, and infrastructure costs
associated with energy distribution lines. To solve the complex optimization problem, this study
proposes a binary version of the Walrus Optimization Algorithm (BWAOA), a recently
developed nature-inspired metaheuristic technique. The performance of BWAOA is
benchmarked against three metaheuristic algorithms, the Arithmetic Optimization Algorithm,
the Grey Wolf Optimization, and the Whale Optimization Algorithm, to verify its efficiency
and robustness. The proposed model is applied to two real-world case studies based on datasets
from Adana, Turkey, which include both public transportation network data and electric power
infrastructure data. Experimental results reveal that the BWAOA-based model achieves
superior performance in terms of cost minimization, solution stability, and convergence
behavior. Additionally, the spatial distribution of selected charging station locations

demonstrates improved accessibility for the e-bus network.

Keywords: charging station, e-bus, facility location, metaheuristic algorithms



OZET

ELEKTRIKLI OTOBUSLER ICIN SARJ iSTASYONLARI KONUMU
BELIiRLENMESI

Celal CAN
Doktora, Elektrik-Elektronik Miihendisligi Anabilim Dali
Danisman: Dog. Dr. Fatih KILIC
II. Danisman: Dog. Dr. Yasin KAYA
Temmuz 2025, 66 sayfa

Elektrikli otobiisler, sera gazi emisyonlarinin yani sira hava ve giiriiltii kirliligini azaltma
potansiyeline sahip olduklari i¢in toplu tasima sistemlerinin dnemli bir bilesenidir. Bu tez,
ozellikle elektrikli otobiis aglar i¢in tasarlanmis hizli sarj istasyonlarinin dagitimi igin yeni bir
optimizasyon tabanli mekansal planlama cercevesi sunmaktadir. Onerilen modelin temel amaci,
kurulum maliyetleri, isletme ve bakim maliyetleri, e-otobiis giizergahlar1 ile sarj istasyonlari
arasindaki ulagim maliyetleri ve enerji dagitim hatlariyla iliskili altyapt maliyetlerini kapsayan
toplam sistem maliyetini en aza indirerek sarj istasyonlar1 i¢in en uygun yeri belirlemektir.
Karmasik optimizasyon problemini ¢ézmek i¢cin bu ¢alisma, yakin zamanda gelistirilen
dogadan ilham alan bir metasezgisel teknik olan Walrus Optimizasyon Algoritmasi'nin
(BWAOA) ikili bir versiyonunu 6nermektedir. BWAOA'min performansi, verimliligini ve
saglamligini dogrulamak i¢in Aritmetik Optimizasyon Algoritmasi, Gri Kurt Optimizasyonu ve
Balina Optimizasyon Algoritmas1t olmak {izere {ic metasezgisel algoritmaya gore
kiyaslanmaktadir. Onerilen model, hem toplu tasima ag1 verilerini hem de elektrik enerjisi
altyapis1 verilerini iceren Adana, Tiirkiye'den veri kiimelerine dayali iki ger¢ek diinya vaka
caligmasina uygulanir. Deneysel sonuglar, BWAOA tabanli modelin maliyet minimizasyonu,
¢Oziim kararliligr ve yakinsama davranisi agisindan iistiin performans elde ettigini ortaya
koymaktadir. Ek olarak, se¢ilen sarj istasyonu konumlarinin mekansal dagilimi, e-otobiis ag1

icin iyilestirilmis erisilebilirligi gostermektedir.

Anahtar Kelimeler: sarj istasyonu, e-otobiis, tesis lokasyonu, metasezgisel algoritmalar
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1. INTRODUCTION

Rapid urbanization, the growing urgency to combat climate change, the need to reduce
greenhouse gas emissions, and increasingly alarming environmental issues have encouraged
governments and local municipalities worldwide to pursue cleaner, greener, and more
sustainable transportation systems. Among the many sustainable mobility solutions, public
transportation, which significantly contributes to reducing global gas emissions and energy
consumption, has become a primary focus of decarbonization efforts (Wang et al., 2024). The
adoption of electric buses (EBs), particularly in bus fleets, presents promising solutions for
various improvements, including reducing dependence on fossil fuels, lowering greenhouse gas
emissions, and enhancing energy efficiency in densely populated cities (Orji, 2024). However,
the transition from traditional diesel-powered buses to EBs poses several challenges that require
careful planning, strategic investment, and infrastructure redesign (Y. Zhou et al., 2023).

One of the most significant obstacles to the widespread adoption of EBs is the development of
a practical and durable charging infrastructure, as well as the associated high costs. Unlike the
fueling processes of conventional vehicles, the longer charging times of electric cars require
processes such as careful energy load balancing and intelligent integration with existing power
distribution systems (Sarda et al., 2024). A poorly designed charging station network can lead
to route inefficiencies, range anxiety, energy losses, grid instability, and, consequently, service
interruptions. Therefore, determining the most suitable locations for electrical bus (EB)
charging stations (CSs) has become a significant research problem in the field of smart urban

mobility and sustainable energy systems (Deniz & Aydin, 2024).

In traditional transportation planning, the facility location problem (FLP) has been widely used
to optimize the placement of key infrastructure elements, such as depots, service stations, and
terminals (Saldanha-da-Gama, 2022). However, traditional models often simplify the problem
by focusing solely on travel distance, neglecting critical factors such as energy demand and grid
accessibility. In the case of EBs, these simplifications are inadequate because each charging



point must be supported by a reliable and sufficiently powerful electricity network. Otherwise,
significant technical and economic inefficiencies may arise (Shariatzadeh et al., 2025).

Integrating the electrical distribution system into the planning of CSs adds extra costs and
complexity to the issue (Unterluggauer et al., 2022). Electrical grids in urban areas are typically
designed and calculated based on static demand models for cities. Therefore, the grids must be
structured to accommaodate the instantaneous high power needs of fast charging stations (FCSs)
(Acharige et al., 2025). For a single bus, each charge requires power levels exceeding several
hundred kilowatts, particularly in depot charging or opportunity charging configurations.
Hence, it is crucial to assess the feasibility of each potential charging station in terms of its
connection to a nearby substation, the available spare capacity at that substation, and the
possible impacts on grid stability and load balancing (Rogge et al., 2015). Given the complexity
of electricity grid constraints and the large-scale scope of the planning problem, the use of
advanced meta-heuristic methods becomes essential for designing a feasible and effective

charging infrastructure.

Metaheuristic algorithms offer a powerful alternative to exact methods, particularly for
addressing large-scale, nonlinear, and combinatorial optimization problems, as discussed in this
study. Unlike classical linear programming techniques, metaheuristic algorithms can navigate
highly complex solution spaces and often produce near-optimal solutions in a reasonable
computational time (Baghel et al., 2012; Yang, 2013). In this thesis, the Binary version of the
Walrus Optimization Algorithm (BWaOA), the Arithmetic Optimization Algorithm (BAOA),
Grey Wolf Optimizer (BGWO), and Whale Optimization Algorithm (BWOA) have been

adapted and employed to solve the proposed location model.

Each algorithm has distinct characteristics related to exploration and exploitation phases,
convergence behavior, and sensitivity to parameters. Adapting these algorithms to a constrained
binary search space required the development of specialized coding strategies and constraint-
handling mechanisms. To achieve this, a repair algorithm was developed and customized for
each algorithm. Additionally, a detailed comparative analysis was performed between two
datasets, DS1 and DS2, which represent different urban configurations and demand scenarios.
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The datasets include substation locations, route information, bus details, and terminal locations,

providing a robust testbed for evaluating algorithm performance.

1.1. Motivation

Today, with increasing environmental concerns and the need for energy efficiency, ensuring
sustainability in urban transportation makes the role of electric buses in public transit
increasingly crucial. However, the success of the sustainability depends not only on vehicle
technologies but also on the proper and efficient planning of the infrastructure. The suitable
location of fast charging stations is crucial for both transportation continuity and the stability
of the electricity grid. In this context, this dissertation has been motivated by the motivation to
investigate how a cost-effective, environmentally friendly, and grid-compatible charging
infrastructure can be planned for electric buses. This optimization-focused approach, supported
by real datasets, aims to contribute to the academic literature and serve as a guide for local

governments and urban planners.

1.2. Purpose and scope of the dissertation

This dissertation aims to address the issue by proposing a comprehensive methodology to
identify the most suitable locations for EB charging stations while considering both
transportation network characteristics and the power distribution system. The proposed method
features a specially designed fitness function that evaluates the suitability of potential charging
station locations based on multiple criteria. The fitness function is formulated as a multi-
objective expression and is optimized using advanced metaheuristic algorithms tailored to the
binary and constrained aspects of the problem. It aims to minimize total operational costs,
maintenance costs, installation costs, transportation costs to the charging station, and energy
distribution line costs. Furthermore, the methodology allows urban planners to simulate various
future scenarios and make data-driven investment decisions regarding the quantity, location,

and prioritization of stations.

Several key assumptions and constraints define the scope of the study. It assumes fixed bus
routes, route lengths, the number of buses, predefined potential charging stations (typically
located at the start and end terminal of routes), and specific energy demand profiles for each

3



bus. It also presumes that the grid topology is included in the planning model and remains static.
Although the model does not directly consider real-time charging dynamics or renewable
energy integration, it offers a foundational framework that can be expanded to incorporate such
complexities in future studies. The datasets developed for the thesis were utilized to benchmark

alternative methods or test hybrid optimization approaches.

1.3. Contribution

Innovations of this work include developing a new fitness function that unifies transportation
network and energy distribution system parameters within an optimization framework. Unlike
previous studies that focus on passenger demand or grid load separately, this research proposes
a comprehensive evaluation metric that considers multiple dimensions simultaneously. The
fitness function is designed to be modular, allowing for the inclusion of additional criteria such

as land availability, charging rate, and environmental impact in future studies.

Another significant contribution is the systematic benchmarking of different metaheuristic
algorithms under controlled experimental conditions. The performance of each algorithm is
evaluated based on standard metrics, including the best fitness value, average solution, standard
deviation, convergence speed, and execution time. The results from the experiments are
valuable not only for infrastructure planners but also for advancing the broader field of
computational intelligence and optimization. The results provide evidence of the suitability of
different nature-inspired algorithms for addressing high-dimensional, real-world location
problems with complex constraints. Thus, the model can be applied in other areas, such as
logistics, telecommunications, and energy system planning, where similar optimization issues

are also present.

