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Abstract

A reliable and well-planned charging infrastructure is an essential pillar for enabling the
widespread adoption of electric vehicles (EVs) and realizing their environmental and eco-
nomic benefits. Car rental companies are increasingly transitioning towards EV fleets to
support sustainability objectives, reduce emissions, and lower operational costs. However,
EV charging management in rental car facilities presents unique challenges, including
limited parking space, strict vehicle availability requirements, and unpredictable charging
demand patterns. This study introduces a data-driven and probabilistic framework to
estimate EV charging demand in rental car fleets. The proposed model integrates rental
mobility data, vehicle technical specifications, and charging standards and employs Monte
Carlo simulation to capture uncertainties in user behavior and charging processes. In
addition, a priority-based charging management framework is developed to minimize
technical disruptions in the power system, reduce infrastructure costs, and ensure efficient
load distribution. The results demonstrate that the proposed framework supports sustain-
able charging infrastructure planning by improving charger utilization, enhancing grid
compatibility, and enabling cost-effective EV fleet operations.

Keywords: electric vehicle; charging management; EV rental fleet; probabilistic charging
demand estimation; smart charging infrastructure

1. Introduction
One of the most effective strategies for reducing greenhouse gas emissions and sup-

porting sustainable transportation systems is the electrification of road transport combined
with increased reliance on local renewable energy sources [1,2]. Electric vehicles (EVs) play
a critical role in achieving global sustainability goals by reducing emissions, improving en-
ergy efficiency, and enhancing urban air quality. Over the past decade, global EV adoption
has increased rapidly due to policy incentives, declining battery costs, and technological
advances. In 2024, global electric car sales exceeded 17 million, marking a 35% increase
from 2023 [3].

Despite their benefits, the widespread integration of EVs presents significant chal-
lenges for both the energy and transportation sectors. Numerous technical, economic, and
social barriers must be addressed to facilitate seamless adoption [4]. The complexity of
EV integration stems from two primary factors: (1) EV charging loads are considerably
larger than conventional loads, imposing substantial demands on power grids; and (2) the
evolving nature of EV technology introduces uncertainties related to driver behavior, data
availability, infrastructure development, and technological advancements [5]. Accurate
estimation of EV charging demand and assessment of grid impact are therefore essential [6].
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Addressing these challenges requires probabilistic charging models that capture the inher-
ent variability of EV user behavior [7]. These models support system planning and policy
development by enabling reliable grid impact assessment [8].

Extensive research has been conducted to develop models for estimating EV charging
loads and their impact on power systems. For example, Shafiq et al. [9] developed a
deterministic model to assess residential EV charging demand in a specific U.S. region, with
a focus on its reliability implications. Other studies have explored EV load estimation across
various settings—including residential areas, workplaces, and fast-charging stations—using
probabilistic and simulation-based approaches [10]. Several studies have investigated EV
charging load estimation across different operational environments using probabilistic and
simulation-based approaches. In residential settings, researchers have focused on modeling
home charging behavior by analyzing daily travel patterns, arrival times, and charging
duration in order to estimate aggregated household charging demand. These studies often
employ stochastic models and Monte Carlo simulation to capture the variability in driver
behavior and charging preferences [11,12]. In workplace and public charging environments,
the focus has typically been on predicting spatial and temporal charging demand patterns
based on user mobility behavior, parking duration, and charging infrastructure availability.
Such studies aim to support infrastructure planning and demand management in urban
charging networks [13,14].

In addition, several works have addressed EV charging demand at fast-charging
stations, where high charging power and short dwell times create different demand char-
acteristics compared to residential or workplace charging. These studies often analyze
charging station utilization, queueing behavior, and the potential impacts on power distri-
bution networks [15,16]. Previous research has also examined the EV grid integration from
both short- and long-term planning perspectives [17]. However, the integration of renew-
able energy into existing power grids is associated with several technical and operational
limitations [18]. Coordinated charging strategies have been widely investigated to enhance
grid reliability and stability by mitigating adverse impacts on the power system [19].

Despite extensive research on EV charging demand in residential, workplace, and
public charging environments, the charging behavior of EV fleets in rental car facilities
remains largely unexplored. Rental car operations differ fundamentally from private vehicle
use for several reasons: first, rental car companies are increasingly transitioning to EV fleets.
Second, rental fleets consist of a large number of vehicles that require efficient charging
within limited timeframes and locations. Third, investment in charging infrastructure
within rental car companies is closely tied to economic viability. Given these factors, it
is crucial to develop robust models to estimate EV consumption in rental fleets, thereby
facilitating the design and implementation of suitable charging infrastructure.

