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Abstract

The rapid increase in electric vehicle (EV) ownership necessitates the adaptation of fuel
stations to charging infrastructure and the re-evaluation of capacity planning. In the litera-
ture, demand forecasting and installation costs are mostly examined; however, station-scale
queue analyses supported by field data remain limited. This study aims to examine the inte-
gration of EV charging in fuel stations through simulation-based capacity analyses, taking
current conditions into account. In this context, a scenario in which one and two dual-hose
pumps at a fuel station located on the Turkey–Istanbul E-5 highway side-road is converted
into a charging unit has been evaluated using a discrete-event microsimulation model.
The analyses were conducted using a discrete event-based microsimulation model. The
simulation inputs were derived from field observations and survey data, including the
hourly arrival rates of internal combustion engine vehicles (ICEVs), the dwell times at the
station, and the charging durations of EVs. In the study, station capacity and service perfor-
mance were evaluated under scenarios representing EV shares of 5%, 10%, and 20% within
the country’s passenger vehicle fleet. Within the scope of the study, the hourly arrival
rates and dwell times of ICEVs were determined through field measurements, while EV
charging durations were assessed by jointly analyzing field observations and survey data.
Simulation results showed that the average number of waiting vehicles increases as the
EV share rises; for example, in the 10% EV share scenario, 15.6 (±0.84) EVs were observed
waiting within the station, while 34.06 (±1.23) EVs were identified in the 20% scenario.
These queues constrict internal circulation within the station, limiting the maneuverability
of ICEVs and causing delays in overall service operations. Furthermore, when two dual-
hose pumps are replaced with charging units, noticeable increases in waiting times emerge,
particularly during the evening peak period. Specifically, 5.88% of ICEVs experienced
queuing between 17:00–18:00, rising to 12.33% between 18:00–19:00. In conclusion, this
study provides a practical and robust model for short- and medium-term capacity planning
and offers data-driven, actionable insights for decision-makers during the transition of fuel
stations to EV charging infrastructure.
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1. Introduction and Literature Review
In recent years, although the risks posed by climate change have become increasingly

evident, fossil fuel-based emission levels (particularly in the transportation sector) con-
tinue to remain above critical thresholds [1]. The high share of transportation in global
greenhouse gas emissions [2,3] has rendered the electrification of mobility an essential trans-
formation. The rapid growth of electric vehicles (EVs) necessitates not only comprehensive
planning and capacity adjustments in energy infrastructure and transportation systems, but
also the effective design of policy instruments that support this transition. In this context,
the more than 30% increase in public charging stations worldwide in 2024 demonstrates
that this process is not merely a technological shift, but a multidimensional transformation
in which infrastructure, service planning, and public policies must be addressed in an
integrated manner [4].

However, when evaluated on a country-by-country basis, the diffusion of electric
vehicles (EVs) exhibits significant variation due to factors such as high purchase costs,
insufficient charging infrastructure, and limited policy support. The literature indicates
that, particularly in countries at the early stages of electromobility, incentive programs play
a crucial role in accelerating EV adoption and investments in charging infrastructure. This
highlights the necessity of addressing incentive policies in conjunction with the technical
and operational requirements of EV systems to ensure a sustainable transition [5].

The increasing adoption of EVs directly affects multiple components, including the
location and capacity of charging stations, station dwell times, queue formation and
waiting times, as well as users’ waiting behavior [6–8]. Although the literature indicates
that EVs can achieve a driving range comparable to that of internal combustion engine
vehicles (ICEVs) under suitable conditions, insufficient and unevenly distributed charging
infrastructure remains the primary barrier to widespread EV adoption [9]. Therefore,
ensuring that charging units are installed in the appropriate number, capacity, and locations
is critical for the balanced and sustainable development of the EV ecosystem. Research in
this field can generally be classified into two main categories. The first category includes
studies focusing on charging station location selection and capacity sizing, primarily based
on optimization and network-oriented models [10,11]. These studies aim to achieve the
most efficient spatial planning of charging infrastructure by considering factors such as
driver behavior, traffic density, demand distribution, and accessibility. The second category
comprises studies based on queueing theory and discrete-event simulation approaches,
which focus on evaluating waiting times, service levels, unit utilization rates, and overall
system performance at charging stations [12,13]. While location-oriented models primarily
target the optimization of driver behavior and demand patterns at a macroscopic scale,
simulation-based studies enable a more realistic assessment of station efficiency, unit
utilization, and service durations at a microscopic operational level [10,14].

The rapid adoption of EVs is driving a significant increase in charging demand within
transportation systems. This trend not only necessitates the establishment of new charging
stations but also requires the adaptation of existing fuel stations to provide services com-
patible with EVs. Studies conducted in Europe and Asia have shown that equipping fuel
stations with fast-charging units, battery energy storage systems, and renewable energy
sources can both alleviate sudden grid loads and reduce overall investment costs [15,16].
Similarly, a 2018 study on sustainable transition demonstrated that fast-charging units
could be integrated into an existing fuel station with battery energy storage and smart
load management without increasing the contracted grid capacity. However, this analysis
primarily focused on grid integration and power quality, while operational aspects such
as variability in charging duration, demand surges, and user waiting behavior were not
explicitly addressed [17].
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Research in major cities in the United States indicates that the locational advantages
of fuel stations play a critical role in mitigating range anxiety and ensuring the rapid and
balanced deployment of charging infrastructure [18]. Meanwhile, policy reports from Asia
and studies in the United Kingdom primarily focus on technical feasibility, spatial coverage,
or macro-scale transition scenarios; operational impacts at the station level (such as capacity
utilization, dwell times, and changes in vehicle flow) remain insufficiently explored [19,20].

This trend is also reflected in international policy frameworks and roadmaps. The
International Energy Agency (IEA) Global EV Outlook 2025 report identifies the transfor-
mation of existing fuel stations as a critical strategy for the deployment of high-power
charging infrastructure along highway corridors, emphasizing that capacity planning and
siting decisions should be evaluated using simulation-based analytical approaches [21].

The rapid expansion of EV charging infrastructure in Turkey necessitates the adapta-
tion of existing conventional fuel stations to this new service type. As of September 2025,
the number of publicly accessible charging sockets in Turkey has reached approximately
35,000, while the total number of EVs has increased to around 321,000 [22,23]. These de-
velopments particularly highlight the need to redesign fuel stations located along major
transportation corridors and at high-traffic locations.

In densely populated urban areas where home charging opportunities are limited, long
charging durations place significant pressure on station capacity, charger utilization rates,
and vehicle waiting times [24,25]. This situation underscores the necessity of integrated
planning approaches that simultaneously address both residential and commercial charging
infrastructure [25].

Data regarding fuel stations in Turkey are primarily based on license records and
annual sector reports published by the Energy Market Regulatory Authority (EMRA).
According to these sources, there were approximately 12,600 active fuel stations nation-
wide as of the end of 2024. However, comprehensive, up-to-date, and publicly available
quantitative data on the extent to which these stations provide EV charging services or
have been converted into hybrid facilities remain unavailable [26].

Furthermore, the widespread deployment of home charging infrastructure presents
technical and service-related risks. Concurrent charging during peak hours can result in
grid overloads, voltage drops, and capacity constraints [27–31]. For long-distance travel,
the availability of safe and accessible fast-charging options along travel routes is a decisive
factor [32–34]. Accordingly, supporting existing fuel stations with EV charging units is
becoming increasingly important in the Turkish context.