Additionally, the study guides the design of infrastructure investment strategies that align with
both transportation needs and energy system constraints. Municipalities can improve the return
on public spending by identifying optimal locations that minimize investment costs while
maximizing coverage and reliability. The model also supports long-term strategic planning by

allowing for scenario-based simulations and sensitivity analysis.



1.4. Dissertation Outlines

The dissertation is organized as follows. Chapter 2 presents a comprehensive review of the
relevant literature on electric bus infrastructure, grid-aware planning, and metaheuristic
optimization techniques. Chapter 3 defines the problem in detail, introduces the assumptions,
and formulates the mathematical model, including the proposed fitness function, repair
function, and associated constraints. The chapter also describes the metaheuristic algorithms
used in this study and explains how they were adapted for binary and constrained optimization.
At the end of the chapter, it outlines the structure and characteristics of the datasets developed
for experimental analysis. Chapter 4 presents the experimental results, including algorithm
performance comparisons, convergence analyses, and fitness evaluations. The findings from
each dataset are analyzed to identify strengths among the algorithms. The chapter also discusses
the scientific contributions and practical implications of the study, especially in the context of
smart city planning and sustainable energy systems. Finally, Chapter 5 concludes the
dissertation with a summary of key findings, limitations, and recommendations for future

research.



2. LITERATURE REVIEW

The global transition to electric vehicles has led to an increasing interest in research on
infrastructure planning of charging systems. Among all types of EVs, e-buses have been
receiving increasing attention due to their positive impact on reducing carbon emissions in
public transportation. This literature review presents studies on charging technology, the use of
metaheuristic algorithms in sustainable transportation systems, charging infrastructure
planning, electric power system integration, and facility layout problems related to the
dissertation.

Electric buses are increasingly recognized for their environmental, economic, and operational
advantages in urban transportation systems. From an ecological perspective, electric buses
produce zero gas emissions, which contributes significantly to improving air quality in densely
populated cities. Economically, although the initial investment is higher compared to diesel
buses, lower energy and maintenance costs make electric buses more cost-effective in the long
term (Ramingwong et al., 2025). Additionally, electric buses offer smoother acceleration,
quieter operation, and improved energy efficiency, thereby enhancing passenger comfort and

reducing urban noise pollution.

The global shift from fossil-fueled vehicles to electric alternatives has gained remarkable
momentum over the last decade. In 2023, approximately 50,000 electric buses were sold
worldwide, bringing the total number of electric buses in stock to 635,000. While electric bus
sales are ahead of other heavy vehicle segments, this increase is particularly concentrated in
urban buses. In some countries, such as Belgium, Norway, Switzerland, and China, the share
of electric bus sales exceeds 50%. In contrast, in the European Union, the share of battery
electric vehicle (BEV) sales in urban buses has reached 43% (Global EV Outlook, 2024). This

widespread shift reflects the need for sustainable and low-emission transportation options.

One of the most critical obstacles to the widespread adoption of electric buses is the lack of

adequately planned charging infrastructure. Improperly located charging stations cause service

6



interruptions, extended vehicle downtime, and inefficient fleet utilization (Liang et al., 2022).
The absence of a well-structured charging infrastructure leads to operational inefficiencies that
increase costs and complicate fleet management. Additionally, charging delays can reduce
vehicle availability and disrupt service reliability, leading to increased fleet size requirements

and higher operating expenses.

Charging technologies and strategies are critical components of electric vehicle systems.
Charging technologies are broadly categorized into slow, fast, and ultra-fast charging.
Alternating current charging is commonly used for slow or overnight charging, typically
offering power levels of 7-22 kW, making it suitable for depot-based, low-demand
environments. In contrast, direct current fast charging technologies deliver higher power levels,
ranging from 50 kW to 350 kW or more, and are better suited for rapid recharging during
operational hours. Ultra-fast charging systems, which can exceed 500 kW, are emerging but
often require substantial electrical infrastructure and specialized thermal management systems.
Wireless inductive charging and battery swapping technologies present alternative paradigms,
offering minimal driver involvement or near-zero downtime, though they involve high capital
costs and complex standardization challenges (Khaligh & Dusmez, 2012; Lim et al., 2022; Xue
et al., 2025).

In a study that emphasizes the importance of developing charging infrastructure to support the
transition from conventional vehicles to EVs, traditional and advanced battery charging
methods, power topologies, and EV charging stations are comparatively examined in terms of
location, duration, connection types, and performance. Furthermore, advanced charging
technologies, including fast, intelligent, and wireless charging, as well as battery swapping, are
discussed in detail, along with the role of renewable energy integration and energy management
algorithms (Hemavathi & Shinisha, 2022).

Charging strategies, such as opportunity charging, depot charging, and end-of-line charging,
play a critical role in determining how and where charging infrastructure should be deployed.
Opportunity charging enables electric buses to recharge during brief layovers at terminals or
key stops, thereby reducing battery size requirements but necessitating high-power charging

7



stations along the route (Hu et al., 2022). Depot charging, typically performed overnight, is
easier to manage logistically but requires longer idle times and larger battery capacities to meet
daily operational needs (Hendriks & Sturmberg, 2024). End-of-line charging is a hybrid
charging strategy that involves charging buses both before they depart from the depot at the
beginning of their journey and the terminal or end-of-line stops when they reach the end of their
route (Can et al., 2025). The approach offers the flexibility to optimize battery sizes and use
charging infrastructure efficiently, while meeting the operational range requirements of buses
throughout the day. The mentioned strategies directly impact scheduling flexibility, grid load
distribution, and overall system cost efficiency.

A study on opportunity charging proposes a solution to the operational efficiency issue of
battery electric buses resulting from fast opportunity charging. A variable trip scheduling
strategy is developed for EB networks with multiple garages, and shifting the trip start times is
proposed as a solution. A case study in Dalian, China, demonstrates that this strategy can
mitigate the efficiency loss caused by charging and reduce operating costs by optimizing fleet
size with minimal time delays (Tang et al., 2024). In a study on depot charging, a simultaneous
optimization model is introduced that aims to balance the charging infrastructure of electric
buses and the garages that serve them with the load on the electricity grid. The model combines
energy consumption prediction based on route data with garage charging optimization, reducing
the load on the grid (Hendriks & Sturmberg, 2024). Lin et al. focus on citywide planning for
large-scale electric bus charging stations and introduce a model that considers the operation and
charging behaviors of electric buses. The model identifies depots, first stops, and last stops as
potential charging locations. It integrates the transportation network and power grid, accounting
for the interactive constraints of both systems. An application study using a real transportation
network in Shenzhen demonstrates the model's effectiveness and practical advantages (Lin et
al., 2019).

Charging station location problems have been extensively studied in the literature through
various mathematical formulations, many of which originate from classical facility location
theory (Celik & Ok, 2024). Models such as the set covering problem (de Vos et al., 2024;
Kunith et al., 2014), p-median problem (Serra & Marianov, 1998), and capacitated facility

8



location problem (Ala et al., 2024) have been adapted to reflect the unique operational
characteristics of EV infrastructure. In the context of electric bus networks, these models are
modified to consider dynamic route structures, fleet-level constraints, and spatial-temporal
demand distributions. For instance, Vansola et al. addressed CS layout, which is one of the most
critical factors affecting the adoption rate of EVs. The optimal design of fast charging stations
for mixed traffic flow (two, three, four-wheelers, and commercial vehicles) in Delhi, India, is
planned using a cluster coverage problem-based method that maximizes the coverage area
(Vansola et al., 2022).

In the models, objective functions and constraints are formulated to strike a balance between
cost efficiency and service performance. Standard objective functions include minimizing total
investment and operational costs, maximizing route coverage or accessibility, and improving
overall system reliability. Constraints are typically based on real-world physical and operational
limitations such as battery capacity, maximum allowable charging time, transformer load
capacity, and land availability (McCabe & Ban, 2023).

To validate and benchmark such models, many studies have used real-world datasets from cities
such as Beijing (Liu et al., 2023), Shenzhen (Jiang et al., 2021), London (Y. Zhang et al., 2024),
New York(Tessler & Traut, 2022), Helsinki (Deb & Gao, 2022) and Adana (Can et al., 2025).
These datasets typically include geospatial bus route data, terminal locations, depot capacity,
and electricity network layouts. The increasing availability of open datasets on transportation
and energy has significantly expanded the practical applications of these methods in urban
planning.

Metaheuristic algorithms constitute a critical component of the methodology presented in this
dissertation, particularly due to the complexity and combinatorial nature of the charging station
location problem. Classical optimization methods, such as linear programming, often become
computationally intractable when applied to large-scale, non-linear, and multi-constrained
formulations involving numerous candidate locations, demand nodes, and electrical limits.
Metaheuristics offer a practical alternative, providing near-optimal solutions within a

reasonable timeframe without requiring convexity or gradient information. Their ability to
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escape local minima and explore complex solution landscapes makes them particularly suitable
for real-world infrastructure planning problems where exact solutions are not feasible (Yang,
2010).

While some studies have addressed the problem of electric vehicle charging station location
detection using metaheuristic methods (Antarasee et al., 2022; Madhavan et al., 2025), others
have sought a solution through a linear programming model (Dimitriadou et al., 2025; Veisi et
al., 2025). Since FLP is an NP-hard problem (Kung & Liao, 2018), metaheuristic methods were
employed in this dissertation, and a comparative study of recently used methods was conducted.
In the context of the literature, where various techniques are discussed, the solutions developed
in terms of both location optimization and energy efficiency demonstrate the flexibility and

problem-solving capabilities of metaheuristic approaches.

Olsen & Kliewer present a new solution technique based on Variable Neighborhood Search that
enables simultaneous optimization of charging station site selection and vehicle scheduling
Olsen & Kliewer (2022). In another study, the authors introduced a hybrid metaheuristic
algorithm created by combining Harris Hawk Optimization and Grey Wolf Optimization
algorithms to reduce power losses by determining the optimal locations for EV and photovoltaic
systems on the grid (Madhavan et al., 2025). Alhussan et al. conducted a study aimed at
increasing the use of electric vehicles to mitigate environmental impacts. They emphasized that
fast and ultra-fast charging station infrastructure should be established in urban areas to
overcome obstacles such as limited range and long charging times of electric vehicles. In order
to prevent the high energy demand of these stations from affecting service quality, they modeled
the maximum hourly capacity of each station according to its location using the binary Graylag

Goose Optimization algorithm (Alhussan et al., 2024).

