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Abstract

Data-Driven Framework for QoE-Optimized and Congestion-Aware

Deployment of Public EV Charging Infrastructure.

Nassr Al-Dahabreh, Ph.D.
Concordia University, 2026

As electric-vehicle (EV) adoption accelerates, driven by policy commitments and financial in-
centives, the public charging network must scale to meet rising demand while preserving a sat-
isfactory quality of experience (QoE). Infrastructure growth is uneven across regions, producing
local capacity shortfalls that erode user confidence and deter public charging use. Addressing
these challenges requires systematic visibility into session dynamics, robust demand forecasts,
and principled deployment rules that reduce uncertainty in per-site waiting-time estimation. This
thesis develops analytical, theoretical, and data-driven methods to: (i) characterize per-site ses-
sion dynamics and waiting-time statistics; (ii) define reliable, key QoE metrics (waiting time,
blocking probability, utilization, queue length); (iii) deliver a client-server decision-support plat-
form for site-level visualization and diagnostics; (iv) propose demand-management incentives
and queueing models to improve QoE; and (v) quantify and forecast the QoE impact of new de-
ployments. Using large, real-world datasets, the study shows that charging times are frequently
better modeled by Erlang-£ distributions and that per-site request processes can be accurately ap-
proximated by single-server queueing systems under common scheduling policies. These empir-
ical findings establish the probabilistic foundation required for reliable waiting-time estimation
and capacity planning. The derived QoE metrics drive a tailored machine-learning forecasting
pipeline trained on empirical data, and extensive simulation validates the forecasts and sup-
ports evidence-based expansion decisions. To limit overload and reduce congestion, the thesis
introduces a Data-driven, Incentive-based Charging Truncation (DICT) policy that encourages
drivers to stop charging near 80% state of charge. A closed-form fit for the resulting service-
time distribution is derived and analyzed within an M/G/C/K queueing framework. DICT is
benchmarked against resizing and proximity-based expansion strategies to identify conditions
where incentive policies outperform or complement physical expansion. Finally, a counterfac-
tual machine-learning framework estimates how Level-3 fast-charger deployments affect con-

gestion and QoE at nearby sites. The framework controls for spatial proximity, charger capacity
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and power ratings, and local amenities; it maps counterfactual demand trajectories into queue-
ing inputs to produce site-level QoE forecasts that inform deployment choices. Together, these
contributions integrate empirical discovery, queueing theory, forecasting, decision-support soft-
ware, and incentive design to enable capacity-aware, QoE-preserving expansion of public EV

charging infrastructure.
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Chapter 1

Introduction

Overview

As the urgency to address climate change grows, governments, industry, and communities world-
wide are accelerating the shift from fossil-fuel transport to electric mobility. The transition is
already substantial: Global EV sales, including Battery Electric Vehicles (BEVs) and Plug-in
Hybrid Electric Vehicles (PHEVs), increased from about 14.2 million units in 2023 to roughly
17 million units in 2024 [11], an increase of approximately 2.8 million vehicles (= 19.7%). Ac-
tual EV sales in 2024 also exceeded that year’s market estimate of 16.5 million EV's by about 0.5
million vehicles, as illustrated in Figure 1.1. BEVs accounted for approximately 10.63 million
units of 2024 sales (= 62.5% of total EV sales), while PHEV's contributed roughly 6.38 million
units (= 37.5%) [12]. Early 2025 data indicate the momentum persists: EVs comprised roughly
22% of new-EV sales in the first five months of 2025, and the market is forecast to expand by

about 25% for the full year, reaching ~ 21.8 million new electric cars [13].

EV VOLUMES
Now Part of J.D. POWER
('OOOS) 19.2%
16.6% 16492
mmBEVs
== PHEVs 14194

=—=EV share of light vehicle sales
10524

70%

1%

5 o 70%
[ | - - o
2015 2016 2017 2018 2019 2020 2021 2022 2023  2024F
Growth +46%  +59% +65% +9% +43% +109% +55%  +35%  +16%

Figure 1.1: Global sales of new BEV and PHEV vehicles (2014-2024) [1].

While home charging remains the dominant charging method for many EV owners, the scale



and distribution of public EV charging infrastructure are now the decisive constraints for broader
adoption, especially for drivers without private charging access. Public EV charging capacity
grew very quickly in 2024. Figure 1.2 illustrates trends in the global stock of public charging
points, broken down by speed and region, from 2018 to 2024.

In 2024, more than 1.3 million public charging points were brought online worldwide, an
annual increase of over 30%. The number of chargers deployed in that single year was roughly
equivalent to the entire global public charging stock in 2020. Expansion has been geographically
concentrated: about two-thirds of the net growth since 2020 occurred in China, which today
accounts for roughly 65% of global public charging points and approximately 60% of the world’s
electric light-duty vehicle (LDV) fleet. [2].