The literature indicates that transforming existing fuel stations into EV charging
infrastructure is gaining global importance. In particular, the high power demand of
fast-charging units, grid connection costs, load fluctuations during peak hours, and long
charging durations are key components that need to be considered in the redesign of
existing stations [25–34].

The literature review presented above clearly indicates that integrated analyses com-
bining real traffic data, location-specific charging durations, and user behavior remain very
limited in the current literature. This gap becomes even more pronounced when consider-
ing hybrid stations that serve both EVs and ICEVs simultaneously. In particular, studies
examining the effects of converting fuel pumps into charging units on station performance
are scarce. Given that stations located along high-traffic urban corridors serve as strategic
service points during journeys, it is critical to evaluate in detail how such conversions
impact station capacity and dwell times.

To address this gap, the present study investigates the effects of converting one and
two dual-hose fuel pumps into EV charging units at a fuel station situated along the E-5
highway side corridor in Istanbul, Turkey. Using comprehensive field data collected in

https://doi.org/10.3390/su18020893

https://doi.org/10.3390/su18020893


Sustainability 2026, 18, 893 4 of 30

February 2025, scenarios representing 5%, 10%, and 20% EV penetration were developed
and analyzed. Arrival rates of EVs and ICEVs, as well as waiting and charging times,
were modeled based on probability distributions derived from field observations. These
scenarios were evaluated using a discrete-event simulation model implemented in Arena
simulation software. This approach enabled a quantitative analysis of station capacity,
service durations, waiting patterns, charger utilization, and changes in vehicle flow.

The remainder of this paper is organized as follows. Section 2 defines the core problem
addressed in the study and clearly formulates the research questions based on the existing
literature and field observations. Section 3 describes the study area, data collection process,
survey methodology, and the discrete-event simulation model developed using Arena
simulation software (Version 14.0, Rockwell Automation, Milwaukee, WI, USA). Section 4
presents and analyzes the simulation results obtained under different EV penetration
scenarios, focusing on station capacity, waiting behavior, and service performance. Finally,
Section 5 summarizes the main findings of the study and discusses their implications for
sustainable fuel station planning, along with recommendations for future research.

2. Problem
The rapid growth of EVs raises critical questions regarding whether the existing

charging infrastructure can adequately meet demand, which varies significantly by time of
day, location, and driver characteristics [35,36]. National and international data indicate
considerable uncertainty as to whether current charging infrastructure possesses sufficient
capacity to accommodate increasing EV penetration levels [15,37]. Moreover, changes
in user profiles, increasing battery capacities, the growing prevalence of long-distance
travel, and modifications in electricity tariffs that reduce the economic advantage of home
charging are expected to substantially increase the demand for public fast-charging services
in the medium term [37–39].

In this context, fuel stations located near highways play a strategic role, as they
are uniquely positioned to serve both dense urban traffic and the high-power charging
requirements of long-distance travelers [18,40]. However, the operational implications of
integrating fast-charging units into existing fuel stations (where EVs and ICEVs share the
same physical space) remain insufficiently understood.

The core problem lies in the lack of quantitative evidence regarding how the integration
of fast-charging units affects station operational performance, queue formation, waiting
times, and service quality, as well as how these impacts vary under different EV penetration
rates. This knowledge gap hinders accurate forecasting of future demand on existing
station infrastructure, limits the objective identification of potential capacity bottlenecks,
and constrains the development of scientifically grounded strategies for sustainable fuel
station planning during the transition to electric mobility.

Accordingly, this study addresses the following problem: (i) to determine how the
integration of fast-charging units into fuel stations sharing physical space with ICEVs influ-
ences operational performance, queue dynamics, and service quality, and (ii) to examine
how these effects change under varying EV penetration scenarios. Addressing this problem
provides a critical framework for predicting future infrastructure demand, identifying
capacity constraints, and supporting data-driven and sustainable planning decisions for
fuel stations during the EV transition.

3. Methodology
The dataset used in this study originates from a fuel station located along the Istanbul

E-5 side-road and includes hourly vehicle arrivals (between 06:00–24:00) as well as refueling
and dwell times recorded on site. Within the framework of the EV ownership growth
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scenario, a simulation model was developed to analyze the waiting times occurring at
the station.

Arena simulation software was selected due to its suitability for modeling complex
queue dynamics observed in fuel stations serving both EVs and ICEVs, which operate under
stochastic conditions and capacity constraints. The discrete-event simulation approach
enables explicit representation of key parameters such as vehicle arrivals, service processes,
and queue formation. In addition, the use of probability distributions based on field
measurements allows the model to realistically capture the significant variability observed
in refueling and charging processes.

To ensure that the dwell times employed in the simulation realistically reflect the oper-
ational behavior of the station, the methodological procedure for the study was structured
step-by-step in the flowchart in Figure 1.

Figure 1. Flowchart for the development of the simulation model.

The methodological flow of the research consists of the following steps: First, field
data was collected to obtain real measurements of both refueling and EV charging opera-
tions. Subsequently, the statistical distribution of dwell times (refueling and EV charging)
analyzed using these data, and the distribution models that best represent conventional
refueling durations were identified. Following these data-driven preparations, a compre-
hensive simulation model was developed, and various scenarios reflecting different levels
of EV penetration were executed on this model. Finally, the model outputs were examined
comparatively to evaluate the potential impacts on station performance, queue dynamics,
and overall service quality.

3.1. Study Area and Characteristics

The fuel station under examination is located on the side-road of the E-5 highway,
one of the busiest transportation corridors in Istanbul, Turkey, specifically in the Merter–
Topkapı section (see Figure 2). To minimize operational variability, the study focused on
a station that exclusively serves gasoline and diesel, excluding LPG services to avoid the
queue uncertainty caused by the longer dwell times and strict safety protocols associated
with LPG. The station, situated centrally within the urban network and servicing substantial
regional and long-distance traffic, offers an appropriate framework for examining the
operational dynamics of high-demand energy supply points.

The infrastructure of the station consists of eight dual-hose fuel dispensers, the ca-
pacity to serve up to 16 ICEVs simultaneously (see Figure 3). This capacity is important
for maintaining service flow during peak hours and forms a basis for modeling queue
formation, dwell times, and overall system performance. This approach ensures that the
resulting model is more coherent and analytically manageable.
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Figure 2. Spatial representation of the investigated fuel station (source: OpenStreetMap).

 

Figure 3. View of the fuel station under real-time operational conditions.

3.2. Collection of Field and Survey Data

This study used a combined dataset derived from direct field measurements and user
surveys, providing the essential inputs needed to model EV charging behavior and to
conduct realistic scenario analyses within the simulation framework.

3.2.1. Fuel Station Data

Comprehensive field investigations were conducted to realistically model the opera-
tional dynamics of the station and to enhance the accuracy of the simulation inputs. Field
observations and traffic counts were conducted during the station’s service hours, between
06:00 and 24:00, covering an 18 h period. This timeframe was chosen to represent the full
range of daily traffic flow (morning peak, mid-day activity, evening congestion, and the
decline during late hours). Throughout the defined period, all vehicles entering the station
were systematically recorded, creating the dataset used for modeling queue behavior and
service processes (vehicle arrival intervals, counts, and dwell times).
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3.2.2. Total Occupancy Time at DC Fast Charging Stations: A Realistic Dataset
for Modeling

To realistically model EV charging operations, six DC fast charging stations operated
by three different companies and located in a shopping mall parking area, as shown in
Figure 4, were examined. These stations were found to be equipped with units providing
maximum power levels of 200 kW, 150 kW, and 120 kW, respectively; each station includes
two DC charging ports. The charging durations of vehicles using these units were measured
and recorded in detail. The measurements were based on the total time (dwell time) from
the vehicle’s approach to its departure, covering not only the battery charging time but
also all processes such as power fluctuations depending on the vehicle model, connection
procedures, and payment operations. This approach is important because it accurately
reflects the full duration during which the charger is physically occupied, even if the actual
charging has not yet begun.