These studies reveal that various meta-heuristic approaches have been developed to solve
multidimensional problems, such as selecting charging station locations and managing energy
for the effective planning of electric vehicle infrastructure. Comparative analyses often reveal
that algorithmic performance varies with problem scale and constraint density, underlining the

importance of algorithm selection and parameter tuning for reliable infrastructure planning.
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One of the novel contributions of this dissertation is the integration of the electrical distribution
network into the planning of electric bus charging stations. This topic has garnered increasing
attention in recent literature. The deployment of high-power charging infrastructure can impose
substantial stress on local distribution grids, particularly in terms of load balancing, voltage
drop, power quality, and system stability. Rapid charging events can create sharp demand peaks
that exceed local transformer capacities or lead to voltage fluctuations across the network.
These impacts are especially critical in urban areas where grid flexibility is limited, making it
imperative to co-optimize charging infrastructure with power system parameters (Acharige et
al., 2025).

Substations are essential for placing EV charging infrastructure because they serve as key
distribution points in the power grid. The proximity of potential charging sites to existing
substations directly affects installation costs, voltage stability, and technical feasibility. Some
research has analyzed how the placement of charging stations affects the electricity grid (Deb
etal., 2017). Zeb et al. investigated the impact of electrification of the transportation sector on
smart cities by examining the optimal placement of different types of electric vehicle charging
stations. Since the random placement of chargers with high power demands is not suitable for
system security, they developed an optimization model using particle swarm optimization to
efficiently manage the load, reduce installation costs, energy losses, and transformer loading.
According to the results, significant reductions in costs, losses, and transformer loading were

achieved through the appropriate combination and placement of chargers (Zeb et al., 2020).

Recent research has increasingly focused on incorporating grid upgrade costs and transformer
capacity constraints into optimization models for charging station planning. These models often
use penalty terms or constraint sets to represent power flow limits, transformer loadability, and
substation expansion thresholds (Chandra et al., 2025; Yin et al., 2024). Some approaches apply
bi-level optimization, where the upper-level problem determines station locations while the
lower-level power flow model ensures network feasibility (Ghanaei et al., 2025; Y. Xu et al.,
2021; G. Zhou et al., 2023). Others employ robust or stochastic programming to address
uncertainty in future demand and load profiles (Alabi et al., 2022; Nazari-Heris et al., 2021).
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The literature on planning electric bus charging infrastructure focuses on developing integrated,
technologically and operationally comprehensive solutions that are compatible with
environmental sustainability goals. Existing studies analyze the effects of these systems on
energy consumption, network load, and fleet management by examining basic components,
including charging technologies, charging strategies (such as depot, opportunity, and end-of-
line charging), and the placement of charging stations. At the same time, with the widespread
adoption of electric buses in urban public transportation, the importance of models that optimize
the interaction between these systems and the electricity transmission and distribution grid has
increased. In this context, models that go beyond classical deterministic methods and provide
solutions to multi-criteria, large-scale, and uncertain problems using meta-heuristic algorithms
are drawing attention. In addition to the physical design of the charging infrastructure, the
electrical safety, service quality, and cost-effectiveness of the system are also at the center of

multi-layer optimization efforts.

This dissertation addresses these critical gaps by explicitly integrating the electrical distribution
network, particularly transformer substations, into a novel optimization framework supported
by a custom-designed fitness function. By combining this fitness function with advanced
metaheuristic algorithms, including Arithmetic Optimization Algorithm, Grey Wolf Optimizer,
Whale Optimization Algorithm, and Walrus Optimization Algorithm, the proposed approach
enhances solution realism and scalability compared to traditional methods. Furthermore, the
developed methodology enables the simultaneous evaluation of operational, economic, and
electrical parameters, providing a multidimensional and practically implementable planning
tool.

12



3. MATERIAL AND METHOD

This chapter presents the methodological framework developed to identify the optimal locations
for electric bus charging stations in an urban transportation network. The study integrates
transportation infrastructure and electrical grid constraints into a unified optimization model.
The optimization process is formulated as a constrained binary decision problem. To solve this
complex and multi-criteria problem, several metaheuristic algorithms have been employed and
adapted. The proposed framework was tested on two datasets, DS1 and DS2, representing
various urban scenarios. The datasets vary in terms of bus route density, transformer
distribution, and candidate charging station locations. The chapter also outlines the
mathematical structure of the fitness function and constraints. This framework provides a
flexible and scalable approach suitable for real-world smart mobility planning. The following
sections provide a detailed description of problem modeling, algorithm design, and dataset

characteristics.

3.1. Problem definition

Mathematical notations and explanations of the problem are provided in this section. In the
presented mathematical method, the mathematical models of the charging station location
problem (CSLP) from (Can et al., 2025; Wu et al., 2021) are adopted and adjusted to minimize
total cost and enhance the execution of other meta-heuristic algorithms. Table 3.1 presents the
mathematical notation of variables and parameters utilized in this dissertation.

Table 3.1. Nomenclature

Description
Abbreviation
CSLP Charging station location problem
e-bus Electric Bus
SOC State of Charge
WaOA Walrus optimization algorithm
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AOA
WOA
GWO

Parameters

SO0Cnax
SO0Chin

P2

Variables

Arithmetic optimization algorithm
Whale optimization algorithm

Grey wolf optimizer

The damping factor

Charging power of the charging facilities, kWh

Battery capacity of electric bus, kwWh

Energy consumption of electric bus per kilometer,kWh/km
Fluctuation coefficient of charging demand

Operation of simultaneous charging facility rate
Charging efficiency of the charging station, %

the operation time for route j, minute

the spacing interval for route j, minute

Maximum SOC value of the e-bus battery

Minimum SOC value of the e-bus battery

Length of route j operated by the i terminus, km
Assumed scaling factor, %

Electricity price for charging, $/kWh

Number of distribution grid nodes

Redundancy in charging capacity of the charging station
Discount rate, %

Operating lifespan of the charging station, years

Unit price of the charging station, $

Construction expense of charging station c, $

Equipment and installation expense of power grid line per
kilometer, $/km
Unit price of the transformer, $

Obijective function
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varl;jpe
var;jpe
SOC1;jp¢
SO0C2;jpt

TDjjpe
TCijpe

€i,jb,t

The operating state of e-buses
The charging state of e-buses
SOC value of e-buses at departure
SOC value of e-bus on arrival

Energy consumption of route j used by the i terminus,
kWh

Energy consumption from bus terminus i to charging station
¢, kWh

Dwelling time of e-buses at terminus, minute

Charging time of e-buses at charging station, minute

Driving time from bus terminus i to charging station c,
minutes
Electric energy obtained of e-bus during charging, kwh

Number of charging spots to be built for the fast-charging
station ¢

Number of transformers in the charging station ¢

Number of charging times of terminus i of charging station
C

State variable representing the connection between charging
station ¢ and node n in the distribution grid

Length of the power ling, km

Number of e-buses on route j

Number of charging demand points

Number of bus routes used by charging demand point I

Number of arrivals of e-bus b
Number of charging stations
Equipment and installation expense for charging station, $

Construction expense of power distribution line, $.
Operation and maintenance expense for charging station, $.
Travel expense for e-bus to charging station, $.

Coefficient of equipment and installation expense
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wy Coefficient of building expense of power distribution line

W3 Coefficient of operation and maintenance expense of
charging station

A Coefficient of travel expense of e-bus to charging station

Sets and Indices

[ Terminus node, i €{1..1}

J Route number, j € {1..J}

b E-bus index, whereb =1, 2, ..., NB;

t Tour number on the route for an e-bus, t € {1..T}

c The index of charging station, wherec =1, 2, ..., NC
X; The set of e-bus terminus

This study aims to determine the optimal location of e-bus charging stations using metaheuristic
methods, considering both transportation and power networks. The connections of the selected

charging stations to the assigned power points are shown in Fig. 3.1.

3.2. Public bus transportation system

The public transportation system refers to the transportation system used for urban or intercity
journeys, consisting of vehicles such as buses, minibuses, trains, trams, and metros, which
enable the simultaneous transportation of large numbers of people. Using public transportation
systems helps reduce factors such as traffic congestion, environmental pollution, and noise
pollution caused by individual vehicles, while also lowering transportation costs. Buses are a
vital part of public transportation, widely used in many cities. Therefore, this study discusses

the public bus transportation system.
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Figure 3.1. The coupled network scheme for CSLP

A Public Bus Transportation System (PBTS) can be visualized as a complex network
comprising several routes, a transportation network, numerous bus terminals, common bus
stops, and a bus scheduling system. Fig. 3.2 illustrates a sample transportation model that
includes charging stations. The colored dashed-dotted lines represent the roads used by all types
of vehicles within the city. Routes are a series of routes and are shown with colored dashed
lines. E-buses use their route to serve their passengers based on a scheduled timetable. Also, e-
buses can use the same route according to the timetable. E-buses, for example, using the blue-
colored line serve from x, to x, or in the opposite direction. Colored dots show e-bus stops on
their route. Numbered and colored squares (x;,x,,x3, €tc.) present the initial or final terminus

for e-buses.

E-buses can be charged either at the terminal where they are located or at the nearest terminal
during the waiting period for the next departure after their previous tour on the route. It is very
costly to have a charging station at every bus terminal. Therefore, the most suitable location

should be selected when determining the placement of the charging station.

17



i N

| N J
— BN '

s 5 e 5 B v e

Figure 3.2. E-bus transportation system scheme with charging stations

Terminuses that show buses are selected to build charging stations that are candidate stations
(x4, x5, and xs). E-buses should select the nearest terminus with a charging station, if available.
Electric buses travel to charging stations along the black-lined road with arrows indicating the
route to the selected stations. For example, e-buses using the green-colored route on x, terminus
use x5 to charge their batteries when they are low. Similarly, the red and blue colored routes on

X and x,, respectively, use xs terminus for charging their battery groups.

3.3. Power network system

Electrical grid systems are complex systems that produce, transmit, and distribute electrical
energy. The system aims to transmit electrical energy to the consumer safely and efficiently. A
power grid system can be considered a graph composed of nodes and edges. It is an extensive
and complicated network containing substations and lines. The generators, bus bars, and loads
can be recognized as nodes, and the connected transmission lines can be depicted as edges
(Dwivedi et al., 2010; Lin et al., 2019). Graphs are divided into two main types: undirected
graphs and directed graphs. An undirected graph shows the relationship between nodes without
specifying direction. A directed graph expresses the direction of the relationship between nodes.