By speed By region

Million

N

EHHH

2018 2019 2020 2021 2022 2023 2024 2018 2019 2020 2021 2022 2023 2024

OSlow OFast O Ultra-fast @China @Europe mUnited States @Rest of World

Notes: Chargers less than or equal to 22 kW are classified as slow, chargers greater than 22 kW and up to 150 kW as fast,
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Figure 1.2: Global stock of public charging points by speed and region, 2018-2024. [2]

Europe likewise saw substantial growth: public charging points on the continent rose by
more than 35% in 2024 compared with 2023, bringing the total to just over 1 million. Expan-
sion across the European Union (EU) was uneven: 11 of the 27 Member States increased their
public charging stock by more than 50% in 2024. At the national level, the Netherlands recorded
the largest fleet of public points with more than $180,000, followed by Germany (=~ 160,000)
and France (=~ 155,000). Austria added roughly 8,000 public chargers in 2024, most of which
were supported through a subsidy program that ended at the start of 2025. These figures under-

score both the rapid pace of deployment and the persistent geographic imbalances, highlighting



the need for targeted, regionally informed investment. Beyond simple counts, charging power,
measured in kilowatts (kW), is crucial for evaluating whether public infrastructure can satisfy
EV demand. Higher-power fast and ultra-fast stations deliver substantially more energy per site
each day, increasing throughput and reducing dwell times. By 2024, the global stock of fast
chargers (22—-150 kW) reached about 2 million, while ultra-fast chargers (> 150 kW) expanded
by more than 50% in 2024 and now constitute approximately 10% of the fast-charger fleet. De-
clining hardware costs have supported this shift: average prices for ultra-fast chargers fell by
roughly ~ 20% between 2022 and 2024 [2].

China accounted for the bulk of global fast-charging growth in 2024: its fast-charger stock
increased from about 1.2 million in 2023 to roughly 1.6 million in 2024, yielding an estimated
public charging capacity in excess of greater than 3 kW per electric light-duty vehicle (LDV).
The United States expanded absolute fast-charger counts from roughly 40,000 in 2023 to more
than 50,000 in 2024, but in the United States (U.S.), the public charging capacity remains below
~ 1.5 kW per LDV. The EU accelerated deployment as well: excluding ultra-fast units, the EU’s
fast-charger stock climbed nearly 50% year-on-year to ~ 71,000 in 2024 (implying an average
public charging capacity near 2.6 kW per LDV). EU ultra-fast deployment was also strong (about
+60%, to more than 77,000), and roughly 20% of EU ultra-fast points now provide > 350 kW,
reflecting operator preparations for future higher-power vehicles [2].

National statistics expose divergent short-term patterns that underline a trade-off between
charger availability (EVs per public charger or per Electric Vehicle Supply Equipment (EVSE))
and charging throughput (kW per EV), as shown in Figure 1.3. From 2023 to 2024 several
large markets registered increases in EVs per public charger, United States 26 — 32.6, Canada
21 — 27.6, China 8 — 9.6, the Netherlands 5 — 5.5, and Japan 18 — 18.6, indicating mount-
ing pressure on access where charger roll-out lagged vehicle growth. At the same time, most
of these countries upgraded the average public charging power available per vehicle, moving
toward higher-capacity stations that raise throughput and shorten dwell times (for example, Ger-
many 0.8 — 2.5 kW/EV, Sweden 0.9 — 2.2 kW/EV, the UK 0.6 — 1.4 kW/EV, the US
0.8 — 1.3 kW/EV, and the Netherlands 2.5 — 3.2 kW /EV). Despite a small year-on-year de-
cline, China still records the highest public charging capacity per light-duty vehicle (LDV) in this
sample (approximately ~ 3.2 kW/EV) [2]. These concurrent trends show that higher-power sta-
tions increase throughput but do not automatically resolve spatial access gaps. A public charging

site with many ultra-fast chargers can serve more vehicles per day, yet residents of dense urban
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Figure 1.3: Number of electric light-duty vehicles per public charging point and kilowatt per electric light-duty
vehicle (2023-2024). Sources: [3,4].



neighborhoods without private parking can still face limited day-to-day access if charger counts
in those neighborhoods are inadequate.

Policy benchmarks provide useful calibration points. The European Union’s Alternative
Fuels Infrastructure Regulation (AFIR) benchmark implies roughly 1.3 kW of public charging
capacity per BEV, while the International Energy Agency’s (IEA) Announced Pledges Scenario
points toward an operational average nearer ~ 1.6 kW per EV. A practical planning range of
about 1.3-1.6 kW/EV, combined with urban density targets of 1015 EVs per public charger in
areas where home charging is limited, provides a pragmatic rule-of-thumb to reconcile access
and throughput objectives.

In practice this implies a mixed site strategy:

* Deploy many lower-power or destination chargers across urban neighbourhoods to relieve ac-

cess pressure and keep EVs per public charger low.

* Concentrate fast and ultra-fast chargers on corridors and hub locations (motorway interchanges,
logistics nodes, major service areas) to raise local kKW/EV, increase throughput, and shorten

dwell times.

Guided by targets near 1.3—-1.6 kW/EV and urban EV/charger goals of less than (10-15)
EVs per charger where home charging is limited, this combined approach may help ensure both
reliable access and efficient service as EV fleets continue to expand. Although national level
indicators track broad trends, they are neither sufficient nor reliably indicative of user Quality of
Experience (QoE) at individual public charging sites, which directly shape drivers’ experiences.
Assessing these indicators’ success therefore requires site-level monitoring and user-centric met-
rics rather than relying solely on aggregated stock and capacity figures.

The QoE of EV users at public EV charging stations depends on availability, convenience
and reliability. Poorly distributed or insufficiently managed infrastructure generates operational
inefficiencies, excess strain on popular stations during peak hours, long waiting times, and un-
derutilized assets elsewhere, all of which undermine user confidence and slow EV adoption.
Real-time tracking and forecasting of EV demand patterns, waiting times, occupancy and station
reliability are therefore essential for informed deployment decisions. Key performance metrics,
such as the EV-to-charger ratio and kW-per-EV are useful but partial; richer, data-driven, key
metrics, measures and predictive analytics enable planners to model future demand, identify
optimal locations and prioritize investments to minimize congestion and improve QoE.