This study aims to address the limited research on EV charging demand modeling
for rental car fleets by proposing a probabilistic framework specifically tailored to rental
car operational environments. Unlike conventional EV charging studies that primarily
focus on private vehicles or public charging infrastructure, rental fleets exhibit distinct
operational characteristics, including scheduled vehicle turnover, centralized parking
locations, and constrained charging windows between rental periods. These characteristics
introduce unique uncertainties in charging demand that are not adequately captured in
existing models.

To address this challenge, the present study develops a data-driven probabilistic
framework for estimating EV charging loads in rental car facilities. The proposed approach
integrates multiple sources of information to represent the operational behavior of rental
fleets more realistically. First, rental mobility data are analyzed to capture driving patterns
such as trip distances, pick-up times, and drop-off times. Second, conventional rental
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vehicle data are systematically mapped to equivalent electric vehicle models based on
comparable vehicle categories, enabling the estimation of EV energy consumption from
real mobility records. Third, manufacturer specifications related to EV battery capacity and
driving range are incorporated to represent realistic vehicle performance characteristics.
Finally, charging standards and protocols are considered to model different charging power
levels and infrastructure configurations.

To capture the inherent variability in rental fleet operations, a probabilistic model-
ing approach is adopted using Monte Carlo simulation (MCS). In addition, a statistical
characterization and comparison methodology is applied to identify the most appropriate
probability distributions for key behavioral variables based on goodness-of-fit tests. The
resulting probabilistic framework allows the generation of diverse charging scenarios that
reflect realistic operational conditions and uncertainties in EV charging demand.

By integrating empirical rental mobility data, EV technical parameters, and probabilis-
tic simulation techniques, the proposed framework provides a systematic approach for
estimating EV charging demand in rental fleet environments. The results offer practical
insights for designing charging infrastructure, improving fleet charging strategies, and
supporting decision-making for the transition toward electrified rental fleets. The main
objectives of this paper are as follows:

- to develop a data-driven probabilistic model that represents EV charging demand in
rental car facilities based on empirical mobility data;

- to incorporate uncertainties in rental behavior, charging time, and energy demand
using MC simulation;

- to evaluate the impact of charger power levels and infrastructure size on energy
served, unmet demand, and charger utilization; and

- to provide insights for planning charging infrastructure that balances operational
reliability, infrastructure investment, and fleet availability.

The remainder of this paper is organized as follows: Section 2 describes the data
collection and statistical analysis methodology; Section 3 presents the EV charging demand
modeling and simulation setup; Section 4 presents the mathematical formulation of EV
charging management; Section 5 discusses the results under different charging scenarios;
and Section 6 concludes the paper with key findings.

2. Methodology for Data Collection and Statistical Analysis
This section outlines the key procedures and research activities required to achieve

the main objective of this study. It also provides a detailed overview of the procedures for
collecting and analyzing data on the factors influencing EV load curves in rental car areas.

2.1. Identifying Key Determinants and Factors

The first step in this research is to identify the determinants affecting EV charging load
patterns in car rental areas. Key factors include pickup and drop-off times, rental duration,
mileage driven, and the specific characteristics of rental vehicles. Understanding these
elements enables targeted data collection aligned with the objectives of this research.

The dataset used in this study consists of historical rental mobility records collected
from four operational rental offices across different regions to ensure diverse geographic
representation. The dataset includes 600 rental contracts recorded over a four-month period.
Each contract contains information regarding vehicle pickup time, drop-off time, and total
driven mileage. The dataset was filtered to remove incomplete records and entries with
missing temporal or mileage information. After preprocessing, the dataset provides a
representative sample of daily rental mobility patterns observed within the studied rental
network. Table 1 provides a sample of the collected data, including vehicle types, models,
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rental timelines, and corresponding EV parameters such as battery capacity and kilometers
per charge. This dataset enables comprehensive analysis of rental behavior and energy
consumption trends, facilitating the development of an accurate charging demand model.

Although the dataset originates from conventional internal combustion engine (ICE)
vehicles, it captures the fundamental mobility characteristics of rental fleet operations,
including trip timing, rental duration, and travel distance. These variables remain largely
independent of vehicle propulsion technology and therefore provide a reliable basis for
estimating EV charging demand. To translate ICE mobility data into EV charging require-
ments, each ICE vehicle category in the dataset was linked to a comparable EV model
based on similarity in vehicle size, class, and general specifications, as shown in Table 1.
For instance, the Toyota Camry was matched with the Tesla Model S as an equivalent EV
category. The Tesla Model S has a battery capacity of approximately 98 kWh and a driving
range of about 535 km, making it a suitable representative counterpart for estimating EV
energy demand in the simulation framework.