Each edge has a start node and an end node. The distribution network is typically represented
18



as a directed graph and illustrated as a tree. Nodes are points where the bus (the term "bus"
refers to a different expression than the one used in transportation) is represented. The root of
the tree, shown as node 1 in Fig. 3.3, is a substation bus that connects to the transmission
network. Edges, on the other hand, connect nodes to each other. Fig. 3.3 shows the basic

schemes for a power network.

node 6

node 8 node 5 line 12

. line 15

N line 13
node 10 _——

node 2
line 14

s g
node 9 node 7

node 15

node 1
line 6

node 3

line 8 node 16

node 12 node 11

node 13

Figure 3.3. A simple power network scheme

The figure shows the high voltage line used throughout the country, indicated by the thick
brown line. The red line represents the medium voltage level distribution network. Substations
are shown with blue boxes. The distribution network is usually radial and can be demonstrated

as a tree. node 1, the tree's root, is a substation bus that connects to the transmission network.

The network model used in this study is shown in Fig. 3.4, which applies to the Adana province
area. The Turkish transmission network provides 380 kV, 154 kV, and 66 kV for rated voltage
levels (Kocatepe et al., 2013). The line indicated by the thick brown line is the 380 kV level.
The "ADANA" substation, a high-voltage substation, is a typical 380/154 kV open-air power
station located in the rural area of Adana City, Tiirkiye. The red line shows the 154 kV level.

19



While the 154 kV lines partially pass through residential areas, all 66 kV lines, as indicated by
the blue line, are located entirely within residential areas.

* 380 kV Substation

Y 154KV Substation

Yo 66KV Substation
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Figure 3.4. Power network system scheme in Adana

3.4. The planning model

The scenario in which the Adana Metropolitan Municipality plans to replace all existing diesel
buses with electric buses is discussed. While adhering to the current bus operating plan, the
most suitable locations for charging stations and the substations to which these stations should
connect have been determined to minimize the total cost. The aim is to reduce the expenses of
all charging stations, including equipment and facility expenses, power line expenses,
operational and maintenance expenses, and the travel expenses of e-buses to charging stations
for charging, by utilizing meta-heuristic algorithms for this problem. The following decision

variables, parameters, and notations are used in this study.

o = {1 if the terminus is selected for charging station
=

3.1
0 otherwise (3.1)

where x; indicates whether terminus i is selected and x; are either 1 or 0.
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1 e — bus isready for departure (3.2)

varl;ipe = { )
b1:2, 0 otherwise

1 e — bus needs to be charged (3.3)

varl;ipe = { )
REs 0 otherwise

varl; . is the operating state variable in Eq. 3.2, and it controls whether the e-bus is at the

departure or the final stop. Similarly, var2,; ; ;. is the charging state variable in Eq. 3.3, and it

controls whether the e-bus needs to be charged. The basic process illustrating the daily

operation of e-buses is presented below, along with detailed explanations of the equations

involved.

1)

2)

3)

4)

Firstly, the first bus starts its journey according to the scheduled time. At this moment
SOCli,j,b,t =1and varli_j_b’t =1.
The e-bus arrives at the final terminus after the running time of route j, at this moment

varl; . = 0, the arrival time and SOC2; ; , , is recorded in Eq. 3.4.

Fijy (3.4)
Cbat

where E; ; is the energy consumption and can be calculated following the equation (Eq.

3.5).

SOCZi,j,b,t = SOCli,j,b,t — (

Ejj=u-Lij A4 (3.5)
where u means energy consumption per kilometer, kWh/km, and L; ; denotes length of
route j operated by the i* terminus, km. 1, indicates an affecting factor on the routes
such as rugged degree, slope, etc., which are called an extensive factor and generally
accepted between 1.1 and 1.3 (B. Zhou et al., 2016).

If the e-bus needs to be charged, set var2; ;, . = 1; otherwise, set it to 0 and wait for

the next departure time. Eq. 3.6 calculates whether buses need charging.

Ei,j + Ei,c
SOC2;jp: — (—C ) < SOChin (3.6)
bat

where E; . indicates energy consumption from terminus i to charging station ¢, kWh.

If the e-bus needs to be charged, the charging time can be calculated by Eq. 3.7. By the

way, to ensure that the SOC of the e-bus meets the next departure requirement and does

not exceed the waiting interval, the charging time must satisfy the constraint in Eq. 3.8.
21



60 - (SOCmax — SOC2;;pt) - Cpar + Eic |
TCijpe = 2 ifvar2;jp; =1 (3.7)

0 otherwise

60 - (SOCimax — SOC2;;pt) - Coar + Eij + Ei

TCi'j'b,t 2 P lf varzi’j’b‘t = 1 (3.8)
TCijpe =TDijpe— 2T
Eqg. 3.9 can calculate the energy obtained from charging.
TCL] bt P
BT Gy 60 39)

5) It is time for departure after a period of dwelling time of e-bus, at this moment

S0C1;, is calculated by Eg. 3.10 again.

2 ' EiC
SO0C2: : + e; - 1 g =1
SOC1 e = Jre o ey Ta: (3.10)
SO0C2;jp:

6) Steps 2-5 should be repeated till all e-buses, bus routes, and terminuses have been
traveled to determine each bus terminus's entire charging requirement and optimal

charging time while in operation.

The number of points of charge needed for charging in the day can be calculated using the
following Eqg. 3.11.

NIc vwWNJ; NBj ¢NT} .
Zi=1 j=12p=12t=1 €ijbt (1+w

TCCPkSkeff

NS, = ceil a (3.11)

where NS, is the number of charging spots needed for charging of a fast-charging station c. NI,
means the number of charging demand points of fast-charging station c. NJ; indicates the
number of bus routes used by charging demand point i. NT;, presents the number of arrivals of
e-bus b. u shows the charging capacity redundancy of the fast-charging station. TC,. introduces
the adequate charging time of fast-charging station c, in minutes. k, presents the operation’s
simultaneous rate of charging facilities. k. is the charging efficiency of the charging facility,

and a shows the fluctuation coefficient of charging demand.
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The objective function of charging station planning for e-buses presented by Eq. 3.12 is to
minimize the overall cost of the charging station. Since multiple costs are attempted to be
optimized in the objective function, each cost is weighted to determine which cost is more
significant. Because one or more of the sub-objective values may be dominant over the others.
In this study, to determine the optimal weights for each cost, a total of 200 random solutions
were generated. Subsequently, the associated costs are computed based on the average
expenses, utilizing the min-max normalization technique—a widely adopted method for data

normalization.
NC
MinF = Z(m  Cpe+ W2+ Cop + W3+ Cao + wh - Cyp) (3.12)
c=1

where

F - the objective function.

NC - charging station number.

C:. - equipment and installation expense of charging station c, $.

C,. - building expense of the power distribution line, $.

C5. - operation and maintenance expense of charging station c, $.

C.. - travel expense of e-bus to charging station c, $.

w1 - coefficient of equipment and installation expense

w2 - coefficient of building expense of power distribution line

w3 - coefficient of operation and maintenance expense of charging station ¢

w4 - coefficient of travel expense of e-bus to charging station ¢

subject to
dic <LV,V, (3.13)
N
Z Y, =1V, Vn (3.14)
n=1
where

d; . - distance between the demand point i and the charging station c, km.

L - the radius of action from one charging station to another one for datasets, km.
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Y. ,, - state variable defining the connection between the charging stations and nodes in the
power grid. If the charging station is connected to a power network node, then Y., = 1.

Otherwise, it is O.

Eqg. 3.13 shows that to satisfy the charging dependability, the e-bus energy consumption amount
from the current station (i) to the charging station.

3.4.1. Equipment and installation expense of charging station
The equipment and installation expense of the charging station can be calculated in Eq. 3.15.
10- (1 +19)Y

Cie = (NSe-py+ NTe-po + 0 (77—
0

(3.15)

where

1, - discount rate, %.

y - operating lifespan of the charging station, year.

NS, - number of charging facilities at charging station c.
p, - unit price of the charging facility, $.

NT, - number of transformers in the charging station c.
p, - unit price of the transformer, $.

w, - construction expense of charging station c, $.

3.4.2. Construction expense of power distribution line
Eq. 3.16 shows the construction expense of the power network line.
10- (L +1)Y

A+ —1 o1

Coc = acnYc,nLc,n
where
a., - equipment and installation expense for power distribution line per kilometer, $/km.

L.y - length of the power line connecting charging station ¢ to node n of the distribution grid,
km.

3.4.3. Charging station's annual operation and maintenance expenses

Eg. 3.17 shows the construction expense of the power network line.
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Csc = (Clc + CZc)rlb (3-17)

where

1p- assuming scaling factor, %.

3.4.4. Round-trip expenses to the charging station

Eqg. 3.18 calculates the travel expense to the charging station.

NC NJ¢
Che = 365 ZZ 29.E; cne; (3.18)
c=1i=1

where
g: - electricity price for charging, $/kWh.

n.,; - number of charging times.

3.5. Proposed metaheuristic methods

This section provides a comprehensive explanation of the binary implementation of the Walrus
Optimization Algorithm (BWaOA) for solving the CSLP. Additionally, brief information is
provided for other performance algorithms, including Binary Whale Optimization Algorithm
(BWOA), Binary Arithmetic Optimization Algorithm (BAOA), and Binary Grey Wolf
Optimizer (BGWO). Fig. 3.5 shows the scheme of the proposed model.

3.5.1. Binary solution representation for CSLP

Many real-world problems, such as feature selection (Wang et al., 2007), dimensionality
reduction (Wang et al., 2007), and data mining (Srinivasa et al., 2007), in engineering are
modeled using a discrete binary search space. The main metaheuristic techniques are first tested
using well-known problems such as CEC-Function (Garcia-Martinez et al., 2017), a set of
benchmark instances for the 0-1 multidimensional knapsack problem (Azad et al., 2014). These
methods and solution models must be implemented to find a good solution in different search
spaces and constraints. In this study, a problem-specific binary form is implemented for CSLP.
S-Shape transfer function is used for binary search space (Emary et al., 2016a).
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Figure 3.5. The proposed approach's scheme for CSLP

Table 3.2. A solution model for CSLP.

1 2 3 4 5 |
Solution 1 1 0 0 1 1 1
Solution 2 0 0 1 1 0 0
Solution 3 1 1 1 0 0 1
Solution N 1 1 0 0 1 0

Table 3.2 shows the solution model for the binary format. Each solution has | binary bits, and |

indicates the terminal number. Therefore, for D dimensional search space, D means I. Eq. 3.1

computes the position of the x;. Whether a terminus is chosen for the charging station, the

related position is 1 or 0.