 

Figure 4. Examined DC fast-charging stations.

In addition to the operational measurements obtained from DC fast-charging stations,
a complementary dataset was collected through a structured user survey. The survey was
designed to capture behavioral and perceptual aspects of EV charging that cannot be directly
observed in field measurements (such as users’ typical charging duration expectations,
waiting tolerance, preferred charging locations, and daily mobility patterns). These survey-
based insights were incorporated to enhance the representativeness of the charging duration
distributions and to support the development of more realistic simulation scenarios.

3.2.3. Survey Methodology for Examining EV User Behavior and Future
Adoption Tendencies

In this study, a survey-based research method was employed to analyze EV users’
charging behaviors, station preferences, and the future EV adoption tendencies of all
participants. The sample encompassed a broad group of drivers, including current EV
owners, individuals with potential future interest in acquiring an EV, and those who stated
that they do not prefer to use EVs. A total of 385 participants completed the survey, of
whom 39% reported already owning an EV. The sample size (n = 385) was determined to
represent the demographic diversity of the target population.

The survey form included questions on demographic characteristics such as gender,
age, education level, and income, as well as participants’ expectations regarding charging
points, their usage and preference patterns related to conventional fuel stations, and their
future EV ownership plans. The collected responses were systematically analyzed, and the
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resulting data provided important inputs for the modeling processes conducted within the
scope of the study.

3.3. Simulation-Based Modeling of the Fuel Station

In this section, information is provided regarding the method used in the simulation
model developed with a discrete event simulation approach and the Arena simulation
software. Within the scope of the field study, all field data were recorded separately for
each hour, and the real-time arrival–departure data obtained formed the main inputs of the
model. The interarrival time between vehicles was taken as the time between the arrival
of one vehicle at the station and the arrival of the next vehicle. The dwell times were
calculated as the total time from the moment the vehicle arrived and stopped in front of
the dual-hose fuel dispenser until it completed its process and left the station, thereby
making the fuel dispenser available again. The reason for this approach is that the vehicle
physically occupies the pump area regardless of whether refueling has started or not. Since
the data were obtained through systematic counts and precise measurements carried out
in the field, they reflect the real operating conditions of the days on which measurements
were conducted in February 2025.

After the preparation of the dataset, vehicle interarrival times and dwell times ob-
served at the fuel station were fitted to appropriate statistical distributions using the Arena
simulation input analyzer. During the distribution selection process, the Kolmogorov–
Smirnov (K–S) goodness-of-fit test was employed as the primary statistical evaluation
tool at a 95% confidence level (α = 0.05). Within this framework, the null hypothesis
(H0) assumes that the sample data follow the selected theoretical distribution. When the
resulting p-value exceeds 0.05 (p > 0.05), the null hypothesis is not rejected, indicating that
the corresponding distribution is statistically consistent with the observed field data. Con-
versely, when p ≤ 0.05, the null hypothesis is rejected, and such distributions are considered
incompatible with the data at the 95% confidence level and are therefore excluded from
further analysis.

Nevertheless, for certain time intervals, it was observed that multiple candidate
distributions yielded p-values greater than 0.05, or that some p-values were close to, or
slightly below, this threshold. In such cases, the distribution selection was not based solely
on the p-value. The test statistics and significance levels were treated as supportive rather
than decisive criteria, and a holistic evaluation approach was adopted by jointly considering
squared error measures and histogram-based visual goodness-of-fit assessments. Within
this framework, as shown in Tables 1 and 2, the distributions deemed to best represent the
empirical behavior of vehicle arrival and service processes were selected for subsequent
simulation analyses.

Table 1. Time-interval-based probability distributions and goodness-of-fit statistics for interar-
rival times.

Time
Interval Sample Size (n)

Suitable
Probability

Distribution for Interarrival
Times (s)

Squared Error K–S Statistic p-Value

06:00–07:00 31 27 + WEIB (80.9, 1.27) 0.0583510 0.131 0.0901

08:00–09:00 152 0.999 + WEIB (23, 1.02) 0.0082360 0.101 0.0867

10:00–11:00 91 57 + 483 × BETA (1.6, 2.29) 0.0046400 0.0503 >0.15

11:00–12:00 87 NORM (39.5, 23.7) 0.0308540 0.164 0.0647

14:00–15:00 96 NORM (246, 70.6) 0.0408520 0.143 0.0478
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Table 1. Cont.

Time
Interval Sample Size (n)

Suitable
Probability

Distribution for Interarrival
Times (s)

Squared Error K–S Statistic p-Value

17:00–18:00 159 6 + 116 × BETA (1.44, 2.66) 0.0321930 0.0107 >0.15

18:00–19:00 201 −0.5 + GAMM (13.6, 1.34) 0.0015855 0.104 >0.15

19:00–20:00 137 5.5 + WEIB (21.1, 1.27) 0.0038800 0.0686 >0.15

22:00–23:00 58 TRIA (4, 56.5, 109) 0.0075770 0.112 >0.15

23:00–24:00 38 43.5 + 96 × BETA (1.06, 0.807) 0.0322550 0.117 >0.15

Note: WEIB = Weibull distribution; BETA = Beta distribution; NORM = Normal distribution; GAMM = Gamma
distribution; TRIA = Triangular distribution; K–S statistic = Kolmogorov–Smirnov statistic; p-value = significance
level of the K–S test, where each distribution was fitted using the hourly interarrival time data.

Table 2. Time-interval-based probability distributions and goodness-of-fit statistics for dwell times.

Time
Interval Sample Size (n)

Suitable Probability
Distribution for Dwell Time

(s)
Squared Error K–S Statistic p-Value

06:00–07:00 31 129 + EXPO (75.5) 0.0259310 0.134 0.119

08:00–09:00 152 150 + 398 × BETA (0.883, 2.48) 0.0447860 0.11 >0.15

10:00–11:00 91 91 + GAMM (139, 1.36) 0.0093630 0.104 0.0601

11:00–12:00 87 NORM (44.3, 23.8) 0.0417880 0.15 0.0485

14:00–15:00 96 81 + WEIB (159, 1.64) 0.0203620 0.115 0.0963

17:00–18:00 159 102 + WEIB (163, 1.77) 0.0411910 0.139 0.082

18:00–19:00 201 102 + ERLA (48.4, 3) 0.0155760 0.0752 >0.15

19:00–20:00 137 78 + WEIB (169, 1.69) 0.0080300 0.0894 0.149

22:00–23:00 58 86 + ERLA (73, 2) 0.0058520 0.0629 > 0.15

23:00–24:00 38 TRIA (56, 361, 478) 0.0137530 0.11 0.0472

Note: WEIB = Weibull distribution; EXPO = Exponential distribution; BETA = Beta distribution; NORM = Normal
distribution; GAMM = Gamma distribution; ERLA = Erlang distribution; TRIA = Triangular distribution; K–S
statistic = Kolmogorov–Smirnov statistic; p-value = significance level of the K–S test, where each distribution was
fitted using the hourly dwell time data.