While the dataset provides a realistic representation of rental mobility behavior across
multiple operational locations, it is important to acknowledge certain limitations. The data
were collected over a four-month period, which may not fully capture seasonal variations in
rental demand, such as peak tourism periods or holiday-related travel patterns. Addition-
ally, regional differences in driving behavior and mobility needs may influence charging
demand characteristics. Nevertheless, the dataset captures the fundamental operational
patterns of rental fleet usage, including trip timing and travel distances, which are the
primary drivers of charging demand. Therefore, it is considered sufficiently representative
for the purpose of charging infrastructure planning at the operational level.

2.2. Statistical Model

It is essential to conduct a comprehensive statistical evaluation for accurately repre-
senting the stochastic characteristics of rental fleet behavioral variables that influence EV
charging demand. The aim of this step is to determine suitable probability density func-
tions (PDFs) capable of describing the variability observed in key operational parameters,
including vehicle pick-up times, drop-off times, and rental duration. These variables play
an important role in defining vehicle availability patterns and, consequently, the timing
and magnitude of charging demand within the fleet charging infrastructure.

To identify the most appropriate statistical models, several theoretical probability dis-
tributions were examined. The evaluated distributions include commonly used statistical
models such as the Normal, Lognormal, Beta, Gamma, and Weibull distributions, as well
as more flexible distributions such as the Generalized Pareto and Generalized Extreme
Value models. These distributions have been widely used in modeling stochastic behavior
in transportation systems and energy demand studies. After identifying the candidate
distributions, their suitability for representing the empirical datasets was evaluated using
goodness-of-fit tests. In this study, the Kolmogorov–Smirnov (K–S) test was adopted due
to its effectiveness in measuring the maximum deviation between the empirical cumulative
distribution function of the observed data and the cumulative distribution function of the
fitted theoretical distribution. A smaller K–S statistic indicates a closer agreement between
the theoretical distribution and the empirical observations.
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Table 1. Sample rental fleet data collected from rental car offices and the corresponding equivalent EV parameters.

Type of Car Models
Pick-Up

Time
(PT)

Pick-Up Date
Drop-Off

Time
(DT)

Drop-Off Date
Number
of Rental

Days

Kilometers
at Pick Up

KP

Kilometers
at Drop
Off KD

Used
Kilometers

During
Renting KU

Type of EV
EV Battery
Capacity

(kWh)

Range per
Charge

(km)

Toyota
Camry 2013 6 16 April 2015 22 24 April 2015 8 60,648 61,512 864 Tesla S 98 535

Toyota
Corolla 2019 7 4 April 2022 11 25 May 2022 51 69,915 77,899 7984 MG4 EV 62 450

Hyundai
Accent 2023 22 3 July 2023 21 14 July 2023 11 34,028 36,258 2230 Hyundai-

Ioniq 5 68 230

Kia
Sportage 2012 17 22 August 2015 20 23 August 2015 1 97,398 98,123 725 Volvo-XC40 78 412

Hyundai
Sonata 2016 18 13 December

2015 17 20 December
2015 7 246 2155 1909 Tesla S 98 535

Honda
Accord 2012 0 16 August 2012 22 26 August 2012 10 52,434 53,963 1529 Tesla S 98 535

Renault
Megane 2021 8 31 January 2023 10 6 February 2023 6 24,600 25,472 872 Lucid-Air 88 684

Kia Cerato 2022 22 8 August 2022 21 10 August 2022 2 23,230 23,343 113 Kia-Niro EV 65 385

Kia Rio 2022 23 8 September
2022 14 11 September

2022 3 10,519 11,218 699 Hyundai-
Ioniq 5 68 230

Toyota
Yaris 2016 14 28 February

2020 10 13 June 2020 106 142,203 145,274 3071 Toyota-BZ4X 67 460
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To provide a transparent comparison of the evaluated distributions, the K–S statistics
obtained for the key behavioral variables are summarized in Table 2. The table reports the
goodness-of-fit results for several candidate probability distributions fitted to the empirical
datasets representing pick-up times, drop-off times, and rental duration. The mathemat-
ical expressions of the selected probability density functions and their corresponding
parameters are summarized in Table 3. The parameters were estimated through statistical
fitting of the empirical dataset using the EasyFit software package (Version 5.50), which
applies standard parameter estimation techniques and evaluates candidate probability
distributions [20].

Table 2. Kolmogorov–Smirnov goodness-of-fit statistics for candidate probability distributions.

Distribution Pick-Up Time (K–S) Drop-Off Time (K–S) Rental Duration (Days) (K–S)
Generalized Pareto 0.10274 0.10712 0.13727
Beta 0.11453 0.14306 0.50281
Generalized Extreme Value 0.13727 0.11453 0.13766
Weibull 0.27487 0.14676 0.23556
Chi-Squared 0.28258 0.21361 0.76797
Exponential 0.32477 0.33775 0.44667

Table 3. Parameters of the fitted PDFs for each driver-behavior variable.