A solution space is the set of all possible solutions that constitute the solution to a specific

problem or optimization. In the solution space, all solutions contain feasible and unfeasible

solutions. In this study, if one of the solutions is unfeasible, it is repaired by a repair algorithm.
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Namely, if the service diameter (L) exceeds 5 kilometers, the solution must be repaired. The
Algorithm 1 presents the repair algorithm (Can et al., 2025). The repair algorithm controls a

solution that provides Eq. 3.13, which is used in real-world datasets.

Algorithm 1. The repair algorithm

Input: solution Sol
Output: new solution nSol
TerminusList = NotCoveredTerminus(Sol)
while TerminusList = ® do
selTerminus «— RandomSelectTerminus(TerminusList)
nSol(selTerminus) « 1
TerminusList = NotCoveredTerminus(Sol)
end while

3.5.2. Walrus optimization algorithm

The Walrus is the ocean's largest mammal apart from whales. Walruses build their territory on
sandy areas when the mating season begins (Ray et al., 2016). The most vigorous males have
the highest positions in the walrus population. Walruses depend on sound localization, like
dolphins and bats, to forage and transmit food information by communicating with other
walruses. While creating the WaOA algorithm, Han et al. drew inspiration from the behaviors
of walruses, including migration, reproduction, roosting, and foraging. Fig. 3.6 shows the
positions of the walrus herd within the population, and Fig. 3.7 shows the roosting, breeding,

migration, and foraging behaviors of walruses (Han et al., 2024).
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Figure 3.6. Walrus population
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Figure 3.7. Walrus behaviors

3.5.2.1.  Mathematical model

In the mathematical model of the Walrus optimization algorithm, as in other optimization
algorithms, the search space is the area where the algorithm seeks the optimal solution.
Generally, a multidimensional space comprises the problem's decision variables, which in this
case are the candidate charging stations. The location of a walrus is a solution that describes a
potential solution that can be a vector in the search space. The algorithm attempts to find the

optimal solution within the search space.

Firstly, a population of walruses is randomly initialized. The population consists of N particles.

Every particle contains a solution that has a d-dimensional vector.

X; = {x},x? ...,xij,...,x{i} (3.19)

L’

where d is the decision variable number, i is the particle's index in the swarm, and j is the
decision variable's index. Each unit is either 1 or 0 in a solution. The positions of Walruses are
continuously updated with every iteration. The population of Walruses can be determined as a

matrix using Eq. 3.20.
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Xl,l lej Xl,d
Xi = Xi,l Xi,j Xi,d (320)
X1 Xnj o Xnal

where X is the population of the Walruses, X; ; is the value of the jt* decision variable presented

by the it"* Walrus, n is the Walrus numbers, and d is the decision variable numbers. The fitness

values of search agents are stored using Eq. 3.21.

|'F1'1 Fl,j Fl'd]
Fi = [Fi,l Fi,j Fi,d (321)
Fn,l Fn,j Fn,d

Walruses are separated into youths and adults, which make up 10% and 90% of the population,

respectively. The male-to-female proportion is 1:1 among adult walruses (Han et al., 2024).

3.5.2.2.  Danger and safety signals

The walruses are highly attentive during both feeding and resting. When walruses sense a
dangerous situation in their group, they keep 1 or 2 guard walruses who immediately send a
danger signal. The danger signal and safety signal used in the algorithm can be expressed as
Eg. 3.22 and Eq. 3.23.

signal; = A X R (3.22)
A=2x(1-iter/Max;ter) (3.23)
R=2xr-1 (3.24)
signal, = 1, (3.25)
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where A and R are risk parameters, r; and r, are random numbers in the interval (0,1), and

Max;., presents the maximum iteration.

3.5.2.3. Exploration Phase (Migration)
Walrus packs will relocate to safer locations for the population's survival when danger

parameters become too high. Eq. 3.28 can be used to update the Walrus position.

migrationsge, = (X — X5) "B rs (3.26)
p=1 :
- iter — Max;or/2 (3.27)
1+ iter/ 2 10
&P ( Maxiter )
Xt = X{; + migrationg,, (3.28)

where X1 and X{; are the new position and the existing position of the i*" walrus on the ;"
dimension, respectively. migrationg,,, is the step size of walrus action, two guard walruses
are randomly selected from the inhabitants, and the positions of the two guard walruses equal
to Xt, and X, B is the migration step control parameter which ranges with iteration, and r5 is

a random number (0, 1).

3.5.2.4.  Exploitation Phase (Reproduction)
If risk parameters are low, walruses show breeding behavior during the reproductive phase.

During this period, they roost on the shore and search for food underwater.

Walruses are consistently vulnerable to attacks by polar bears and killer whales. The tactic of
escaping and fighting these predators causes the walruses to move their position in the
neighborhood of their current location (Trojovsky & Dehghani, 2023). The walrus population
consists of male, female, and child walruses. Population diversity is crucial for the success and
superiority of walruses within their population. The displacement behavior of each species

within the population is different.
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Adopting the Halton sequence distribution, a widely used technique for generating randomly
distributed sequences for male walrus position updates, can enable a more expansive
distribution of the population within the search space (Han et al., 2024). The basic principle is
to divide the search area into several regions and select a random point in each region to ensure

randomness and uniformity.

The leader walrus and male walruses affect the female walruses. Female walruses increasingly
become attracted to the leader walrus rather than their mates. The new position of the female

walrus can be calculated by Eq. 3.29.

Female{!' = Female{; + a - (Male{; — Female{;) + (1 + @) - (Xpes¢

(3.29)
— Female;))

t+1

where, Female{ ! is the new position, Male; ; is the positions of the i*" male, Female; ; is the

positions of the i" female on the j* dimension, respectively.

Child walruses are the most vulnerable members of the pack. They are exposed to attacks by
predators such as killer whales and polar bears. That's why their positions also need to be
updated. It can be updated to Eq. 3.30.

Child{t' = (0 — Child{;) - P (3.30)

0 = Xpese+Child} ; - LF (3.31)

where, Child{}" is the new position of the it" child on the j*" dimension, +Child}; is the
positions of the it" child on the j** dimension. P is a random number (0,1) and presents the

perturbation coefficient of a child walrus. O represents a safe position. LF depicts Levy's

distribution.
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Predators prey on walruses while walruses feed underwater. Therefore, they escape from their
current position due to dangerous signals from other walruses. The walrus position can be
updated Eq. 3.32.

Xl}:}-l = Xit.j "R — |X£est - Xit,jl ' 1’42 (3.32)

where [Xfqo — X¢ j| indicates the distance between the best walrus and the current walrus, 7,

is a random number (0,1).

Walruses collaborate with other walruses in the pack to search for food and move safely. Thus,

they share their location with others to find more food.

X1+ X,

Xt = 5 (3.33)
X1 = Xpese — @1 X by X |Xll;est = Xit,jl

{Xz = Xeecona — (2 X by X |Xs,tecond - Xit,jl (3.39

a=Bxrs—f (3.35)

b = tan(0) (3.36)

where X, and X, are two weights influencing the gathering action of the walrus, XZ,.,,.4 is the

position of the 2" walrus in the existing iteration.|X{ocong — X7 ;| indicates the distance

between the 2" walrus and the current walrus, a and b are the gathering parameters. 75 is a

random number (0,1) and 6 is values that ranking (0,7).

3.5.25.  The pseudo-code of the algorithm

In the Walrus Optimization Algorithm, the danger signal value determines whether the
algorithm will use the exploration or exploitation phase. If the absolute value of the signal is
more significant than or equal to one, the algorithm will use the exploration phase. Otherwise,
the algorithm will use the exploitation phase. In the exploitation phase, the safety signal is used
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for a specific behavior that walruses exhibit. If the value of the signal is more significant than
or equal to 0.5, the walruses will breed. However, the walruses will forage if the signal's value
is lower than 0.5. The Walruses exhibit either gathering or fleeing behavior depending on the
danger signal during the foraging phase. The pseudo-code of BaWOA is described in detail in
Algorithm 2.

Algorithm 2. The pseudo-code of binary WaOA for locating a charging station

Input: Population size N, Maximum iteration T
Output: the best solution
Randomly initialize solutions in the population of the Walrus and define the
related parameters
for Each X; in the population of walruses do
Evaluate X; using F by Eq. 3.12
end for
while iter < Itermax do
Repair X; walrus considering the constraints
Calculate the fitness value
Update the best and second position of the walruses
if |signald| > 1 then
Update the new position of walruses using Eq. 3.28
else
if signals > 0.5 then
for Each male walrus do
Update the new position of male walruses depending on the Halton sequence
end for
for Each female walrus do
Update the new position of female walruses using Eq. 3.29
end for
for Each child walrus do
Update the new position of child walruses using Eq. 3.30
end for
else
if signald > 0.5 then
Update the new position of walruses using Eqg. 3.32
else
Update the new position of walruses using Eg. 3.33
end if
end if
end if
Update the new position of each walrus using S-shape transfer function
Compute the fitness value and update the existing best solution
iter = iter + 1
end while
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3.5.3.  Grey wolf optimizer

TThe Grey Wolf Optimizer (GWO), one of the most popular swarm intelligence approaches,
imitates the hunting and searching for prey behaviours and movements of grey wolves (Mirjalili
etal., 2014). GWO is a population-based search technique and divides the population into two
parts: three swarm leaders (alpha, beta, and delta) and omega wolves. The alpha wolf is the
pack's leader and dominates other population members. While the beta wolf acts as the second
in a swarm, the delta wolf is the third leader. Omega wolves obey and follow the leader's
commands. The three solutions with the swarm best fitness values are o, , and 6. The other
solutions are called . To solve difficulties with continuous values, GWO was initially
presented in 2014 (Mirjalili et al., 2014). Binary GWO (BGWO) is introduced using S-shape
and V-shape transfer functions by Emary et al. (Emary et al., 2016b). We modified BGWO to
solve FLCSP. The original BGWO is detailed in (Emary et al., 2016b). In this section, BGWO
is explained. The pseudo-code of BGWO is presented in Algorithm 3.

Algorithm 3. The pseudo-code of modified BGWO for locating a charging station

Input: Population size N, Maximum iteration T
Output: the best solution
Randomly initialize solutions in the population of grey wolves
for Each X; in the population of walruses do
Evaluate X; using F by Eq. 3.12
end for
while iter < Itermax do
for Each X; € the population of grey wolves do
Update the position of the current search agent
Compute X, X, X3 using Eq. 3.43 — Eq. 3.45
Generate X;**" by applying Eq. 3.44
Repair X; wolf considering the constraints
end for
Evaluate the fitness of all grey wolves
Update the position of alpha, beta, and delta
Update a, A and C parameters
iter = iter + 1
end while

The behaviours of grey wolves are mathematically modelled using three methods: surrounding,
hunting, and attacking for prey. The following equations (Eq. 3.37 — Eq. 3.40) are used to

simulate encircling prey in hunting prey process.
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Xt+1)=X,(t)-A-D (3.37)
where t indicates the number of iterations, 4 and € are coefficient values and calculated using

Eq. 3.39, respectively. )?p is the prey's position while the wolf vector's position is shown as X

D is calculated using Eq. 3.38.