As shown in Figure 5, the distributions identified through this process were incor-
porated into the hourly based Arena simulation model to define vehicle interarrival and
dwell times.

In the second phase of the study, an extended version of the baseline station model
was developed to incorporate EV demand. In this structure, referred to as Model 2, one of
the existing dual-hose fuel dispensers was replaced with a dual-port DC fast-charging unit.
This configuration allows a detailed examination of the operational impacts of integrating
EV charging into a conventional fuel station while accounting for capacity limitations. The
model was constructed within the Arena simulation environment in accordance with the
process flow presented in Figure 6.

In Model 2, EV charging durations were derived from a synthesis of field measure-
ments and survey data. Consistent with the methodology applied in earlier stages, this
dataset underwent distribution-fitting analysis to establish valid simulation inputs. The re-
sulting probability distributions were then integrated into the hourly simulation framework
to accurately represent charging dwell times.
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Figure 5. Flowchart used in the simulation model.

Figure 6. Flowchart of the Simulation Model Developed with the Inclusion of EV Arrivals.
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It was assumed that there would be no change in the number of ICEVs entering the
station and that their arrival distributions would also remain unchanged. Additionally,
within the simulation model, the physical capacity limitations of fuel pumps and charging
units were defined as critical system constraints. In this context, a decide block was utilized
to verify resource availability against the maximum station capacity prior to the initiation
of the refueling or charging process. This logic mechanism ensures that the number of
simultaneous operations does not exceed the physical limits of each resource type, thereby
maintaining consistency with real-world operational conditions.

3.4. Growth Scenarios for EV Penetration in Turkey

The EV and Charging Infrastructure Projection report published by the Energy Market
Regulatory Authority (EMRA) in April 2024 presents low-, medium-, and high-scenario-
based forecasts for the number of EVs in Turkey. According to these scenarios, the number
of EVs by the end of 2025 is expected to reach 202,030 in the low scenario, 269,154 in the
medium scenario, and 361,893 in the high scenario. However, as of September 2025, the
actual number of EVs reached 319,155, surpassing both the medium- and low-scenario
estimates and approaching the high-scenario projection. Therefore, the analyses conducted
within the scope of this study are based on the high-scenario data.

Furthermore, as shown in Table 3 of the same report, long-term projections estimate
that the number of EVs will reach 1,679,600 in 2030 and 4,214,273 in 2035 [15]. In contrast,
the Mobility Vehicles and Technologies Roadmap: Strategy and Analysis Report outlines
different targets for the year 2030. These targets include increasing the percentage of EVs to
at least 75%, achieving a 35% market share for EVs, and raising the national EV stock to
approximately 2.5 million units [41].

Table 3. EMRA Electric Vehicle and Charging Infrastructure Projections (2025–2035).

Year Low Scenario Medium Scenario High Scenario

2025 202,030 269,154 361,893

2030 776,362 1,321,932 1,679,600

2035 1,779,488 3,307,577 4,214,273

The EV projections used in this study were developed by jointly evaluating national
market growth trends, sectoral capacity expansions, policy targets, and vehicle ownership
tendencies derived from the survey results. Following these assessments, the projections
generated through this process constituted one of the fundamental inputs for the scenario
modeling. According to these estimates, both the number of EVs and their share within the
total vehicle fleet are expected to increase significantly in the coming years. A summary of
these projections is presented in Table 4.

Table 4. EV penetration projections in Turkey (2030–2040).

Year Total Vehicles
(Million)

EVs
(Million) EV Share (%)

2030 41.2 2.7 6.6%

2035 42.2 4.2 10.0%

2040 43.2 7.2 17.0

Based on the estimated values obtained from the projection table, three separate
scenarios were created in which 5%, 10%, and 20% of the vehicles arriving at the station
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were assumed to be EVs. These conversion rates were integrated into the corresponding
hourly demand patterns, and for each defined scenario, a separate simulation experiment
was conducted to assess the station’s operational efficiency (see Figure 7). In this manner,
the impacts of different EV penetration levels on station capacity, queue lengths, waiting
times, and resource utilization rates were comparatively analyzed.

Figure 7. Process modeling block of the Arena simulation model.

4. Results
The current usage profile of the station, alternative scenarios for EV integration, and the

resulting waiting behaviors under these scenarios have been examined in a comprehensive
and systematic manner. The findings provide important indicators of how the station
performs both under current conditions and in the face of potential future increases in
demand, thereby revealing critical decision areas for subsequent planning stages.

4.1. Fuel Stations and DC Fast-Charging Stations

As shown in Figure 8, measurements revealed that a total of 1864 vehicles entered the
station between 06:00 and 24:00. Traffic volume increased significantly during the morning
hours between 07:00 and 09:00, with 134 vehicles using the station between 07:00–08:00 and
152 vehicles between 08:00–09:00. Around midday, traffic decreased to 87 vehicles between
11:00–12:00, but rose again during the 12:00–14:00 period, particularly between 13:00–14:00
with 106 vehicles. The highest daily demand occurred between 17:00 and 19:00, when
159 vehicles entered the station between 17:00–18:00 and 201 vehicles between 18:00–19:00,
marking the peak service period. Toward the late evening, demand gradually declined
and reached its lowest level after the 06:00–07:00 time period, with 38 vehicles recorded
between 23:00 and 24:00.

Field measurements conducted at DC fast-charging stations revealed a total occupancy
time dynamic that differs from the theoretical information reported in the literature [42].
As shown in Figure 9, evaluations based on a total of 102 vehicles indicated that the total
time from when a vehicle arrived at the station until it departed ranged from 24 to 71 min,
with the majority of the distribution concentrated between 32 and 48 min. These data
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demonstrate that the per-vehicle occupancy time at DC fast-charging points is longer and
more variable than expected.
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Figure 8. Number of vehicles arriving at the station between 06:00 and 24:00.
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Figure 9. Scatter plot of charging durations at measured DC points.

The primary reason for these extended and variable durations is that charging time is
not solely determined by the physical process of battery charging. The overall process is
significantly influenced by connection procedures, payment operations, power fluctuations
depending on the vehicle model, and software-related synchronization issues. Furthermore,
after reaching the target state of charge, drivers were granted additional tolerance periods
of 5, 10, or 15 min, and some drivers did not immediately depart after charging was
completed; these behavioral factors further extend the total occupancy time.

Due to this complex field reality, this study adopts total occupancy time as the primary
charging time metric. Total occupancy time encompasses the entire duration from when
a vehicle docks at the station to when it departs, capturing all operational components
such as connection procedures, power fluctuations, software delays, and driver behavior.
This approach more accurately and practically reflects the real usage dynamics and user
behavior at DC fast-charging stations, providing a reliable dataset for station capacity
planning and queueing analysis.

https://doi.org/10.3390/su18020893

https://doi.org/10.3390/su18020893


Sustainability 2026, 18, 893 14 of 30

4.2. User Preferences, Charging Behaviors, and EV Adoption Tendencies

In this section, the survey findings that reveal users’ expectations regarding charging
stations, their demand trends for traditional stations, and the impacts of the EV transition
process on existing infrastructure are presented.