Variable PDF Statistics Parameters

Pick-up Generalized Pareto 0.1027 k = −1.646 σ = 33.91 µ= 2.474
Drop-off Generalized Extreme Value 0.1145 k = −0.640 σ = 5.591 µ= 15.66

Rental Duration Generalized Pareto 0.1506 k = 0.7612 σ = 3.955 µ= 0.689

The selection of the final probability distributions was based on the K–S goodness-of-
fit test. A significance level of 5% was adopted, and distributions with lower K–S statistics
were considered better representations of the empirical data. The chosen distributions
correspond to those that minimized the deviation between the empirical and theoretical
cumulative distribution functions while remaining consistent with the observed behavior
of the variables. Since the selected probability distributions were chosen based on their
statistical agreement with the empirical data, the generated samples preserve the main
characteristics of the observed variables. Consequently, the simulation outcomes are
primarily driven by the underlying demand patterns rather than minor differences in the
functional form of the fitted distributions. A detailed sensitivity analysis of alternative
distributions is considered a potential extension for future work.

The results summarized in Table 2 show that flexible heavy-tailed distributions provide
the most suitable representation of the behavioral variables in the rental fleet dataset.
Specifically, the Generalized Pareto distribution achieved the lowest K–S statistic for both
pick-up times and rental duration, indicating a strong agreement with the observed data.
For drop-off times, the Generalized Extreme Value distribution produced the lowest K–S
statistic, demonstrating its ability to capture the asymmetric pattern of vehicle return
behavior observed in the rental fleet operations. These findings indicate that rental fleet
mobility variables exhibit skewed and non-Gaussian characteristics rather than simple
symmetric distributions. Therefore, the probability distributions with the lowest K–S
statistics were selected to represent the stochastic behavior of the studied variables in the
Monte Carlo simulation framework used to estimate EV charging demand and evaluate
charging infrastructure performance.
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3. Simulation Model for EV Charging Energy Consumption
The proposed simulation model estimates the energy consumption of EVs when charg-

ing with chargers of specified capacity. This estimation is based on previously collected
and analyzed data, including daily energy consumption, vehicle pickup, and drop-off
times. The model is implemented in MATLAB (Version R2024a). In this study, the driving
distance recorded from the rental contracts, which captures the distance traveled between
the vehicle’s departure and return, is used to determine the required charging energy when
the vehicle returns to the rental office. Therefore, the effect of mileage on charging demand
is directly incorporated through the required energy variable. In contrast, rental duration is
used to estimate the vehicle return time and determine the timing of charging events.

The simulation begins by defining key variables such as charger power, the number of
vehicles, and the total simulation duration. It then computes the required charging time
for each vehicle, accounting for each vehicle’s required charging energy and the charger
power. Vehicles are prioritized based on their charging requirements, with those requiring
the longest charging time given the highest priority.

Next, chargers are allocated efficiently to maximize the number of charged vehicles
while minimizing waiting times. The simulation dynamically updates energy demand and
charger utilization on an hourly basis. Two charger types are considered: a slow charger
with a capacity of 7.2 kW and a fast charger with a capacity of 50 kW. Multiple scenarios
are tested with varying numbers of chargers, ranging from 10 to 50.

The MATLAB-based model simulates the charging demand profile of EVs based
on their drop-off times, pickup times, and required charging energy. The objective is to
prioritize the charging schedule while considering constraints such as charger availability,
charging power, and the necessity to fully charge each vehicle before its pickup time. The
simulation process follows a structured approach, beginning with data initialization and
priority sorting before allocating chargers based on availability. Table 4 presents the pseudo-
code of this workflow, illustrating the sequential steps from input data processing to the
final output analysis. This flowchart highlights the key stages of the simulation, including
charging scheduling, energy demand updates, and performance evaluation.

Table 4. Pseudo-code of the EV charging simulation algorithm.

BEGIN EV_Charging_Simulation
//Step 1: Data Initialization

Load vehicle data: (Pickup Time PT, Drop-off Time DT, Required Energy REC)
Initialize arrays to store EV data

//Step 2: Constants Initialization
Define num_chargers, charger_power, total_hours
Set simulation duration (e.g., 48 h)
//Step 3: Compute Required Charging Time

FOR each EV
Compute T_charge = REC/charger_power

END FOR
//Step 4: Sort Vehicles by Priority

Sort EVs in descending order based on (T_charge, available time window)
//Step 5: Allocate Chargers

FOR each time step in simulation (t = 0 to total_hours)
FOR each available charger
Assign highest-priority EV within allowed charging window
Update charger utilization status
END FOR

END FOR
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Table 4. Cont.