Accordingly, the combined evidence from vehicle sales, charger rollouts and power-capacity



trends (20202024, into early 2025) points to a clear conclusion: continued, targeted investments
are required to achieve both equitable access and adequate throughput. Rapid expansion has
begun to close the gap, but the uneven geographic distribution of chargers and divergent national
trajectories mean that planning must be both local and strategic. A balanced programme, mixing
high counts of lower-power urban chargers with strategically placed fast/ultra-fast hubs, and
powered by real-time data and predictive analytics, will best support QoE, reduce range anxiety

and enable the next stage of rapid EV adoption.

1.1 Problem Statement and Motivation

Accelerating the adoption of electric vehicles (EVs) requires accurate site-level waiting-time
estimates, robust QoE metrics, and scalable capacity-planning policies for the Public Charg-
ing Infrastructure (PCI) of EVs. However, the expansion of PCI has not kept pace with the
rapid growth of EV adoption, creating operational challenges and diminishing user satisfaction.
A key issue is the scarcity of precise data on EV arrival times and charging behaviors, which
leads to unreliable waiting-time estimates and undermines QoE. widespread private charging
both stresses local distribution networks and leaves public chargers under-utilized, while range
anxiety persists due to long, unpredictable queues and inconsistent service durations. Attempts
to use surveillance cameras for arrival detection face feasibility, security, and synchronization
challenges and cannot capture external drivers such as weather, road conditions, traffic policies,
or sudden shifts in EV penetration caused by emergencies or grid disruptions. These limita-
tions highlight the need for novel, data-driven methods to accurately characterize and model
EV arrivals at the public EV charging stations. Likewise, much of the recent literature depends
on simplifying assumptions (e.g., Poisson arrivals, exponential service times) that misrepresent
real-world dynamics involving traffic flows, heterogeneous road networks, and dynamic operator
policies.

Such simplifications generate inaccurate performance metrics, obscure site-level congestion,
and hinder effective planning. Also, existing global QoE metrics, such as EV-per-Charger Ra-
tio (EVCR) and per-EV Charger Power (EVCP) neglect critical factors such as waiting times,
blocking probabilities, and utilization patterns, limiting their diagnostic value. Furthermore, the
absence of reliable long-term (multi-year) forecasting models prevents operators from antici-
pating rising EV demand, and little work has evaluated planning strategies across diverse EV

communities. Addressing these research gaps is essential for sustainable PCI deployment and



maintaining user confidence in public charging systems.

In response to these challenges, this thesis presents a data-driven investigation and forecast-
ing framework that: accurately models the public EV charging service, defines and implements
novel QoE metrics tailored to public EV charging, implement and trains machine-learning mod-
els on empirical records to forecast long-term EV charging demand, and translates those fore-
casts into quantitative recommendations for capacity-expansion decisions that preserve accept-
able QoE. The thesis also introduces an interactive Django/python tool to compute and visualize
site-level QoE metrics, including utilization, waiting time, occupancy, and blocking, with con-
figurable spatial and temporal filters. The tool features a location-aware mapping interface to
reveal bottlenecks and high EV-demand clusters and support data-driven planning.

To reduce persistent overloads during the public EV charging service, this thesis proposes
a Data-driven Incentive-based Charging Truncation (DICT) policy. The empirical service-time
distributions observed under DICT are fitted to closed-form theoretical models and embedded
within an M/G/1/K analytical queue to quantify blocking, waiting, and utilization impacts. Ex-
tensive simulation runs and empirical validation verify model fidelity, and DICT is benchmarked
against alternative strategies such as resizing and proximity-based deployments, generating prac-
tical, evidence-based guidance for planners and operators.

Finally, a causal deployment-evaluation framework is introduced, leveraging large-scale ma-
chine learning method to estimate counterfactual EV demand trajectories for proposed and actual
Level-3 EV charging sites deployments. These demand projections are translated into M/G/C/K
queue inputs to quantify both congestion displacement and congestion relief at nearby incumbent
EV charging stations, enabling accurate assessment of deployment impacts on network-wide
QoE.

Accordingly, this section outlines the motivation and the precise problem statements ad-

dressed by the thesis.

1.1.1 Leveraging Real-World Data Sets For QoE Enhancement In Public
Electric Vehicles Charging Networks

This thesis targets enhancing the quality of charging experience in Electric Vehicle (EV) Public
Charging Infrastructure (PCI) networks. The estimation uncertainty of waiting times at charging
stations (CSs) hinders the proliferation of such networks and, hence, decelerates EV adoption.

Currently, most EV owners prefer to use private chargers; thus, overloading the energy distribu-



tion network leaving PCIs under-utilized. Consequently, it becomes important for PCI operators
to provide customers with accurate waiting time estimates at various CSs; therefore, allowing
them to make more informed CS selections. The per-CS EV waiting times reveal possible CS
overloads, which, when frequently repetitive, indicate the need for PCI up-scaling to satisfy in-
creasing demands; hence, ensuring elevated customer QoE. we leverage recent real-world data
to unveil the statistical properties of EV charging times that, unlike existing studies, are found
to be best captured by an Erlang-k distribution. Also, the per-CS charging request arrival pro-
cesses are characterized under various scheduling policies. It is established hereafter that CSs
can be accurately modelled as single-server queuing systems. Finally, extensive simulations are
conducted to verify the accuracy of the proposed models and provide further insights into the

waiting time performance achieved by each of the adopted scheduling policies.