To establish the foundation for the analysis scenarios, the first step involved assessing
users’ current charging access in order to determine their level of dependence on public
charging infrastructure. As shown in Figure 10, 75% of participants reported having
charging facilities at home or in the workplace. This finding indicates that a substantial
proportion of users are already able to meet their daily charging needs in private settings,
thereby suggesting that reliance on publicly accessible charging infrastructure remains
relatively low.

 

75%

25%

Distribution of Home and Workplace Charging 
Availability Among Electric Vehicle Owners

Those with home or workplace charging access

Those without home or workplace charging access

Figure 10. Users’ charging access availability based on survey data.

It should be noted that, in order to capture the behaviors and expectations of EV users,
the survey specifically targeted current EV owners as well as individuals with potential
interest in adopting an EV in the future. While the survey included a broad cross-section of
drivers, this purposeful sampling approach inherently attracts participants with higher EV
awareness or interest, introducing a potential selection bias. Therefore, the reported low
dependence on public charging infrastructure should be interpreted within the context of
this EV-aware user group rather than generalized to the entire driving population.

To account for the integration of charging units into stations within the analysis
scenarios, participants’ preferred charging locations were examined. As shown in Figure 11,
94% of respondents with home or workplace charging access and 100% of those without
home charging facilities stated that they demand charging services at stations.

Furthermore, EV users’ charging station preferences largely reflected established
behavioral patterns associated with traditional stations. Among participants with home
or workplace charging, 63.2% indicated that easily accessible and safe locations were the
most important criterion when choosing a charging point, while 51.4% of users charging
at public locations shared this view. Among users of publicly accessible charging stations,
24.3% agreed with the statement “location is important, but other factors also matter,”
highlighting that station choice is based not only on location but also on charging speed,
price, waiting comfort, and service variety. In the same user group, 8.1% indicated that
when they can use charging time efficiently, location becomes a secondary factor (Figure 12).

This data collection approach enables a comprehensive evaluation of both users’
preferences regarding charging infrastructure and the influence of home and workplace
charging availability.
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Figure 11. Preferences of EV owners regarding the conversion of stations into charging points.
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Figure 12. Charging station preference priorities of EV users by home/work charging availability.

The significance of these preferences in terms of market dynamics becomes evident
when participants’ intentions to transition to EVs are examined. The projections presented
in Figure 13 indicate that the adoption rate is expected to change substantially over time.
In the short term (the next three years), only 26% of current vehicle owners plan to switch
to EVs, whereas in the medium to long term (the next ten years), this rate rises to 80%.
Similarly, among individuals without a vehicle, the intention to adopt EVs is 35% in the
short term, increasing to 52.5% over a ten-year horizon.
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Figure 13. Comparison of participants’ plans to acquire EVs in the next 3 and 10 years.

As shown in Figure 14, according to the survey results, participants without a vehicle
were asked, “If you had a vehicle, which type of vehicle would you prefer?” Among them,
34% indicated a preference for EVs, 28% for hybrid vehicles, 16% for gasoline vehicles, 17%
for diesel vehicles, and 5% for LPG vehicles.

 

Figure 14. Participants’ percentage trends regarding future vehicle ownership.

Participants who already owned a vehicle were asked, “Do you consider owning an
EV in the future?” Among these participants, 39% expressed that they are considering
owning an EV, 23% indicated that they are not, and 38% were undecided.

Additionally, as shown in Figure 15, the charging behaviors and usage habits of EV
owners were evaluated. It was found that users without home charging facilities mostly car-
ried out charging sessions lasting 30–44 min (32%) and 45–59 min (22%), whereas users with
home charging facilities predominantly charged for 21–30 min (28%) and 30–44 min (41%).
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Figure 15. Distribution of charging durations among EV users.

4.3. Baseline Assessment of Current Pump Utilization Profile and EV Integration

The process of determining (fitting) the input distributions used in the model develop-
ment is described in detail in Section 3.3 (Methodology), with summarized results presented
in Tables 1 and 2. In brief, raw field data (vehicle interarrival times and dwell times) were
analyzed on an hourly basis using the Arena input analyzer software (Version 14.0).

This section focuses on testing the statistical validity (validation) of the defined model
and presenting the results. For validation purposes, each scenario (time interval) was
executed with 100 independent replications, and performance measures (average vehicle
arrivals and average dwell times) were calculated within 95% confidence intervals.

The validity of the model was assessed based on whether the field measurements fell
within the confidence intervals generated by the simulation. As shown in Table 5, for all
time intervals, field observations (Field Vehicle Arrivals and Field Dwell Time) lie within
the 95% confidence intervals of the model. For instance, during the 08:00–09:00 interval,
the observed average of 152 vehicles falls within the model’s 153 ± 1.18 interval, while the
observed average dwell time of 254.3 s also lies within the model’s 249.3 ± 7.46 s range.

Table 5. Comparison of Field and Simulation Results with 95% Confidence Intervals.

Time
Interval Field Vehicle Arrivals 95% CI—Model

Vehicle Arrivals Field Dwell Time (s) SD 95% CI—Model
Dwell Time (s)

06:00–07:00 31 31 ± 1.54 204.5 94.6 202.8 ± 5.02

07:00–08:00 134 132 ± 2.33 255.6 107.1 259.6 ± 4.98

08:00–09:00 152 153 ± 1.18 254.3 83.8 249.3 ± 7.46

12:00–13:00 112 110 ± 2.85 224.5 86.3 231.7 ± 10.59

13:00–14:00 106 108 ± 1.98 251.1 90.5 248.1 ± 6.41

15:00–16:00 81 82 ± 1.64 262.8 92.2 269.6 ± 8.48

19:00–20:00 137 137 ± 2.88 230.7 88.6 228.2 ± 4.02

20:00–21:00 103 101 ± 3.24 237.3 92.2 240.4 ± 4.33

23:00–24:00 38 38 ± 0.47 294.3 87.0 295.1 ± 8.33

Note: SD = standard deviation of field-measured dwell times; CI: 95% confidence interval.
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This high level of agreement demonstrates the effectiveness of the distribution fitting
process summarized in Tables 1 and 2 and confirms that the model accurately represents
the real system. Variability in dwell times (standard deviation) was incorporated through
appropriately fitted input distributions, allowing the simulation outputs to reliably reflect
the real system’s performance within statistically meaningful confidence intervals. More-
over, the half-widths of the confidence intervals, indicated by the “±” values in Table 5, are
less than 5% of the mean values, demonstrating the statistical stability and reliability of the
model outputs.

In conclusion, the validation results clearly indicate that the developed discrete-event
simulation model is a valid and reliable tool for analyzing the performance of a station
providing both conventional fuel refueling for ICEVs and charging services for EVs.

4.3.1. Current Fuel Pump Utilization Profile and Fundamental Assessment for
EV Integration

Following the development of the model in alignment with the field data, the utiliza-
tion profile of the existing pump infrastructure was comprehensively examined prior to the
integration of EV charging units, as illustrated in Figure 16. For each hourly interval, the
average number of simultaneously active pumps was identified, and the corresponding
utilization rate was calculated. Based on the resulting hourly data, the demand dynamics
and capacity utilization patterns of the station were evaluated as follows.
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Figure 16. Hourly concurrent pump operation and utilization rates in the current station configuration.

During the early morning hours (06:00–07:00), the pump utilization rate was approx-
imately 11%, representing a low-demand period. However, between 07:00 and 09:00,
utilization rates increased substantially to 60% and 67%, respectively, in parallel with rising
traffic volumes, indicating a high level of operational activity during this interval.