//Step 6: Simulate Charging Process
FOR each hour in simulation

Update total energy served
Update unmet energy demand
Update charger utilization

END FOR
//Step 7: Output Results

Compute total_energy_served
Compute total_energy_not_served

Compute charger_utilization
END EV_Charging_Simulation

4. Mathematical Formulation of EV Charging Management
To effectively manage EV charging while ensuring efficient energy distribution, a

mathematical framework is developed to represent the scheduling and allocation process.
The scheduling is implemented using a priority-based heuristic that seeks to satisfy the
objective under constraints. This formulation aims to maximize the total energy delivered
to EVs while accounting for charging constraints and ensuring vehicle readiness by their
designated pickup times.

Table 5 summarizes the key parameters and variables used in the mathematical model,
including the number of EVs, charger power, operational time frames, charging start and
end times, energy served, and unmet charging demand.

Table 5. Parameters and variable definitions used in the charging demand model.

Symbol Description

N Total number of EVs
NC Total number of chargers
CP Charger power rating (kW)
Tch,i charging time required for each EV
PTi Pickup time of EV(i) (hours)
DTi Return time of EV(i) (hours)
RCEi Required charging energy of EV(i) upon return (kWh)
Tstart,i Charging start time of EV(i)
Tend,i Charging end time of EV(i)
Eserved,i Energy delivered to EV(i) (kWh)
Enotserved,i Unserved charging energy of EV(i) (kWh)

The following sub-section presents the detailed mathematical formulation, outlining
the objective function, constraints, and equations governing the EV charging manage-
ment system.

4.1. Objective

Maximize the total energy served to all EVs while respecting the charger constraints
and ensuring EVs are ready by their pickup times, as expressed in (1)–(13).

max∑N
i=1 Eserved,i i = 1, 2, . . . , N (1)

4.2. Charging Time Calculation

The charging time required for each EV depends on the required charging energy and
the rated power of the charger.
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Tch,i =
RCEi
CP

(2)

4.3. Charging Window Constraints

Charging for each EV can only begin after the vehicle returns to the rental office and
must be completed.

Tstart,i ≥= DTi (3)

Tend,i = Tstart,i + Tch,i (4)

Tend,i ≤ PTi (5)

4.4. Charger Availability

At any time step, each charger can serve at most one EV, thereby ensuring that charger
capacity is not exceeded.

∑NC
c=1 xi,c ≤ 1, c = 1, 2, . . . , NC (6)

∑N
i=1 yi,c,t ≤ 1, ∀c, ∀t (7)

To represent the charger allocation and charging process over time, two binary decision
variables are introduced. The variable xi,c represents the assignment of an EV (i) to a charger
(c), while yi,c,t indicates whether an EV is actively charging on charger (c) at time step (t).
These variables enable the model to capture both charger assignment and time-dependent
charger utilization within the simulation horizon.

4.5. Energy Tracking

The served energy is tracked for each EV, and the unserved energy is computed as the
difference between the required charging energy and the actual delivered energy.

Eserved,i ≤ RCEi (8)

ENSi ≥ 0 (9)

ENSi = max(0, RCEi − Eserved,i) (10)

At the fleet level, the total served energy (ES) is obtained by summing the delivered
energy across all EVs. Similarly, the total unserved energy (ENS) represents the aggregate
unmet charging demand in the system.

ES = ∑N
i=1 Eserved,i (11)

ENS = ∑N
i=1 ENSi (12)

4.6. Demand Profile Computation

The hourly charging demand profile is computed by summing the charging power of
all active chargers at each time step.

Pt = ∑Nc
c=1 ∑N

i=1 C ∗ yi,c,t (13)

5. Results and Discussion
This section examines the charging performance of rental EV fleets under two com-

monly used charger power levels, 7.2 kW and 50 kW, to highlight their impact on energy
delivery and system performance.
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5.1. Energy Served and Not Served for Chargers 7.2 kW

The performance of the charging system using 7.2 kW chargers is first evaluated by
analyzing the balance between energy served (ES) and energy not served (ENS) across
different infrastructure scenarios, as shown in Figure 1. ENS is used as a key indicator to
evaluate the adequacy of the charging infrastructure, such that ENS represents the portion
of charging demand that cannot be satisfied within the available charging capacity and
operational time constraints. In rental fleet operations, such unmet charging demand may
translate into vehicles not reaching the required state of charge before their next scheduled
rental, potentially affecting fleet readiness and service reliability. Therefore, lower ENS
values indicate more reliable charging infrastructure capable of supporting the operational
requirements of the rental fleet.