1.1.2 A Data-Driven Framework for Improving Public EV Charging In-

frastructure: Modeling and Forecasting

This thesis presents an investigation and assessment framework, which, supported by realistic
data, aims at provisioning operators with in-depth insights into the consumer-perceived Quality-
of-Experience (QoE) at public Electric Vehicle (EV) charging infrastructures. Motivated by the
unprecedented EV market growth, it is suspected that the existing charging infrastructure will
soon be no longer capable of sustaining the rapidly growing charging demands; let alone that
the currently adopted ad hoc infrastructure expansion strategies seem to be far from contributing
any quality service sustainability solutions that tangibly reduce (ultimately mitigate) the severity
of this problem. Without suitable QoE metrics, operators, today, face remarkable difficulty in
assessing the performance of EV Charging Stations (EVCSs) in this regard. We aim at filling this
gap through the formulation of novel and original critical QoE performance metrics that provide
operators with visibility into the per-EVCS operational dynamics and allow for the optimization
of these stations’ respective utilization. Such metrics shall then be used as inputs to a Machine
Learning model finely tailored and trained using recent real-world data sets for the purpose of
forecasting future long-term EVCS loads. This will, in turn, allow for making informed optimal
EV charging infrastructure expansions that will be capable of reliably coping with the rising
EV charging demands and maintaining acceptable QoE levels. The model’s accuracy has been
tested and extensive simulations are conducted to evaluate the achieved performance in terms of

the above-listed metrics and show the suitability of the recommended infrastructure expansions.



1.1.3 A Novel Data-driven Incentive-based Charging Service Truncation
Scheme to Improve the QoS Performance of Public EV Charging

Stations

This thesis addresses the inadequate Electric Vehicle (EV) public charging infrastructure expan-
sion strategies currently adopted by operators with a particular focus on EV-user-perceived Qual-
ity of Service (QoS). Our real-world case studies of Public EV Charging Stations (P-EVCSs) re-
veal the continuous deterioration of QoS despite increasing P-EVCS deployments. This is mainly
due to excessive charging overload; a tangible proof of the ill-designed expansion scheme.
Herein, a Data-driven Incentive-based Charging Truncation (DICT) scheme is proposed to alle-
viate the per-P-EVCS load by encouraging EV users to limit charging their batteries once they
reach an 80% State of Charge (SoC). A mathematical framework is established to characterize
the statistical properties (particularly probability distributions) of the per-EV service time un-
der DICT. Precisely, extensive simulations of the DICT EV charging policy were conducted to
collect a 10° sample EV service time dataset. Thorough numerical analyses fit these samples’
probability distribution with a theoretical distribution whose closed-form expression is derived.
An analytical M/G/1/K queueing model is then established to capture P-EVCS dynamics and
characterize its performance in terms of QoS metrics. Extensive simulations are carried out
to validate the proposed queueing model and assert its accuracy compared to real-world data,
yielding an average error of [2.85%—12.57%] for blocking probability, [2.08%—5.85%] for the
average waiting queue length, and [2.48%—6.45%] for the average waiting time. Finally, DICT
is benchmarked against alternative strategies, including site resizing and in-proximity new site
deployments to offer strategic insights and recommendations to improve public EV charging

infrastructure and sustaining QoS.

1.1.4 A Data-Driven Framework for Improving Public EV Charging In-
frastructure Deployment: Quantifying EV Demand Shifting Via Ma-

chine Learning

We present a cause-and-effect evaluation framework to quantify how new Level-3 public EV
charging stations (P-EVCSs) affect congestion and user Quality of Experience (QoE) at nearby
incumbent sites. Moving beyond correlational analyses, the framework uses a with/without

comparative design with empirical controls for spatial proximity, charger capacity (port counts



10

and power ratings), and surrounding amenity access. It estimates counterfactual “what-if” EV
demand trajectories through large-scale machine learning models, maps those projections to
proper input parameters for M/G/C/K queueing models, which, in turn, are used to estimate key
performance metrics such as the average waiting time, utilization and queue length. Validation
using empirical charging records shows that counterfactual scenarios consistently predict higher
session volumes, utilization, and queueing than actual scenarios, which are further amplified
by seasonality. The analysis indicates that the examined recent deployment site functions as
an effective absorptive node for surrounding sites, with effectiveness varying according to those
sites’ capacities and locations. Nevertheless, the deployment exhibits a low average waiting time
(=~ 0.174 minutes), modest utilization (= 2.2%), and negligible average blocking (=~ 0.035%
EVs), and so physically relieved nearby sites during peak periods. Site-level findings show
marked congestion displacement: removal of a recently deployed high-power Level-3 (L3) site
(i.e, Site A2) results in an approximately 92.6% increase in waiting time at the nearby mid-
sized Site A3; The study finds that prioritizing the deployment of high-power L3 sites within
approximately ~ 3 km of target areas is associated with a substantial congestion-relief effect.
Accordingly, this thesis provides operators/service providers and planners with a data-driven ap-
proach to evaluate and optimize fast charging P-EVCS deployment strategies in evolving urban

environments.

1.2 Thesis Main Contributions

The key contributions of this thesis are summarized as follows:

* Accurate waiting time modeling for public EV charging stations:

A thorough numerical analysis of most recent, real-world EV charging records extracted
from public EV charging stations (EVCSs) network is conducted to characterize per-
station service time statistics and arrival processes. A mathematical framework is de-
veloped that models any EVCS as a realistic stochastic single-server queuing system, dy-
namically captures system behavior under different EV-to-CS allocation schemes, and
derives closed-form waiting time distributions and the per-CS average waiting time. A
custom and high fidelity simulation environment is developed for certifying the analytical
model and generates extensive numerical results for critical QoE metrics (utilization and

average waiting time), supporting practical insights into infrastructure dimensionality and
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preliminary resolution strategies for rapid EV penetration.