- -

D=|C-X,(t) — X (3.38)

A=2-a#—a,C=27 (3.39)
where 7, and 7, are random vectors ranging between 0 and 1. @ elements are generated using

Eq. 3.40 and decrease linearly from 2 to O across iterations.

a=2—t"

3.40
maxlt ( )

where maxIt shows the maximum number of iterations. Four wolves are in a wolf pack's
leadership hierarchy: a, B, 8, and ®. a, B, and d represent the positions of the three best search
agents, and the positions of each wolf represent a solution for the problem. In every iteration,
the new positions of the wolves are updated using Eqg. 3.41.
X+ X +X
3
where EQs. 3.42, the positions of all wolves are updated by the positions a, f, d. /Tl, /Tz, and /T3

Xt+1) = (3.41)

are calculated using Eq. 3.39. Eq. 3.43 calculate Ba, 5[,», and 55, respectively.

=

Ry = |Re— Ay Dol By = | By — Ay Dy, £s = | &5 — s - D] (3.42)

Do =|Ci Xy —X|, Dy = |G- Xg — X|, Ds = |C5 - X5 — X| (3.43)

where Eq. 3.39 is adapted to calculate ?{ F; and ?;
To binarize the solution space used in the original version of the algorithm, the S-shaped

transfer function was implemented, as in Eq. 3.44. The equation shows the S-shaped transfer

function for binary solution space.
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Lo XE+ x4 4+ x¢
1if S(= 32 = 2>71y) (3.44)
0 otherwise '

X4 (t+1) =

where r, is a random vector ranging between 0 and 1, d is the size of search space, and S

represents the Sigmoid function.

1

S(x) = 1+ e(—10Gx-05) (3.45)

3.5.4. Arithmetic optimization algorithm

The Arithmetic Optimization Algorithm (AOA) is a novel metaheuristic algorithm inspired by
fundamental arithmetic operations, such as subtraction, addition, multiplication, and division.
These operations are the basis for AOA's search mechanism within the search space. The global
search framework of AOA is primarily driven by multiplication and division, while the local
search framework relies on addition and subtraction operations (Abualigah et al., 2021). M. Xu
et al. introduced a binary variant of the algorithm, Binary Arithmetic Optimization Algorithm
(BAOA). The authors enhanced this version by integrating a Levy flight strategy to help escape
local optima. The BAOA has been modified and implemented in this study.

3.5.5.  Whale optimization algorithm

Another well-known meta-heuristic algorithm is the Whale Optimization Algorithm (WOA),
which is inspired by the bubble-net hunting technique used by humpback whales to solve
complex optimization problems. WOA was proposed by Mirjalili & Lewis. A binary version
of WOA, known as BWOA, was introduced by Hussien et al.. This version modifies the prey
search phase while keeping the shrinking and encircling phases unchanged. This paper aims to
adapt BWOA to solve the CSLP problem, leveraging its straightforward and effective search

mechanisms for finding optimal solutions.

3.6. Datasets

Two real-world datasets, referred to as DS1 and DS2, were developed to evaluate the
performance of the proposed algorithms. Both datasets represent the urban transportation
network of Adana, a metropolitan city in Tiirkiye. The data, including information on bus lines,

routes, and terminal locations, were obtained from the official transportation web portal of the
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Adana Metropolitan Municipality in 2022 (Adana Metropolitan Municipality Transportation
Department, 2022). The first dataset, DS1, comprises 30 routes and 142 buses operating within
the city center. The second dataset, DS2, is an extended version of DS1 and includes 46 routes

and 187 buses serving areas adjacent to the city center.

3.6.1. Dataset 1

The first dataset, referred to as DS1, was compiled using public bus network data made
available on the official website of the Adana Metropolitan Municipality's Transportation
Department (Adana Metropolitan Municipality Transportation Department, 2022). The dataset
covers public transportation lines that provide intensive service in the city center, focusing on
areas with high passenger potential in the central districts of Adana. This dataset comprises 30
bus lines and 142 buses, with detailed information available for each, including line number,
total line length, and bus departure times. Additionally, the number of buses assigned to each
line has been determined and included in the data. The departure intervals of the buses are
crucial for determining the frequency of trips, while route duration information indicates the

one-way travel time for each line.

The dataset also includes the number of laps the buses make throughout the day, which are vital
parameters for estimating energy consumption in charging station planning. The information
collected establishes a solid foundation for modeling the city's dynamic public transportation
system. This dataset was created based on data from 2022. The departure and arrival terminals
of the routes were evaluated as potential locations for charging stations, with a total of 60
terminal points defined in the dataset, 21 of which correspond to different locations. With this
structure, the dataset effectively reflects the heavy bus traffic in the city center. Detailed

information about the bus lines is given in the Table 3.3.

Table 3.3. Bus line information of the DS1.

Departure  Arrival Number Route Running Time

R(I)[l;te Terminal Terminal Of Length Time Headway Ezzt Ié%s;
ID ID Buses (km) (min) (min)
105 9 18 7 6 3,85 3,85 10 10
106 1 1 19 2 3,1 3,1 8 15
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13,7
31,5
22,6
20,1
27,4
34,5
36,3
25,3
25,7
30
19,8
24,7
21,6
20,5
21,3
20,6
24,6
34,4
28,4
22,4
23,9
18,6
23,9
21,1
31,2
30,1
18,6

27,7
13,7
31,5
22,6
20,1
27,4
34,5
36,3
25,3
25,7
30
19,8
24,7
21,6
20,5
21,3
20,6
24,6
34,4
28,4
22,4
23,9
18,6
23,9
21,1
31,2
30,1
18,6

67
33
76
55
49
66
83
88
61
62
72
48
60
52
50
52
50
60
83
69
54
58
45
58
51
75
73
45

30
60
60
12
75
60
60
48
60
60
30
30
60
90
60
80
60
30
40
90
30
40
70
80
60
70
60
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Table 3.4 presents data defining the departure and arrival points of specific bus lines within the
Adana urban transportation network. Each row of the table represents a bus line, showing the

names and identification numbers of the departure and arrival terminals for that line.

Table 3.4. Terminal information of the DS1.

Rf;te Dep?[r)ture Departure Name Destllr[l)atlon Destination Name
DR.M.OZSAN BULVARI
105 9 10. DURAK (BALCALI 18 YURTLAR ONU 1A
HASTANESI)
106 1 ATU 1A 1 ATU 1A
110 5 M1 AVM 1A 4 YILDIRIM IZ,EYAZW CD.
111 3 DSI TOKI 1A 7 ESKI VILAYET
DR.M.OZSAN BULVARI
112 4 Y'LD'RC'E" EEYAZ'T 9 10. DURAK (BALCAL|
' HASTANESI)
114 5 OPTIMUM AVM 1A 2 M1 AVM 1A
115 5 OPTIMUM AVM 1A 19 83061 SK. 1B
116 6 S.MUCAHI}“BTOPAL CD. 1 A1 A
DR.M.OZSAN BULVARI
118 7 ESKI VILAYET 9 10. DURAK (BALCALI
HASTANESI)
121 2 M1 AVM 1A 1 ATU 1A
« DR.M.OZSAN BULVARI
122 8 PHTIRD PR OORIAN 9 10. DURAK (BALCALI
' HASTANESI)
« DR.M.OZSAN BULVARI
123 8 SHTYIJEB'AEZRC%OI;EAN 9 10. DURAK (BALCAL|
' HASTANESI)
DR.M.OZSAN BULVARI
124 9 10. DURAK (BALCALI 2 M1 AVM 1A
HASTANESI)
125 10 BARIS BLV 1A 20 3598 SK. 1B
126 1 MODERN SANAYI g SHT. IND. ER GOKHAN
SITESI 1A YILMAZ CD. 2A
DR.M.OZSAN BULVARI
127 12 INCIRLIK 179 SK. 1A 9 10. DURAK (BALCALI
HASTANESI)
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DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

BAHCELIEVLER CD.
13B

BARIS BLV 1A

ESKi VILAYET
M1 AVM 1A

ATU 1A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
H.OMER SABANCI
BLV. 1A

M1 AVM 1A

M1 AVM 1A
OBALAR CD. 18A
76034 SK. 1A

M1 AVM 1A

MERKEZ OTOGAR 1A

13

BAHCELIEVLER CD. 13B

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

M1 AVM 1A
ATU 1A
M1 AVM 1A

YESILOBA TOKIi 3B

ATU 1A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

ESKi VILAYET
83061 SK. 1B

ATU 1A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

SHT. IND. ER GOKHAN
YILMAZ CD. 2A

The candidate charging station points of the bus lines in the dataset were connected to suitable

substations, taking into account the existing electrical infrastructure in the region. A total of 7

substations were identified in the first dataset, which focused on the city center. Table 3.5

presents data defining the substation ID and its names within the Adana distribution network.

The identities are not official, they were created for this dissertation.

Table 3.5. Substation information of the DS1.

Substation ID

Substation Name

1 Seyhan 154kV TM
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Seyhan 66kV TM
Dogu Adana TM
Yeni Sehitlik
Kuzey Adana TM
Yiiregir TM
Mihmandar TM

~N oo o1 B~ ow DN

Each candidate charging station points were matched with the most suitable and closest
substations. The locations of the substations and the candidate points for the charging station

are clearly shown in Figure 3.8.
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Figure 3.8. Locations of terminal and substations for DS1

3.6.2. Dataset 2
The second dataset, known as DS2, also contains information about bus lines serving lower-
density residential areas surrounding Adana’s city center. The dataset was created to address

the challenges faced in public transport planning for regions outside the city center.
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The bus lines included in this dataset cover longer distances and operate at infrequent intervals.
Each route is uniquely identified by its line number, while the line length represents the total
distance traveled by buses throughout the day. This dataset comprises 30 bus lines and 142
buses. 92 terminal points defined in the dataset, 42 of which correspond to different locations.
The departure times indicate service patterns in areas with low transportation density. The
number of buses operating on each line and the departure intervals highlight the low demand
for transportation in these locations. Typically, the route durations are longer than those in the
city center. The number of round trips made by the buses is crucial for planning the charging

infrastructure.