In the first scenario with 10 chargers, the ES was 1667 kWh, while the ENS was
9511 kWh, indicating that charging demand significantly exceeded available capacity,
resulting in a high level of unserved energy. Similarly, in the fifth scenario with 50 chargers,
the system achieved the highest ES at 7210 kWh and the lowest ENS at 3968 kWh, suggesting
that the distribution capacity has reached a satisfactory level.

As the number of chargers increased from 10 to 50, there was a significant improvement
in the amount of energy served and a consistent decrease in the amount of unserved
energy. This indicates that the charging infrastructure can better meet the demand with an
increasing number of chargers, enhancing the effectiveness and capacity of the network to
provide service.

From an operational perspective, higher levels of unmet energy at lower charger
counts indicate potential challenges in fleet readiness. When charging demand exceeds
infrastructure capacity, some vehicles may not reach the required state of charge before
their next rental period, potentially affecting vehicle availability and service reliability.
As additional chargers are introduced, the system gains greater flexibility in allocating
charging resources, which reduces the occurrence of unmet charging demand. However,
the results also suggest that the marginal improvement decreases as the infrastructure
capacity approaches the fleet’s charging requirements. This indicates that beyond a certain
point, adding more chargers provides limited additional benefit.

Figure 1. Energy Served and Energy Not Served for Each Scenario (7.2 kW).

These findings highlight the importance of balancing infrastructure capacity with
operational demand. Adequate charger availability improves fleet readiness and charging
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reliability, while excessive infrastructure may lead to underutilized assets. Therefore,
identifying an appropriate charger capacity is a key consideration in the planning of
electrified rental fleets.

5.2. Energy Served and Not Served for Chargers 50 kW

To assess the impact of higher charging power, the analysis was repeated for scenarios
using 50 kW fast chargers, focusing on energy served (ES) and energy not served (ENS). As
illustrated in Figure 2, increasing the number of fast chargers significantly improves the
system’s ability to satisfy the charging demand of the fleet. Compared with the Level-2
charging scenarios discussed in Section 5.1, the higher charging power enables vehicles
to reach the required state of charge within shorter time intervals, which substantially
increases the amount of energy served and reduces unmet demand.

This improvement is particularly evident when the number of chargers increases from
the initial scenario to higher infrastructure levels. The higher charging rate allows vehicles
to complete charging cycles more quickly, thereby freeing chargers for other vehicles
and improving overall charging throughput. In operational terms, this enhances fleet
readiness and reduces the likelihood that vehicles remain undercharged before their next
rental period.

However, similar to the trend observed in Section 5.1, the incremental benefit de-
creases as additional chargers are installed. Once the charging infrastructure approaches
the demand level of the fleet, further increases in charger numbers provide relatively
smaller improvements in system performance. These findings suggest that fast chargers
can significantly improve charging efficiency in high-turnover rental operations, but care-
ful infrastructure planning is still required to avoid unnecessary overinvestment while
ensuring reliable fleet availability.

Figure 2. Energy Served and Energy Not Served for Each Scenario (50 kW).

5.3. Hourly Demand for Chargers 7.2 kW and 50 kW

Beyond total energy metrics, the temporal distribution of charging demand provides
additional insight into system behavior over a 24 h period. Figures 3 and 4 show hourly
demand for 7.2 kW and 50 kW chargers, respectively. For the sake of clarity, it is important
to note that these profiles are presented per unit, referring to the rated power that the
chargers in each scenario can provide. For example, in the first scenario, ten 7.2 kW
chargers can provide up to 72 kW. A value of 1.0 indicates that all chargers are in use,
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while a lower value indicates fewer chargers are in use. For all scenarios, high usage
of all chargers is recorded, indicating full usage at 1 AM. Around midday, usage drops
significantly across all scenarios, reaching a low point. Towards the end of the day, the
profiles increase again, indicating higher charging demand in the evening. This behavior is
somewhat correlated with the drop-off time of the EVs. With more chargers in use (40 and
50 chargers), a slightly more gradual decline is observed compared to lower numbers of
chargers, indicating a better distribution of charging demand.

Figure 3. Hourly Demand Profiles for the Chargers (7.2 kW).

Figure 4. Hourly Demand Profiles for the Chargers (50 kW).