During the late morning and midday period (09:00–14:00), utilization rates ranged
between 35% and 46%. Although some fluctuations in demand were observed, this time-
frame generally corresponded to a moderate level of capacity usage. In the afternoon
(14:00–17:00), utilization remained within the 37–49% range, reflecting a relatively stable
usage pattern.
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The highest demand of the day occurred between 17:00 and 19:00. During this period,
the utilization rate reached 80% between 17:00 and 18:00, and increased further to 86%
between 18:00 and 19:00, representing the peak values observed throughout the day. This
indicates that the existing pump capacity was utilized near its maximum level during the
evening peak.

Between 19:00 and 22:00, utilization rates ranged from 38.80% to 54.87%, suggesting
a relatively high yet stable demand level. In the final hours of the day (22:00–24:00),
utilization rates decreased to 19–23%, marking a period of significantly reduced demand.

4.3.2. Analysis of EV Percentage-Change Scenarios and Vehicle Waiting Queues

Following the detailed analysis of the existing demand profile, the outputs of the
simulation scenarios developed based on national vehicle fleet projections for the 2025–2040
period were evaluated. The resulting findings are presented in Figure 17. Figure 17
illustrates the hourly variation in the number of waiting vehicles under three different
scenarios with EV penetration rates of 5%, 10%, and 20%, together with the corresponding
waiting vehicle growth factors. The results indicate that the impact of increasing EV share
on station performance is non-linear; rather, once certain threshold values are exceeded,
waiting behaviors deteriorate rapidly.

 

0.00
5.00
10.00
15.00
20.00
25.00
30.00
35.00
40.00
45.00

0
5

10
15
20
25
30
35
40

W
ai

tin
g 

Ve
hi

cl
e G

ro
w

th
 F

ac
to

r

N
um

be
r o

f W
ai

tin
g 

Ve
hi

cl
es

Time of Day (hour)

Impact of EV Share on the Number and Growth Rate of Waiting Vehicles

5% EV Share Scenario
10% EV Share Scenario
20% EV Share Scenario
Waiting Vehicle Growth Factor (EV Share: 5% → 10%)
Waiting Vehicle Growth Factor(EV Share: 10% → 20%)

Figure 17. Number of waiting vehicles at the station and their relative increase rates under different
EV share scenarios.

Under the 5% EV scenario, the system exhibits a generally stable and predictable
performance throughout the day. The number of waiting vehicles remains within the range
of 0–5 vehicles during most time periods, with only limited and short-term fluctuations
observed. This suggests that the current station layout and charging capacity are largely
sufficient to accommodate low EV demand without causing capacity exceedance. However,
when the EV share increases to 10%, a pronounced vulnerability in system performance
emerges. In particular, during the morning (08:00–09:00) and evening (17:00–20:00) peak
periods, the number of waiting vehicles increases significantly, reaching average values of
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approximately 8–15 vehicles. This increase can be attributed to the relatively long charging
durations of EVs, which reduce service rates and disrupt the balance between demand
and capacity.

The scenario with a 20% EV share represents a critical condition in which the system
reaches its operational limits and performance deteriorates rapidly. During both morning
and evening peak hours, the number of waiting vehicles frequently exceeds 25, and reaches
values above 30 in the 18:00–19:00 interval, indicating that demand remains well above the
station’s capacity. This finding clearly demonstrates that the existing charging infrastructure
configuration is unable to accommodate such a level of EV demand and that the system
has entered a saturation regime. Moreover, the fact that the increase in waiting vehicles is
well above twofold when the EV share rises from 10% to 20% indicates a high sensitivity of
the station to EV demand, with queue formation growing rapidly in a non-linear manner.

The waiting vehicle growth factor presented on the secondary axis clearly reveals the
nonlinear behavior observed in the system. When the share of EVs increases from 5% to
10%, the growth factor reaches exceptionally high values during certain time periods. In
particular, it approaches 30 during low-demand hours such as 06:00–07:00 and exceeds 40 in
the 23:00–24:00 time interval. These extraordinary values occur despite the fact that average
waiting levels in the reference scenario are relatively low, indicating that the system is
highly sensitive to even small increases in EV demand when operating under low baseline
demand conditions.

By contrast, when the EV share rises from 10% to 20%, the growth factors are generally
lower; however, these increases occur at much higher absolute waiting levels. This indicates
that the system has already reached a saturated state around the 10% EV share threshold.
Consequently, additional EV demand no longer results in disproportionately large relative
increases, but instead further exacerbates already excessive queue lengths.

From a sustainable transportation and infrastructure planning perspective, these
findings point to a critical capacity threshold. Once the EV share exceeds approximately
10%, the existing charging capacity and waiting area configuration become insufficient,
substantially increasing the risk that queues will spill beyond the station boundaries and
encroach onto adjacent arterial roads.

Note: The growth factor (GF) is defined as the ratio of the average waiting time calcu-
lated for a given EV scenario to that of the reference scenario (GF = Wscenario/Wreference).

Building on the capacity saturation observed under the 20% EV share scenario, the
analysis is extended at this stage to assess the potential impacts of technological advance-
ments in charging infrastructure. In this context, a configuration based on the use of
high-power charging units rated at 230 kW and above is assumed, under which EVs
are considered to complete the charging process and depart from the station within ap-
proximately 10–20 min. Based on this assumption, the number of waiting vehicles was
recalculated and comparatively presented against the current charging time scenario in
Figure 18.

The results indicate that, under the high-power charging scenario, a reduction in
the number of waiting vehicles is observed across all time intervals. This reduction is
particularly pronounced during low-demand periods, with the number of waiting vehicles
approaching zero during the 06:00–07:00 and 23:00–24:00 time intervals.

By contrast, absolute waiting levels remain high during the morning and especially
the evening peak periods. For instance, during the 18:00–19:00 time interval, the number
of waiting vehicles decreases from 34.06 under the current charging time scenario to
29.53 under the high-power charging scenario, corresponding to an improvement factor of
only 1.15. This relatively low value indicates that the system operates close to saturation
during these hours and that reductions in charging time lead to only limited decreases in
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queue lengths rather than fully eliminating them. Similarly, improvement factors generally
remain within the range of 1.15–1.30 during the 17:00–20:00 period, suggesting that under
high-demand conditions the effectiveness of technological improvements is constrained by
structural capacity limitations.
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Figure 18. Impact of EV Share and Charging Time on Waiting Queue Length under the 20% EV Scenario.

Overall, while high-power charging technologies are shown to reduce waiting queues
under near-saturated conditions such as the 20% EV share scenario, their effectiveness
remains limited during peak hours. In other words, a single technological intervention
based solely on shortening charging durations is insufficient to substantially reduce waiting
vehicle numbers under high EV penetration levels. These findings highlight the necessity
of complementing fast-charging technologies with additional measures, such as capacity
expansion, an increase in the number of charging points, or demand management strategies.

Note: The improvement factor (IF) is defined as the ratio of the average waiting time
calculated for a given EV scenario to that of the reference scenario (IF = Wreference/Wscenario).

Following the assessment of operational impacts under the single dual-hose fuel dis-
penser conversion scenario, the analysis was extended to examine the effects of converting
two dual-hose fuel dispensing units into EV charging units. This step allows for a clearer
observation of how incremental reductions in conventional refueling capacity influence
overall station performance.