QoE metrics and long-term load forecasting for PCI operators:

A comprehensive data-driven framework fills the identified gap in per-site QoE evaluation
and long-term demand forecasting for Public Charging Infrastructure (PCI). A suite of
novel per-EVCS QoE metrics are formulated and implemented to provide operators with
event-driven, station-level visibility into utilization and operational dynamics, enabling
informed charger deployment and network sizing. Historical charging records and relevant
exogenous features are incorporated into a machine learning forecasting model to generate
accurate, site-level EV demand projections up to one year ahead. Empirical validation and
simulation experiments demonstrate the framework’s applicability for QoE-aware, data-

driven infrastructure expansion planning.

Interactive Client—Server Decision-Support Tool for Analysis at the City and Site

Levels:

A Django/python web-framework decision support tool is designed and implemented to
visualize, analyze, and interpret city/site specific EVCS performance. The tool computes
and fetches empirical and model-based QoE metrics (utilization, waiting time, charger oc-
cupancy, blocking probability), supports customizable temporal and spatial queries (daily
activity, 4-hour windows, weekday/weekend differentiation), and provides an interactive,
location aware mapping interface to identify bottlenecks and high demand clusters for tar-
geted planning, resource allocation, and maintenance scheduling. The core back-end and
front-end components are implemented mainly in python, HyperText Markup Language,
version 5 (HTMLYS), and cascading style sheets (CSS), and several performance metrics

are computed from a subset of analyzed public EV charging sites.

Develop a data-driven Incentive-based Charging Truncation (DICT) scheme to sus-

tain QoE:

The DICT scheme incentivizes the truncation of public EV charging at approximately
80% state of charge (SoC) to reduce per-charger occupancy and increase effective service
capacity during the public charging service. A set of 10 simulated per-EV service time
durations is used to identify a highly accurate approximation of the service time distri-

bution under the DICT scheme and to derive a closed-form expression that improves the
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scheme’s analytical tractability. An analytical M/G/1/K queueing model is developed to
capture P-EVCS dynamics under DICT and quantifies the impacts on key performance
metrics. DICT is benchmarked against multiple alternative and hybrid schemes, such as
Site Resizing Scheme (SRS), New Site Deployment Scheme (NDS), and Incentive- aug-
mented Resizing Scheme (IRS) using a thorough simulation framework. The performance
of EVCSs is evaluated mainly across utilization, average waiting time, blocking probabil-

ity, number of blocked EVs, number of served EVs, and number of waited EVs.

* Causal evaluation of Level-3 deployments and site-level congestion effects:

A causal inference framework is developed to isolate the true effect of new Level-3 fast
charging sites deployment on EV charging demand and QoE at the public EV charging
infrastructure, moving beyond correlational analyses. The framework controls for criti-
cal confounders (spatial proximity, dynamic charging outlet capacities in terms of ports
and power ratings, and local amenity access) and generates counterfactual EV demand
trajectories via large-scale, customized machine learning model. The counterfactual pro-
jections are mapped to M/G/C/K queueing inputs to estimate waiting time, utilization, and
waiting queue length at each public EV charging site. Also, temporal tracking of public
EV demand evolution at new deployments enables detection of sustained QoE impacts
and emerging congestion hotspots, thereby supporting prescriptive site selection and de-

ployment decisions.

1.3 Thesis Structure and Organization

The remainder of this thesis is structured as follows. Chapter 2 presents the background and
reviews the relevant literature. Chapter 3 presents a numerical analysis of recent, real-world
EV charging records and develops a stochastic single-server queueing framework to derive per-
station waiting time distributions and average waiting time. Chapter 4 formulates a suite of per-
site QOoE key performance metrics and describes a machine learning forecasting pipeline that es-
timates one year, site-level EV demands projections to support QoE-aware expansion planning.
Chapter 5 describes the design and implementation of an interactive Django/python client—server
decision support tool for site-level visualization and analysis of QoE. Chapter 6 introduces the
Data-driven Incentive-based Charging Truncation (DICT) scheme, derives its M/G/1/K analyt-

ical formulation, and presents extensive simulation benchmarks. Chapter 7 develops a causal
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inference framework to evaluate Level-3 deployments and their congestion effects on neighbor-
ing sites, mapping counterfactual EV demands to queueing impacts. Chapter 8 concludes the

thesis and outlines directions for future research and practical deployment.



Chapter 2

Background and Literature Review

This chapter begins with key concepts and technologies for EVs and public EV charging, fol-
lowed by a detailed literature review that demonstrates the thesis’s significance and original

contributions as discussed in Chapter 1.2.

2.1 Background

2.1.1 A concise history of EVs

Battery Electric Vehicles (BEVs) have undergone repeated cycles of rapid advancement and
adoption followed by periods of decline, only to regain attention when technological, economic,
or regulatory conditions shift. Although frequently portrayed as a recent innovation, the techni-
cal foundations of EVs reach back to the nineteenth century.

EVs possess several fundamental advantages that explain the current resurgence of interest:
they eliminate tailpipe emissions, demand less routine mechanical maintenance than internal
combustion vehicles, and can operate on a variety of low carbon energy sources. Continuous
improvements in energy storage and power electronics have steadily increased driving range and
performance while lowering lifecycle costs. Together, these factors make EVs a leading option
for reducing transport emissions and improving urban air quality when deployed at scale.

The evolution of EV's can be usefully segmented into six broad periods:

* 1830-1880: Early innovations. The first experiments combining electric motors and bat-
teries with wheeled platforms occurred in the early nineteenth century. Inventors across
Europe and North America built small demonstration vehicles and electric-driven carts.
Early battery technology limited range and operational practicality, but these demonstra-

tions established the basic feasibility of electrically powered road vehicles.