A comparison between the two charging levels reveals distinct demand dynamics,
with 7.2 kW chargers exhibiting smoother usage patterns, while 50 kW chargers show
sharper demand variations. Higher counts of chargers lead to better distribution of usage
and fulfillment, underscoring the importance of sufficient charging infrastructure to meet
varying demand throughout the day. In conclusion, these charts provide valuable insights
into the temporal patterns of EV charger usage and demand fulfillment, emphasizing the
need for strategic planning in charger deployment to optimize resource utilization and
meet user demand efficiently.
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5.4. Charger Utilization Analysis Across Infrastructure Scenarios

Charger utilization is examined to evaluate how effectively the charging infrastruc-
ture operates under different deployment scenarios. Charger utilization represents the
proportion of time a charger is actively used during the simulation period and provides
an important indicator of infrastructure efficiency and potential congestion. High utiliza-
tion levels indicate heavy demand on the charging infrastructure, while lower utilization
suggests greater flexibility in scheduling charging sessions.

To improve clarity while retaining the key insights from the detailed charger-level
results, the utilization values across all scenarios are summarized in Table 6, which reports
the average, minimum, and maximum utilization levels observed for both Level-2 chargers
(7.2 kW) and fast chargers (50 kW).

Table 6. Summary statistics of charger utilization under different infrastructure scenarios.

Charger Scenario Average Utilization Minimum Utilization Maximum Utilization

Level 2 Chargers (7.2 kW)

S10 0.91 0.79 1.00

S20 0.87 0.79 1.00

S30 0.85 0.79 1.00

S40 0.81 0.38 1.00

S50 0.85 0.38 1.00

Fast Chargers (50 kW)

S5 0.98 0.91 1.00

S10 0.80 0.66 0.91

S15 0.68 0.58 0.75

S20 0.57 0.41 0.75

The results show that charger utilization generally decreases as the number of chargers
increases. In scenarios with fewer chargers, utilization levels remain very high, indicating
that the infrastructure operates close to its maximum capacity. This situation reflects strong
charging demand relative to the available charging resources and may lead to congestion
during peak charging periods.

Figures 5 and 6 provide a visual representation of charger usage for the two charging
technologies considered in this study. Figure 5 illustrates the utilization patterns for Level-2
chargers (7.2 kW), where the chargers tend to operate at relatively high utilization levels
across most scenarios due to the longer charging durations associated with lower charging
power. Even when the number of chargers increases, the usage ratios remain relatively
high because vehicles require longer charging times. In contrast, Figure 6 shows the charger
utilization patterns for fast chargers (50 kW). Due to the higher charging power, vehicles
can complete charging sessions more quickly, which reduces the average utilization levels
when additional chargers are installed. As the number of fast chargers increases from 5 to
20, the charging demand becomes more evenly distributed among the chargers, resulting
in lower individual charger utilization and improved operational flexibility.

The simulation results provide direct support for practical infrastructure planning
decisions in rental fleet electrification. Specifically, the observed trends in energy served,
unserved energy, and charger utilization can be used to infer an appropriate number
of chargers. While increasing the number of chargers improves the system’s ability to
meet charging demand, the corresponding reduction in utilization at higher infrastructure
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levels indicates diminishing returns. This suggests that beyond a certain point, additional
chargers contribute less to performance improvement while increasing infrastructure cost.
Therefore, an appropriate charger capacity can be identified by balancing service reliability
(low unserved energy) with efficient utilization, enabling informed and cost-effective
infrastructure planning.

Figure 5. Heat map of charger utilization ratios for Level 2 charging scenarios (7.2 kW).

From an operational perspective, these results highlight the importance of balancing
charger capacity and quantity in rental fleet charging infrastructure. Very high utilization
levels may indicate efficient use of infrastructure but can also signal potential congestion
and limited charging flexibility. Conversely, moderate utilization levels allow better dis-
tribution of charging demand and improve the ability of fleet operators to ensure vehicle
readiness for subsequent rentals. This suggests that oversizing the charging infrastructure
may lead to underutilized assets and increased capital costs without proportional oper-
ational benefits. Therefore, infrastructure sizing decisions should not be based solely on
maximizing service levels, but rather on achieving an optimal balance between reliability
and utilization. In this regard, demand management strategies, such as priority-based
scheduling, load shifting, or controlled charging, play a critical role in improving infras-
tructure efficiency without requiring excessive expansion. These findings highlight that
effective planning requires an integrated approach that considers both technical perfor-
mance and economic implications.

https://doi.org/10.3390/pr14071158

https://doi.org/10.3390/pr14071158


Processes 2026, 14, 1158 15 of 17

Figure 6. Heat map of charger utilization ratios for fast-charging scenarios (50 kW).