The conversion of two dual-hose fuel dispensing units into EV charging units led
to a distinct and continuous increase in the hourly utilization rates of the remaining fuel
dispensers across all time periods. The simulation results clearly demonstrate a systematic
rise in utilization compared to the scenario in which only one dual-hose unit was taken
out of service (Figure 19). During the morning hours, utilization increased from 12.58% to
14.67% between 06:00–07:00, from 67.95% to 79.27% between 07:00–08:00, and from 76.70%
to 89.48% between 08:00–09:00. This upward trend continued through the late morning,
with utilization rising from 43.40% to 50.63% between 09:00–10:00, from 50.61% to 59.05%
between 10:00–11:00, and from 39.68% to 46.29% between 11:00–12:00. Similar increases
were observed during the noon and afternoon periods, where utilization rose from 49.51%
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to 57.77% between 12:00–13:00, from 52.81% to 61.62% between 13:00–14:00, from 54.35% to
63.41% between 14:00–15:00, from 42.22% to 49.25% between 15:00–16:00, and from 55.44%
to 64.67% between 16:00–17:00. During the evening peak, the station operated nearly at full
capacity, with utilization increasing from 91.25% to 99.93% between 17:00–18:00 and from
99.31% to 99.86% between 18:00–19:00, resulting in significant queuing of ICEVs. In these
periods, an average of 9.65 vehicles were observed waiting between 17:00–18:00, rising to
26.29 vehicles between 18:00–19:00. In the post-evening hours, utilization increased from
62.71% to 73.16% between 19:00–20:00, from 48.49% to 56.57% between 20:00–21:00, and
from 44.34% to 51.73% between 21:00–22:00. Although more moderate during late-night
hours, utilization still rose from 26.70% to 31.15% between 22:00–23:00 and from 22.19% to
25.89% between 23:00–24:00. Overall, these findings indicate that converting two dual-hose
fuel dispensing units into EV charging units imposes a substantial strain on the station’s
fuel dispensing capacity.
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Figure 19. Hourly distribution of pump utilization for ICEVs (single and double dual-hose fuel dispenser).

Overall, these results demonstrate that converting two pumps into charging units produced
a consistent, widespread, and measurable increase in the station’s hourly utilization dynamics.

5. Discussion and Implications
The primary rationale for selecting a high-traffic urban corridor in this study lies in

the fact that urban areas with high population density are predominantly characterized
by multi-storey building stock, which significantly constrains individual EV users’ access
to residential or privately owned charging facilities. In such urban contexts, it is expected
that EV charging demand will increasingly need to be met through shared and publicly
accessible charging infrastructure in the coming years. In contrast, in rural areas with lower
population density, the prevalence of detached housing types that more readily accommo-
date private charging options, together with relatively lower ICEV and EV ownership rates,
is anticipated to limit the pressure exerted by EV adoption on station capacity in the short
to medium term. Accordingly, while the findings of this study are particularly critical for
high-density urban stations, the proposed methodological framework remains adaptable
and transferable to station types characterized by different demand profiles.

Current evidence indicates that a large proportion of EV users are still able to charge
their vehicles in private spaces. According to survey results incorporating ChargeLab data,
86.0% of EV users have access to home charging; however, 59.6% of these users continue
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to utilize public charging stations on a weekly basis despite having residential charging
access [43]. Similarly, field observations and survey data obtained in this study reveal that
approximately 75% of drivers have access to home charging. These findings suggest that
even under present conditions, residential charging does not eliminate demand for public
charging infrastructure; rather, public facilities serve a complementary function.

With the widespread adoption of electric vehicles, it is anticipated that users lacking
access to charging facilities in private spaces will also increasingly opt for electric vehicles,
leading to a gradual expansion of this user group. This trend, together with shifts in
lifestyle patterns and the availability of accessible public fast-charging infrastructure, is
expected to increase demand for public charging networks [44–47]. Operational analyses
conducted at a hybrid station located on the service road of Istanbul’s E-5 corridor (serving
both ICEVs and EVs) clearly demonstrate how these trends materialize at the station scale.
Simulation results indicate that even under scenarios with an EV penetration rate as low as
10%, queue lengths and resource utilization increase rapidly, particularly during morning
and evening peak periods. This finding underscores that national or regional EV adoption
rates cannot be directly translated into station-level infrastructure adequacy and highlights
the critical importance of micro-scale planning [12,13].

In the scenarios developed within this study, it was assumed that drivers do not
abandon queues, thereby enabling the analysis of waiting times and bottlenecks under the
most unfavorable operational conditions. While survey-based studies conducted among
EV drivers in California indicate that the likelihood of choosing a given station decreases
as waiting times increase [48], growing vehicle volumes and limited alternatives in dense
urban areas may leave drivers with little opportunity to avoid waiting. Consequently,
queue abandonment behavior was excluded from the model in order to explicitly reveal
potential capacity constraints and to assess worst-case scenarios.

Unlike many studies that rely on standardized or nominal charging durations, this
study demonstrates that total dwell time is not limited to the technical charging process
alone. Vehicle connection, authentication, payment procedures, and auxiliary activities
related to software and user interaction substantially extend the actual service duration.
This constitutes one of the key factors constraining station efficiency and highlights the
necessity of using dwell-time distributions based on real field data rather than nominal
values in capacity analyses [49,50]. Although the widespread deployment of ultra-fast
charging points is anticipated in the coming years, actual charging durations are not
solely determined by the nominal kW rating of the charger. Instead, they are shaped
by electrical grid capacity, concurrent usage conditions, vehicle–charger compatibility,
and software-related processes. Accordingly, it becomes evident that idealized charging
times assumed in theoretical planning frameworks may fail to accurately reflect real-world
operational conditions.

Although charging location choice is often treated as a secondary factor in the lit-
erature [51–53], survey results obtained in this study indicate a clear user preference for
the availability of charging units at conventional fuel stations (Figure 11). This tendency
is expected to strengthen further in urban contexts where residential charging access is
limited and EV ownership is rapidly increasing. Beyond fuel supply, traditional fuel sta-
tions function as urban nodes offering complementary services such as retail facilities,
restroom access, vehicle maintenance, and 24/7 secure operation. These attributes render
the conversion of existing stations into EV charging hubs an attractive option for both users
and operators, with demand anticipated to grow alongside increasing EV adoption.

From an urban planning perspective, converting existing fuel stations rather than
developing entirely new sites represents a more feasible and sustainable approach [54].
However, such conversion processes require the integrated consideration of traffic condi-
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tions, user behavior, charging durations, and spatial layout in order to prevent unintended
operational conflicts. In particular, EV-ready charging units impose distinctly different
physical and operational space requirements compared to conventional fuel dispensers.
Longer vehicle dwell times, cable management constraints, increased turning radii, and the
need for additional buffer and queuing space are expected to directly affect internal circula-
tion within the station. As illustrated in Figure 20, insufficient spatial allocation may cause
queues formed by EVs entering the station to obstruct not only charging operations but also
access for ICEVs seeking refueling. Moreover, the larger spatial footprint of charging units
relative to fuel pumps, together with technical constraints such as cable routing and safety
clearances, may require the removal of two conventional fuel dispensers to accommodate
a single charging unit, thereby directly reducing overall station capacity and operational
flexibility. Studies examining the adverse effects of roadside vehicle accumulation and
parking-related spillback on traffic flow and internal circulation further support these
findings [55]. Taken together, these considerations highlight the critical importance of
explicitly accounting for the physical and operational space requirements of EV charging
infrastructure in the spatial design and conversion planning of hybrid fuel stations.