The dataset enables the analysis of how energy requirements vary for rural bus lines. Potential
locations for charging stations were assessed based on the starting and ending points of the bus
routes, many of which are located outside the city or in semi-rural areas. DS2 emphasizes the
need for customized strategies to integrate electric buses into the city's peripheral areas. In this
regard, the dataset serves a complementary role in the large-scale planning of charging

infrastructure. Detailed information about the bus lines is given in the Table 3.6.

Table 3.6. Bus line information of the DS2.

Departure Arrival Number Route Running Time

R?Bte Terminal Terminal Of Length Time Head_way llz?:ll;sst Iéisg
ID ID Buses (km) (min) (min)

105 9 18 7 6 3,85 3,85 10 10
106 1 1 19 2 3,1 3,1 8 15
110 2 4 3 8 21,7 21,7 67 30
111 3 7 3 4 13,7 13,7 33 60
112 4 9 2 5 31,5 31,5 76 60
113 22 33 4 3 25,5 25,5 62 60
114 5 2 4 16 22,6 22,6 55 12
115 5 19 5 2 20,1 20,1 49 75
116 6 1 2 5 27,4 27,4 66 60
117 7 34 3 2 22,2 22,2 54 150
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34,2
57,9
36,3
25,3
25,7
30
19,8
24,7
21,6
28,1
25,3
20,5
21,3
20,6
35
24,6
34,4
28,4
36,3
22,4
23,9
18,6
23,9
36,2
21,1
31,2
30,1
35

34,5
34,2
57,9
36,3
25,3
25,7
30
19,8
24,7
21,6
28,1
25,3
20,5
21,3
20,6
35
24,6
34,4
28,4
36,3
22,4
23,9
18,6
23,9
36,2
21,1
31,2
30,1
35

83
83
139
88
61
62
72
48
60
52
68
61
50
52
50
84
60
83
69
88
54
58
45
58
87
51
75
73
84

60
70
150
48
60
60
30
30
60
90
60
60
60
80
60
40
30
40
90
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30
40
70
80
48
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70
60
80
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165
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174
185
303
304

14
29
6
17
30
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8
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42
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30,2
32,4
23,3
18,6
19,2
9,3

13,1

30,2 73 60
32,4 78 90
23,3 56 60
18,6 45 90
19,2 47 150
9,3 23 30
13,1 32 60

Table 3.7 provides information about the departure and arrival points of specific bus lines in

the Adana urban transportation network. Each row in the table corresponds to a different bus

line, detailing the names and identification numbers of both the departure and arrival terminals

associated with that line.

Table 3.7. Terminal information of the DS2.

Rf;te Dep?[r)ture Departure Name Destllr[l)atlon Destination Name
DR.M.OZSAN BULVARI
105 9 10. DURAK (BALCALI 18 YURTLAR ONU 1A
HASTANESI)
106 1 ATU 1A 1 ATU 1A
110 5 M1 AVM 1A 4 YILDIRIM EEYAZIT CD.
111 3 DSI TOKI 1A 7 ESKi VILAYET
DR.M.OZSAN BULVARI
112 4 Y'LD'R(!'[\)/' E:EF;YAZ'T 9 10. DURAK (BALCALI
' HASTANESI)
113 22 HASAN TUGAL CD. 6A 33 1812 SK. 1A
114 5 OPTIMUM AVM 1A 2 M1 AVM 1A
115 5 OPTIMUM AVM 1A 19 83061 SK. 1B
116 6 S.MUCAHIIBTOPAL CD. 1 ATO 1A
117 7 ESKi VILAYET 34 KIZILKAS MAH. 4A
118 - ESKi VILAYET 1 MODERN SANAYI SITESI

1A
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119
120
121

122

123

124

125
126

127

130

131

132

133

135

140
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144
151

153

10
11

12

23

24

13

N NN

26

ESKI VILAYET
ESKI VILAYET
M1 AVM 1A

SHT. IND. ER GOKHAN
YILMAZ CD. 2A

SHT. JND. ER GOKHAN
YILMAZ CD. 2A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

BARIS BLV 1A

MODERN SANAYI
SITESI 1A

INCIRLIK 179 SK. 1A

ATATURK CD 6B

SIH CEMIL CD. 1A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

BAHCELIEVLER CD.
13B

AHMET GUVEN
KAYPAK BLV 1B

M1 AVM 1A
ESKI VILAYET
M1 AVM 1A
ATU 1A

SAMBAYADI

35
36

20

13

YENIYAYLA MAH. 1A
UNLUCE MAH. 1A

ATU 1A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

M1 AVM 1A

3598 SK. 1B

SHT. IND. ER GOKHAN
YILMAZ CD. 2A
DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

BAHCELIEVLER CD. 13B

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)

1812 SK. 1A
M1 AVM 1A
ATU 1A

M1 AVM 1A

DR.M.OZSAN BULVARI
10. DURAK (BALCALI
HASTANESI)
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DR.M.OZSAN BULVARI

154 9 10. DURAK (BALCALI 21 YESILOBA TOKI 3B
HASTANESI)
H.OMER SABANCI "
155 14 BLV. 1A 1 ATU 1A
DR.M.OZSAN BULVARI
156 2 M1 AVM 1A 9 10. DURAK (BALCALI
HASTANEST)
157 2 M1 AVM 1A 7 ESKI VILAYET
158 27 2023 SK. 1A 2 M1 AVM 1A
159 15 OBALAR CD. 18A 19 83061 SK. 1B
160 16 76034 SK. 1A 1 ATU 1A
DR.M.OZSAN BULVARI
161 2 M1 AVM 1A 9 10. DURAK (BALCALI
HASTANESI)
162 28 VEFA CD. 9B 37 CINARLI MAH. 1A
H.OMER SABANCI GOKCELER MAH. 2A
164 14 BLV.1A 38
165 29 M.AKIF Elljl'SA\OY MAH. 39 YOLGECEN MAH. 1A
S.MUCAHIT TOPAL CD. SARIHUGLAR MAH. 1A
166 6 1B 40
SHT. JND. ER GOKHAN
174 17 MERKEZ OTOGAR 1A 8 VILMAZ CD. 2A
T.CEMAL BERIKER YENI MAH. 2A
185 30 BLY. 2A 41
303 31 YESIL VADI 42 T.OZAL BULVARI 18.
KONUTLARI 2A DURAK (RUH SAGLIGI)
304 32 T.OZAL BLV. 15A 26 SAMBAYADI

The candidate charging station points of the bus lines in the dataset were connected to
appropriate substations, considering the current electrical infrastructure in the region.A total of
16 substations were identified in the dataset, which focused on the city center and rural areas.
Table 3.8 displays data that defines the substation ID and names within the Adana distribution
network. Please note that the identities are not official; they have been created specifically for
this dissertation.
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Table 3.8. Substation information of the DS2.

Substation ID

Substation Name

© 00 ~N oo o B~ w N

e e o e
o 0~ W N B O

Adana TM
Cihadiye TM

Karahan TM
Zeytinli TM
Seyhan 154kV TM
Seyhan 66kV TM
Dogu Adana TM
Yeni Sehitlik
Kuzey Adana TM
Incirlik TM
Incirlik Havaalan1 TM
Adana Cimento TM
Yiiregir TM
Mihmandar TM
Gliney Adana TM
Misis TM

Each candidate charging station point was matched with the most appropriate and nearest

substation. The locations of the substations and the candidate points for the charging stations

are shown in Figure 3.9.
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Figure 3.9. Locations of terminal and substations for DS2
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4. RESULTS AND DISCUSSIONS

This section presents the experimental results obtained from the proposed model, employing
the binary variants of AOA, GWO, WaOA, and WOA. The performance of these methods is
evaluated on two datasets, DS1 and DS2. Each algorithm is executed independently for both

datasets, performing 10 runs with 20 search agents across 100 iterations.

All experiments are conducted on a PC equipped with 8 GB of RAM, an Intel i5-3.0 GHz CPU,
and Windows 11 Pro operating system. Detailed information about the algorithm parameters is

presented in Table 4.1.

Table 4.1. Parameters for the algorithms

Parameters Value

Common parameter values
for all methods

Number of search individuals 20
Number of iterations 100

the number of runs 10
Weights for DS1

wl 0.349688425
w2 0.407261975
w3 0.418006037
w4 0.412866264
Weights for DS2

wl 0.40263079
w2 0.442311171
w3 0.443308241
w4 0.321939565

Parameters for BAOA

K 5

49



B 0.5

MOA o 0.9

MOA i 0.1

Parameters for BGWO

A Coefficient decreases linearly from 2to 0

Parameters for BWaOA

P (proportion of females) 0.4
Parameters for BWOA
b 1

Some experimental parameters and real-world values used in this study are gathered from
previous studies and presented in Table 4.2.

Table 4.2. Parameters for the experimental tests

Parameters Values
Discount rate (1) 5 % (Vepsalainen et al., 2018)
Operating lifespan of the charging 20 years (Lajunen, 2018)
station (y)
The charging facility unit price 777000 $ (Barraza & Estrada, 2021)
The transformer unit price 40000 $ (Meishner & Uwe Sauer, 2020)
Charging station construction expense 63400 $ (Chen et al., 2018)
Assumed scaling factor 0.5 % (X. Zhang et al., 2021)
Electricity price for charging 0.9822 $/kWh (X. Zhang et al., 2021)

4.1. The Results of DS1

Table 4.3 presents the average, minimum, maximum, and standard deviation of fitness values.
BWaOA showed the most remarkable result for DS1. It yielded the same result in all trials
(minimum, maximum, and average), indicating that the algorithm is highly stable. Additionally,
the fact that its standard deviation is zero means that the algorithm exhibits no variation. This

may indicate that it is very stable. BWaOA also showed the lowest mean value, meaning that it
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achieved the best performance. BAOA, BWOA, and BGWO have higher mean and standard

deviation values, indicating that they tried wider solution ranges but showed instability.

Table 4.3. The numerical results of fitness values of DS1.