6. Conclusions
This study presented a probabilistic framework for estimating EV charging demand

in rental car facilities. The framework integrates empirical rental mobility data, EV tech-
nical specifications, and probabilistic modeling techniques to generate realistic charging
demand scenarios. The results demonstrate that both charger power level and charger
quantity play a critical role in determining system performance. Increasing the number
of chargers significantly improves the amount of energy served while reducing unmet
charging demand. However, the results also reveal diminishing returns as infrastructure
capacity approaches fleet demand, highlighting the importance of balanced infrastructure
planning. The analysis of charger utilization further shows that Level-2 chargers tend to
operate at higher utilization due to longer charging durations, while fast chargers provide
greater operational flexibility by reducing charging time and distributing demand more
effectively across the available infrastructure. By incorporating empirical mobility data
and probabilistic modeling, the proposed framework provides a practical planning tool for
rental fleet electrification. The results can support infrastructure planners, fleet operators,
and policymakers in evaluating charging infrastructure requirements, improving fleet
readiness, and optimizing charger deployment strategies for rental car facilities.
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Although the proposed framework captures the stochastic behavior of rental fleet oper-
ation, several extensions can further enhance its applicability. Future work may include the
integration of distribution grid constraints, such as transformer capacity and feeder limits,
and the incorporation of economic considerations, including charger installation costs
and grid upgrade requirements. In addition, further studies could explore the sensitivity
of planning outcomes to different probabilistic models in order to better understand the
impact of distribution selection on charging demand estimation. Direct validation using
real EV charging session data was not feasible due to the current lack of such datasets for
rental fleet operations. With the anticipated expansion of electrified rental fleets, future
research will enable validation of the proposed framework using real-world charging data.
While factors such as driving behavior, road conditions, and environmental influences can
affect EV energy consumption, these effects are not explicitly modeled in this framework.
The inclusion of such detailed factors represents an important extension for future work.

Author Contributions: Conceptualization, A.A. (Abdulaziz Almutairi); methodology, A.A. (Ahmed
Alanazi); writing—original draft preparation, A.A. (Abdulaziz Almutairi), A.A. (Ahmed Alanazi);
writing—review and editing, A.A. (Ahmed Alanazi); supervision, A.A. (Abdulaziz Almutairi); project
administration, A.A. (Abdulaziz Almutairi). All authors have read and agreed to the published
version of the manuscript.

Funding: The authors extend the appreciation to the Deanship of Postgraduate Studies and Scien-
tific Research at Majmaah University for funding this research work through the project number
(PGR-2026-135).

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. U.S. Environmental Protection Agency. Benefits of Electric Vehicles. Available online: https://www.epa.gov/greenvehicles/electric-

plug-hybrid-electric-vehicles (accessed on 30 June 2024).
2. Khan, N.; Dilshad, S.; Khalid, R.; Kalair, A.R.; Abas, N. Review of Energy Storage and Transportation of Energy. Energy Storage

2019, 1, e49. [CrossRef]
3. International Energy Agency (IEA). Trends in Electric Car Markets—Global EV Outlook 2025—Analysis. Available online:

https://www.iea.org/reports/global-ev-outlook-2025/trends-in-electric-car-markets-2 (accessed on 17 January 2026).
4. Apata, O.; Bokoro, P.N.; Sharma, G. The Risks and Challenges of Electric Vehicle Integration into Smart Cities. Energies 2023, 16,

5274. [CrossRef]
5. Anggraini, D.; Amelin, M.; Söder, L. Business Models for Electric Vehicle Charging Considering Grid Limitations: An Extended

Review from the European Electricity Market Perspective. Appl. Energy 2025, 399, 126493. [CrossRef]
6. Al-Dahabreh, N.; Sayed, M.A.; Sarieddine, K.; Elhattab, M.; Khabbaz, M.J.; Atallah, R.F.; Assi, C. A Data-Driven Framework for

Improving Public EV Charging Infrastructure: Modeling and Forecasting. IEEE Trans. Intell. Transp. Syst. 2024, 25, 5935–5948.
[CrossRef]

7. Li, Y.; He, S.; Li, Y.; Ge, L.; Lou, S.; Zeng, Z. Probabilistic Charging Power Forecast of EVCS: Reinforcement Learning Assisted
Deep Learning Approach. IEEE Trans. Intell. Veh. 2023, 8, 344–357. [CrossRef]

8. Karar, A.N.; Labib, A. Agile Asset Criticality Assessment Approach Using Decision-Making Grid. J. Qual. Maint. Eng. 2022, 28,
1–13. [CrossRef]

9. Shafiq, S.; Irshad, U.B.; Al-Muhaini, M.; Djokic, S.Z.; Akram, U. Reliability Evaluation of Composite Power Systems: Evaluating
the Impact of Full and Plug-in Hybrid Electric Vehicles. IEEE Access 2020, 8, 114305–114314. [CrossRef]

10. Almutairi, A.; Alrumayh, O. Optimal Charging Infrastructure Portfolio for Minimizing Grid Impact of Plug-In Electric Vehicles.
IEEE Trans. Ind. Inform. 2022, 18, 5712–5721. [CrossRef]
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