 
Figure 20. Conceptual flow diagram illustrating the operational impacts of EV charging demand
on internal station circulation, queue formation, and fuel refueling operations of ICEVs in a hybrid
fuel station.
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The literature indicates that increasing EV ownership may have impacts not only on
energy infrastructure but also on overall traffic patterns and travel behavior. For instance,
the spatial distribution of EVs within the traffic system and the concentration of charging
demand in specific areas can directly influence traffic congestion and vehicle flow dynamics;
integrated traffic–charging models demonstrate that EV usage can generate significant
effects on traffic density and flow conditions [55,56]. Moreover, the relationship between
EV charging behavior and conventional traffic patterns reveals that daily charging demand
profiles tend to align with regular travel routines, highlighting the need to adapt planning
and traffic management strategies to explicitly account for EV-related demand. In this
context, conducting sensitivity analyses to assess the impacts of EV growth on travel
behavior and traffic flow can provide valuable insights for the integrated planning of
charging infrastructure and traffic management strategies [57].

The economic sustainability of station operators constitutes an important complemen-
tary dimension of the conversion process. Rather than providing a full financial feasibility
or profitability assessment, this study qualitatively highlights the key economic factors
that may influence conversion decisions. When EV charging demand levels, potential
revenues from charging services, reductions in ICEV refueling capacity due to spatial
reallocation, electricity price variability, and infrastructure investment requirements are
considered collectively, it becomes evident that the economic outcomes of conversion may
vary substantially across stations [58]. These interacting factors may, in turn, affect oper-
ators’ willingness to invest in EV charging infrastructure. Accordingly, the operational
performance indicators identified in this study (such as waiting times, queue lengths, and
capacity losses) should be interpreted as critical inputs for future, station-specific economic
evaluations rather than as direct measures of profitability.

Overall, the simulation findings clearly indicate that public fast-charging infrastruc-
ture must be carefully planned and deployed in a phased manner. Integrated planning
approaches that jointly consider traffic demand, user behavior, software and auxiliary pro-
cesses, and actual service durations are of paramount importance. It is recommended that
real field-based dwell time distributions be used instead of nominal values when estimating
charging durations. Particularly in high-demand urban corridors, appointment-based or
dynamic charging management systems offer significant potential to reduce peak-hour
queues and improve internal station circulation. In addition, the development of spatial
design and operational standards for hybrid stations would contribute to a more controlled
and efficient transition process.

From a sustainability perspective, the manner in which the increasing electricity de-
mand generated by the conversion of conventional fuel stations into EV charging facilities
is met constitutes a critical concern. The environmental benefits of electric vehicles are not
solely determined by vehicle technology itself but are strongly dependent on the structure
of the electricity generation mix supplying the charging infrastructure. In countries where
electricity production remains partially dependent on fossil fuel-based sources, the short-
term decarbonization potential of electric vehicles may be limited, and EV deployment
does not automatically translate into carbon neutrality. This issue is particularly relevant
for Turkey, where a considerable share of electricity generation is still derived from coal
and natural gas. Nevertheless, the growing penetration of renewable energy sources in
the national electricity mix indicates a gradual transition toward lower-carbon electricity
generation. In this context, the integration of EV charging infrastructure with renewable
energy systems (such as on-site photovoltaic generation, energy storage solutions, and
smart load management) emerges as a key strategy to mitigate indirect emissions and
ensure that the expansion of charging demand contributes effectively to long-term sustain-
ability goals. Therefore, the conversion of fuel stations into hybrid EV charging facilities
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should be evaluated not only from an operational and capacity perspective but also within
an integrated energy–transportation planning framework that aligns charging demand
growth with the decarbonization of electricity supply [15–17].

By combining field measurements, survey data, and microsimulation, this study
offers a comprehensive evaluation framework that contributes to the existing literature. It
quantitatively identifies operational tipping points that emerge once EV shares at hybrid
stations exceed certain thresholds and emphasizes the decisive role of user behavior and
spatial configuration in charging infrastructure performance. The findings demonstrate that
purely technical solutions (such as increasing charging power or the number of connectors)
are insufficient on their own to meet future public charging demand. Instead, operational
improvements, optimization of software processes, and user behavior considerations are at
least as critical as technical factors. Overall, this study highlights the necessity of addressing
the design, strategic placement, and operation of hybrid stations through an integrated
approach grounded in both technical and behavioral evidence, offering concrete insights
for policymakers and planners.

6. Conclusions
This study quantitatively analyzed the operational impacts of integrating EV charging

units into a conventional fuel station located along the Istanbul E-5 side-road using a
discrete-event simulation model supported by field data. The model was developed based
on 1864 observed vehicle arrivals recorded between 06:00 and 24:00 and was validated
within 95% confidence intervals.

Simulation results indicate that under a 5% EV penetration scenario, the existing
station configuration remains largely sufficient from an operational perspective. In this
scenario, the number of vehicles waiting within the station generally remains within
the range of 0–5 vehicles throughout the day, and no significant capacity exceedance
is observed. However, once the EV share reaches 10%, a clear degradation in system
performance emerges. During morning and evening peak periods, the number of waiting
EVs increases to approximately 8–15 vehicles, indicating growing pressure on internal
circulation and service processes.

The 20% EV penetration scenario represents a critical saturation condition. In this
case, during the evening peak hour (18:00–19:00), the average number of EVs waiting
within the station reaches 34.06 (±1.23) vehicles. By comparison, the corresponding value
in the 10% EV scenario is 15.6 (±0.84) vehicles for the same time interval. This sharp
increase demonstrates that queue formation accelerates in a nonlinear manner once the
EV share exceeds approximately 10%, clearly signaling the transition of the system into a
saturated regime.

In the second stage of the analysis, the effects of converting two dual-hose fuel dis-
pensers into EV charging units were examined. This conversion results in substantial
waiting for ICEVs, particularly during evening peak hours. Simulation outputs show
that an average of 9.65 ICEVs wait between 17:00–18:00, and this number increases to
26.29 ICEVs between 18:00–19:00. These findings quantitatively demonstrate that EV inte-
gration directly affects ICEV service performance and should be evaluated as a system-wide
operational change rather than a standalone infrastructure upgrade.

To assess the influence of charging duration, a high-power charging scenario was
also evaluated, assuming that EVs complete charging within 10–20 min. Although this
scenario leads to a reduction in waiting queues, the improvement remains limited during
peak hours. Specifically, during 18:00–19:00, the number of waiting EVs decreases from
34.06 vehicles to 29.53 vehicles, indicating that shorter charging times alone are insufficient
to eliminate congestion under high-demand conditions.
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In conclusion, this study quantitatively identifies approximately 10% EV penetration
as a critical operational threshold for hybrid fuel stations. Once this threshold is exceeded,
waiting queues increase rapidly, leading to a significant deterioration in service quality
for both EVs and ICEVs. The findings highlight that the conversion of conventional fuel
stations into EV-ready hybrid facilities is not merely a technological intervention but a
comprehensive capacity planning and spatial management challenge. Field data-driven
simulation approaches provide a robust and practical framework for identifying operational
tipping points and supporting data-informed decision-making in the transition toward
sustainable urban charging infrastructure.
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