* 1880-1914: First commercial wave. Advances in rechargeable battery chemistry and

motor design in the late nineteenth century enabled the first commercially useful electric

14
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vehicles. Manufacturers produced passenger cars, city taxis, and light delivery vehicles
suited to urban use, where short distances and access to electricity were advantageous. In
some cities, electric vehicles briefly held a substantial share of the local market because

they were quiet, easy to operate, and well matched to short urban trips.

— Trouvé Tricycle (1881). Gustave Trouvé’s three-wheeler demonstrated compact
electric propulsion with a battery-mounted motor and an unusual asymmetric wheel

layout, making it an early example of an urban EV.

Figure 2.1: Trouvé Tricycle (1881). [5]

* 1914-1970: Market retreat. A convergence of technological, economic, and infrastruc-
tural developments shifted the balance toward gasoline-powered cars. Mass production
techniques, falling fuel costs, improvements in internal combustion engines, and inno-
vations such as the electric starter expanded the practicality and affordability of gasoline
vehicles. As aresult, electric vehicles lost commercial momentum and largely disappeared

from mainstream markets through the mid-twentieth century.

* 1970-2003: Reappraisal and prototypes. Rising fuel prices, oil shocks, and growing
environmental awareness prompted renewed research into electric and hybrid drivetrains
beginning in the 1970s. Industry and government programs produced prototypes and
limited trials; regulators began to consider stricter emissions standards. Although many

vehicles developed in this period had limited range and modest performance by modern
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standards, these projects sustained technical expertise and public awareness of alternative

propulsion technologies.

— General Motors (GM) EV1 (late 1990s). GM’s lease-only EV1 demonstrated mod-
ern EV capabilities (roughly an 80 mile range and brisk acceleration) but the program

was later discontinued; it remains a notable case in modern EV history.

Figure 2.2: General Motors EV1 (late 1990s). [6]

* 2003-2020: Commercial resurgence. The early twenty-first century brought dramatic
improvements in lithium-based batteries, power electronics, and vehicle integration. New
entrants and legacy manufacturers began producing commercially viable passenger EVs
that combined practical range, strong performance, and modern conveniences. Declining
battery costs and policy support made electrified vehicles progressively more competitive,

accelerating consumer adoption.

* Commercial vehicle electrification. Electric powertrains have long been used in niche
commercial applications, vehicles with frequent stop—start duty cycles (for example, milk
floats and urban delivery trucks) are especially well suited to electric operation because of
high idling losses for Internal Combustion Engine (ICE) vehicles. Recent improvements in
battery energy density and charging systems, together with regulatory pressure to reduce
fleet emissions, have triggered larger scale deployment of battery electric trucks and buses

across a growing set of use cases.

Several recurring factors explain why electric vehicles have alternated between prominence

and obscurity:
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* Energy storage technology: battery weight, energy density, cost, and charging time

strongly influence vehicle range and economics.

* Fuel and infrastructure economics: the relative price and availability of liquid fuels,

and the presence (or absence) of charging infrastructure, affect consumer choices.

* Manufacturing and cost reductions: scale economies and production methods deter-

mine affordability.

* Regulation and policy: emissions standards, purchase incentives, and fleet mandates can

accelerate or redirect industry investment.

» Use-case fit: operational patterns (urban vs. long-distance travel, stop—start vs. continu-

ous highway driving) influence where electrification is most competitive.

Accordingly, today’s EV deployment is driven by a combination of technological progress,
industrial investment, and policy support. Major manufacturers (e.g., General Motors, Mercedes-
Benz, Volkswagen) have committed to significantly expanding their electric lineups, regulators
in many jurisdictions are tightening vehicle-emissions standards, and fleet purchasers are in-
creasingly adopting zero-emission trucks and buses where economically and operationally fea-
sible. Continued reductions in battery costs, improvements in charging infrastructure, and sup-
portive policy frameworks will be decisive in determining the speed and scale of the transition.

Respectively, the history of electric vehicles shows that technical feasibility alone is not
sufficient: economic conditions, infrastructure, policy, and the match between vehicle capabili-
ties and user needs all matter. The present period differs from earlier cycles because of stronger
alignment among technology, policy, and public concern about climate and air quality. Whether
EVs continue to expand will depend on how these drivers evolve and whether electrification re-
mains the most practical solution for decarbonizing mobility across passenger and commercial

segments.

Source: Rizon Truck, “A History of Electric Vehicles: The Ups, Downs, & Ups.” https://www.rizontruck.

com/blogarticle/a-history-of-electric-vehicles-timeline-the-ups-downs-ups/.

2.1.2 Evolution of EVs charging

EVs adoption has driven parallel advances in charging technology and infrastructure. As EVs
moved from niche experiments to mainstream models, charging systems evolved from primitive

rectifier installations to a diverse ecosystem of home, public, and high-power rapid chargers.
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Early developments. Electrically powered automobiles required external power conversion
early on. In the first decades of the twentieth century, industrial rectifiers such as the Mercury
Arc Rectifier were installed in homes, garages, and public parking facilities to supply Direct
Current (DC) power suitable for charging vehicle batteries. These early chargers were practical
for small, local fleets but limited by the prevailing battery and electrical-distribution technologies

of the era.

* General Electric (GE) Mercury Arc Rectifier (c. 1912). One of the first electric car
chargers, this device converted Alternating Current (AC) to DC for vehicle batteries and

was installed in both private and public charging contexts.

Figure 2.3: GE Mercury Arc Rectifier, circa 1912. An early electric car charger. [7].

Late twentieth-century milestones. Commercial and demonstration programs during the 1990s
marked the first modern integration of dedicated charging equipment with consumer electric ve-
hicles. In 1996 General Motors introduced the EV 1, a lease-only passenger car whose provision
included a home charging installation capable of replenishing the vehicle’s battery over several
hours. The early 2000s saw the emergence of publicly accessible charging points; the installa-
tion of one of the first public chargers in California (circa 2002) represented a turning point in

making charging available beyond private garages.