Method Avg. Min. Max. StdDev.
BAOA 1,932,654.654  1,464,624.234 5,539,669.823 1,281,566.850
BGWO 1,989,999.697 1,464,624.234 6,718,378.859 1,661,383.088
BWaOA 1,464,624.234 1,464,624.234 1,464,624.234 0
BWOA 1,931,109.249 1,464,624.234 6,129,474.383 1,475,155.141

Figs. 4.1 show the average convergence rates on DS1. The figure indicates that the "BWaOA"

algorithm demonstrates the best convergence performance for the DS1. It achieves a superior

solution compared to the other algorithms by reaching the lowest final fitness value. In contrast,
the other algorithms (BAOA, BGWO, and BWOA) perform similarly, stabilizing at a fitness

value of approximately 2 x 108,
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Figure 4.1 Convergence curves of DS1
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Table 4.4 presents the average execution times of four different metaheuristic algorithms
running on the DS1 dataset, along with the minimum, maximum, and standard deviation values
of these times. Upon examination of the results, the BAOA algorithm has the highest average
execution time (16.128 seconds) and also produces the longest maximum execution time
(17.365 seconds). It shows that BAOA works more slowly compared to the other methods.
BGWO exhibits the shortest average execution time, at 15.937 seconds, and also reveals the
consistency of the results with the lowest standard deviation value (0.276). It indicates that the
BGWO algorithm works both fast and stably. BWaOA is very close to BGWO in terms of
average execution time and stands out as the second-fastest method, with 15.723 seconds. Its
standard deviation is 0.439, and although not as much as BGWO, it provides relatively stable
results. The BWOA algorithm is the fastest method, with a runtime of 15.553 seconds, but it
has the highest standard deviation value of 0.734. It indicates that BWOA exhibits more

variable performance over time.

Table 4.4. The numerical results of execution times of DS1.

Method Avg. Min. Max. StdDev.
BAOA 16,128 15,469 17,365 0.522
BGWO 15,937 15,413 16,232 0.276
BWaOA 15,723 14,813 16,213 0.439
BWOA 15,553 14,115 16,178 0.734

Fig. 4.2 shows the charging stations, other terminals connected to this station, and selected
substations determined for the Adana urban transportation system. In the figures, green-colored
icons indicate the selected charging stations, blue-colored icons denote other charging stations
connected to the selected station, and red-colored icons indicate the locations of the selected
substations. Figure illustrates the charging stations and substations identified by the BWaOA
algorithm, which yields the most cost-effective result for DS1, particularly for city center

terminals. A total of 5 charging stations and 4 substations were selected for DS1.
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Figure 4.2. Selected charging stations and assigned substations of DS1 by BWaOA algorithm

Table 4.5 shows that the four examined algorithms achieve the same total cost for the DS1
dataset. It indicates that these algorithms either find the same optimal solution or are very close
to it for the DS1 dataset. It suggests that the algorithms yield similar results regarding their
convergence abilities, or that the complexity of the problem leads all of them to reach the same

optimum.

Table 4.5. Costs of DS1.

Method Total Cost C1 C2 C3 C4
BAOA 3,742,610.464 1,268,000 1,226,759.208 1,247,379.604 471.651
BGWO 3,742,610.464 1,268,000 1,226,759.208 1,247,379.604 471.651
BWaOA  3,742,610.464 1,268,000 1,226,759.208 1,247,379.604 471.651
BWOA 3,742,610.464 1,268,000 1,226,759.208 1,247,379.604 471.651

4.2. The Results of DS2

Table 4.6 presents the numerical results of the fitness values of four different algorithms for the
DS2 dataset. Regarding average performance, BWaOA ranks as the best, followed by BGWO.
BAOA and BWOA perform worse on average. Both BWaOA and BWOA were able to achieve
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the best possible fitness value for the DS2 dataset, indicating that these two algorithms have the
potential to find optimal or nearly optimal solutions. BAOA and BGWO also obtained very
close minimum values, suggesting that the global optimum of the problem is likely around this

value.

Table 4.6. The numerical results of fitness values of DS2.

Method Avg. Min. Max. StdDev.
BAOA 125,709,264.199  89,683,261.022 246,998,901.817 59,983,640.547
BGWO 89,777,743.628  89,683,261.022 90,627,396.567 298,537.618
BWaOA 89,683,341.972  89,683,225.103 89,683,707.174 156.900
BWOA 125,922,042.728  89,683,225.103 286,531,329.809 76,753,473.866

Figs. 4.3 illustrates the performance of the four algorithms for the DS2 dataset. The BWaOA
algorithm demonstrates superior performance compared to the other algorithms, achieving the
fastest convergence, the lowest fitness values, and the highest consistency. BGWO ranks
second in performance, whereas BAOA and BWOA appear to be less effective and reliable
algorithms for this issue. This analysis strongly indicates that BWaOA is the most appropriate

optimization algorithm for the DS2 dataset.
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Figure 4.3 Convergence curves of DS2
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Table 4.7 presents the execution times of the algorithm for the DS2 dataset. These times reflect
the computational duration needed for the algorithms to reach a solution. Regarding average
execution time, BAOA is the fastest algorithm. The other three algorithms closely follow, being
slightly slower than BAOA. In terms of the quickest single execution time, BAOA leads, with
BWaOA not far behind. This indicates that both algorithms can operate exceptionally fast in
specific scenarios. BGWO provides the most consistent and swiftest execution time, even in
worst-case situations. While BWOA might record the slowest single execution times, BGWO
remains the most reliable algorithm overall. BWaOA ranks closely behind, whereas BAOA and

BWOA exhibit less consistency.

Table 4.7. The numerical results of execution times of DS2.

Method Avg. Min. Max. StdDev.
BAOA 28,012 27,264 30,828 1.023
BGWO 28,781 28,382 29,049 0.217
BWaOA 28,822 27,280 29,608 0.620
BWOA 28,819 27,692 31,854 1.130

Fig. 4.4 illustrates the charging stations, other terminals connected to this station, and the
selected substations determined for the Adana urban transportation system. In the figure, green
icons represent the selected charging stations, blue icons denote other e bus terminuses
connected to the selected station, and red icons indicate the locations of the selected substations.
The figure illustrates the charging stations and transformer substations identified by the
BWaOA algorithm, which yields the most cost-effective result for DS2, particularly for
terminals in rural areas, as well as in the city center. A total of 12 charging stations and 10

substations were chosen for DS2.
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Figure 4.4. Selected charging stations and assigned substations of DS2 by BWaOA algorithm

Table 4.8 shows that the four examined algorithms achieve the same total cost for the DS2
dataset. The table indicates that the BWaOA and BWOA algorithms achieve lower total costs
than BAOA and BGWO for the DS2 dataset. This cost difference is due to the algorithms’
ability to optimize the C4 cost component. When evaluated in conjunction with the previous
fitness value and execution time analyses, this table reinforces that BWaOA is the most
consistent and effective algorithm for the DS2 problem in terms of both fitness and cost
efficiency. BWOA, however, is inconsistent in terms of fitness, but in its best cases, it was able

to approach BWaOA in terms of cost efficiency.

Table 4.8. Costs of DS2.

Method

Total Cost

C1

C2

C3

C4

BAOA
BGWO
BWaOA
BWOA

202,881,740.291
202,881,740.291
202,881,628.721
202,881,628.721

3,043,200
3,043,200
3,043,200
3,043,200

132,209,786.458
132,209,786.458
132,209,786.458
132,209,786.458

67,626,493.229
67,626,493.229
67,626,493.229
67,626,493.229

2,260.604
2,260.604
2,149.034
2,149.034
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5. CONCLUSIONS

This dissertation aimed to develop a comprehensive and practical approach for identifying
optimal locations for electric bus charging stations within an urban transportation system. By
incorporating both transportation network requirements and electrical grid constraints, the
research addressed a significant gap in the literature where previous studies often considered
these two domains separately. A custom multi-criteria fitness function was formulated to
evaluate candidate locations based on factors such as route coverage, detour minimization for
charging, energy efficiency, and compatibility with nearby transformer substations. The
problem was modeled as a binary constrained optimization task and solved using four nature-
inspired metaheuristic algorithms: Binary Arithmetic Optimization Algorithm (BAOA), Binary
Grey Wolf Optimizer (BGWO), Binary Whale Optimization Algorithm (BWOA), and Binary
Walrus Optimization Algorithm (BWaOA). Extensive experiments were conducted on two
distinct datasets (DS1 and DS2) that represent different urban configurations, enabling a robust

performance comparison of the algorithms under varying complexity levels.

The simulation results demonstrated that the proposed framework successfully identifies
charging station locations that ensure both operational efficiency and electrical feasibility.
Among the tested algorithms, BWaOA exhibited superior performance in terms of convergence
speed and average fitness value, especially in more complex datasets (DS1 and DS2). BGWO
provided the most stable and robust results across all datasets, as indicated by its low standard
deviation. BAOA and BWOA showed moderate performance, with strengths in specific
configurations but with slightly higher computational times. The study confirmed that
integrating transformer substation locations as hard constraints significantly enhances the
realism and applicability of the model. The visualized station selection outcomes align with
high-demand needs while ensuring that the electrical infrastructure can support the load.
Additionally, the methodology offers flexibility for scenario-based planning, allowing urban

planners to simulate future demand changes or infrastructure developments.
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In summary, this dissertation contributes to the fields of intelligent transportation and energy-
aware infrastructure planning by presenting a scalable, data-driven, and algorithmically robust
approach to siting electric bus charging stations. The integration of grid parameters into the
location optimization model fills a critical gap in both transportation and power systems
literature. The proposed methodology can guide municipalities and decision-makers in making
informed investment and planning decisions. Furthermore, the developed datasets and
modeling framework provide a foundation for future research in dynamic scheduling, real-time
demand prediction, and integration of renewable energy sources or vehicle-to-grid (V2G)
systems. Furthermore, this thesis supports the broader goals of reducing urban emissions,
enhancing energy resilience, and promoting sustainable, intelligent city systems.

Future studies may explore hybrid metaheuristic techniques, adaptive learning-based
optimization, or multimodal transportation planning to enhance model performance and
applicability further. One promising direction is the integration of dynamic demand modeling
and real-time route variability. In practice, electric bus usage and charging demand can fluctuate
significantly based on the time of day, weather conditions, or special events. Incorporating
temporal variables and predictive analytics could allow for dynamic charging strategies and
adaptive infrastructure deployment. Additionally, future models could consider mixed charging
scenarios, including both fast-charging and overnight depot charging, with variable costs and

energy profiles.

Another potential avenue is the inclusion of renewable energy sources and VV2G capabilities in
the optimization process. By co-optimizing charging stations with local solar PV or wind
generation systems, municipalities can reduce reliance on the central grid and improve energy
resilience. Moreover, V2G integration enables electric buses to function as mobile energy
storage units, thereby contributing to grid stability during peak hours or in emergency
situations. Incorporating these energy interactions into the fitness function and constraint

structure would enrich the model and align it with next-generation smart grid paradigms.
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