* General Motors EV1 (1996). In 1996 GM introduced the lease-only EV1 with home

charger; the program was ended in 1999.

Acceleration in the 2000s and 2010s. The introduction of mainstream and high-performance
EVs accelerated charger development. Tesla’s 2008 Roadster broadened expectations for per-
formance and daily usability, and later mass-market models such as the 2010 Nissan Leaf made

overnight home charging a practical solution for many drivers. Tesla’s Model S (introduced in
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Figure 2.4: Figure 8. EV1 home charging station (c. 1996). [8].

the early 2010s) further advanced charging expectations by demonstrating fast-charge capability
in networked fast-charging stations, enabling partial recharges on timescales suitable for longer

trips.

Trends and outlook. EV charging technology continues to improve in energy transfer rate, in-
teroperability, and user convenience. Networked fast charging stations, improved onsite power
management, and the rollout of standardized connectors have broadened access. Emerging tech-
nologies (for example, wireless charging for stationary or dynamic use) and continued reductions
in charging time are likely to complement further battery technology advances. As EV owner-
ship expands, charging infrastructure, both public and private will remain a central enabler of

electrified transport.

2.1.3 Smart Charging: Rapid Refill, Safety, and Longevity

The 20-80% charging practice for electric-vehicle (EV) lithium-ion batteries is widely recom-
mended as a practical compromise between rapid energy replenishment and preserving cell
longevity. By charging primarily within the mid-State of Charge (SoC) band (roughly 20%
to 80%), vehicles can accept high charging power for the bulk of the session and avoid the pro-
nounced current taper that occurs as SoC approaches full capacity. Limiting the upper bound to
about 80% reduces heat generation and the electrochemical stresses, such as elevated cell volt-
ages and the increased risk of lithium-plating, that accelerate capacity fade. Likewise, avoiding
repeated deep discharge below ~ 20% helps prevent undue mechanical and chemical strain on
electrode materials. Operating within this band therefore delivers most range quickly, maintains
an operational buffer for unexpected trips, and simplifies condition monitoring because batteries

exposed to fewer extreme SoC cycles exhibit more predictable ageing behavior [14].
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Source: Electric Car Charger, “A Short History of Electric Car Chargers.” https://electriccarcharger.au/

short-history-of-electric-car-chargers/.


https://electriccarcharger.au/short-history-of-electric-car-chargers/
https://electriccarcharger.au/short-history-of-electric-car-chargers/
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2.1.4 Public EV Charging Ecosystem

The public EV charging ecosystem comprises several key elements, which include the following:

« Charging Stations and Charging Types

The public charging stations are the physical locations where EVs can recharge their bat-
teries. These stations are equipped with charging points or outlets that provide electrical
energy to EVs. Public charging stations can be categorized based on the speed and tech-

nology used to deliver energy as follows:

— Level 1 Charging: This is the slowest charging option, providing 120 volts (V)
alternating current (AC) through a standard household outlet. It is rarely used in
public charging infrastructure due to its long charging times. It requires between

8—12 hours to fully charge.

— Level 2 Charging: A common type of public charging, this method delivers 240V
AC power and is widely available at the public EV stations, homes, and workplaces.

It takes around (4-8) hours to reach up to 80% SoC, as an average charging duration.

— DC Fast Charging (Level 3): Also known as “fast charging,” this technology de-
livers DC to the battery, providing rapid charging (Up to 80% SoC in approximately
(20-60) minutes, as an average charging duration). It is essential for long-distance

travel, making it a crucial part of highway charging networks.

— Ultra-Fast/High-Power Chargers: Newer ultra-fast chargers (350 kW and above)
are being deployed to further reduce charging times for vehicles that are compatible
with such high-power charging (Up to 80% SoC in approximately (10-20) minutes,

as an average charging duration).

The efficiency of EVCSs is influenced by the type of chargers available, the number of
spots, and the operational flow of EVs using the service. The availability and configuration
of these stations directly affect the speed at which EVs can be charged and how many EV's

can be serviced in a given time.

« Public EV Charging Network Service Providers/Operators

The public charging networks are managed by private vendors, utilities, or government

bodies that operate public charging stations. Common network providers such as:

— Tesla Supercharger Network (for Tesla vehicles).
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— ChargePoint.
— Hydro-Quebec (in Canada).

These providers often provide mobile applications (apps) that help EV drivers find charg-

ing stations, check availability, and pay for charging.

« Charging Standards

Different standards for EV charging exist based on the connector types used, including:

— CHAdeMO: Common in Japanese vehicles like Nissan and Mitsubishi.

— CCS (Combined Charging System): Standard in European and North American

vehicles.

— Tesla Connector: Proprietary connector used by Tesla but compatible with adapters

for other vehicles.

« Power Grid and Renewable Energy

The power grid and renewable energy sources are used to generate, distribute, and balance
electricity demand efficiently and sustainably. P-EVCSs are integrated with the power

grid, sourcing the necessary electricity from it.

¢ Electric Vehicles (EVs)

EV types are categorized according to how the vehicle is powered and how its battery is
recharged. This thesis does not include non-battery technologies (e.g. hydrogen fuel-cell
vehicles or other zero-emission powertrains), which are beyond the scope of this thesis.

Accordingly, the most common types of EVs include:

1. Battery Electric Vehicles (BEVs):

— Power Source: BEVs run exclusively on electricity stored in large battery packs.

— Charging: These vehicles need to be plugged into external sources such as
home chargers, public charging stations, or fast chargers to recharge their bat-
teries.

— Emissions: BEVs produce zero tailpipe emissions, making them environmen-

tally friendly.
2. Plug-in Hybrid Electric Vehicles (PHEVs):
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— Power Source: PHEVs have both a battery electric drivetrain and an Internal
Combustion Engine (ICE). They can run on battery power alone or use the ICE

when the battery is depleted or for extended range.

— Charging: The battery can be charged by plugging into an external power
source, like BEVs, but PHEVs can switch to gasoline if necessary.

— Emissions: PHEVs have lower emissions compared to traditional gasoline ve-
hicles, especially when driving in electric mode, but they do emit tailpipe emis-
sions when the ICE is in use.

— Subtype: Extended-Range Electric Vehicles (EREVs): A plug-in design in
which the electric motor normally provides propulsion; if the battery becomes
depleted, the ICE starts to generate electrical power to maintain drive, instead

of directly powering the drivetrain.
3. Hybrid Electric Vehicles (HEVs):

— Power Source: HEVs combine a traditional internal combustion engine with an
electric motor. Unlike PHEVs, they cannot be charged by plugging in; instead,
the battery is charged through regenerative braking and the ICE.

— Emissions: HEVs reduce emissions compared to conventional vehicles but still

rely on gasoline, so they produce tailpipe emissions.
* Waiting Spots/Queue (Pre-Charging Stage)
These are designated areas where EVs wait before reaching the charging outlets. This is
essentially the queue before the service (charging) begins.
¢ Charging Spots (Service Stage)

Charging spots are locations within the charging site where EVs receive service (i.e., they
are actively charging). These represent the locations where EVs are plugged in to charge

their batteries.

2.1.5 Public EV Charging Ecosystem: A Queuing Model Perspective

As shown in Figure (2.5) below, the public EV charging ecosystem can be understood as a com-
plex system where EVs are serviced (charged) through a network of charging infrastructure.

This ecosystem involves multiple components, each influencing the system’s performance and
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the user experience for EV drivers. Key components and dynamics include waiting spots, charg-
ing spots, charging sites, the number of charging outlets per site/station, service/charging time,

waiting time before start charging, total system time, and charging service pricing.
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Figure 2.5: A Queuing Model for EVs Public Charging Infrastructure [9].

2.1.6 Public EV Charging Stations Dataset records

This thesis uses an extensive dataset of EV charging sessions collected from public EV charging
stations in Quebec. The dataset is provided by our industrial partner. These sessions capture
both slow and fast charging events across a range of charging power levels. Each recorded ses-
sion includes key attributes such as the delivered/charged energy, start and end timestamps, the
specific charging outlet and site identifiers, and associated geographic information. Although
the dataset is rich in detail, certain information essential to our analysis is absent, most notably,
the actual vehicle arrival times and any waiting durations experienced before charging. The
lack of these variables poses a significant challenge in accurately characterizing the quality of
experience (QoE) during public EV charging events. Addressing this limitation and develop-
ing methods to infer or estimate these missing parameters forms an important component of the
analysis presented in subsequent chapters of this thesis.

Furthermore, following a comprehensive review of the available sessions, certain sessions in
the dataset are deemed invalid. To ensure robust analysis and reliable model development, the
dataset underwent extensive cleaning and filtering. Sessions with intervals longer than two hours,
shorter than three minutes, indicating no energy consumption, or without recorded payments
were systematically excluded. After this process, all valid sessions are organized chronologi-
cally by occurrence date for each station/site, with each site is assigned a unique identifier to

group EV charging outlets with the same address code.
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2.2 Literature Review

This chapter provides a comprehensive literature review that motivates the study and underscores

the novel contributions of the thesis.

2.2.1 Related Work: Modeling Public EV Charging Dynamics and QoE

Measurement

The literature encloses numerous studies that aimed at characterizing the EV charging process
and most importantly crucial QoE metrics similar to those targeted in this work. Nonetheless,
due to the trendy business-imposed confidentiality of realistic EV charging-related data (e.g.,
[15]), such studies were developed using traditional and trendy approaches founded on top of
inadequately created EV load profiles based on ICE data surveys. Consequently, such studies
are obviously misleading especially since EVs have largely different characteristics than ICE
vehicles. [16], has, in a first step, broken the custom through the revelation of 63,937 real-world
EV charging session data records collected between 2016 and 2019 for two regions in Scotland.
Along the same lines, [17] published similar data for six major cities in Europe and the United
States. This paved the way for new realistic studies to emerge, of which, those cited in the survey
of [17] and, in particular, that of [18] where synthetic data generators were developed for the
purpose of creating EV charging load profiles that were indistinguishable from realistic profiles
and that, later on, were used by multiple researchers to evaluate the contribution of Renewable
Energy Resources (e.g., [19,20]) as well as identifying peak load times (e.g., [21]) and, hence,
recommend guidelines for grid investment (e.g., [22,23]).

The realistic EV charging data made available to the above-surveyed studies is restrictive to
specific cities/regions and, currently, can be confidently classified as being relatively outdated.
Today, various regions of the world are witnessing rising multi-level partnerships between gov-
ernmental authorities, third party CS operators and researchers from both academia and industry
allowing these latter to grab access to recently collected EV charging-related data for the purpose
of providing new accurate insights into the dynamics of EV charging processes and their impact
on the grid. For instance, the authors of [24] assessed the ability of Charging Network Operators
(CNOs) to optimize the utilization of charging network infrastructure through dynamic pricing
schemes having the objective of driving EVs away from congested CSs and hence, reducing
the EV waiting times. However, [24] failed at adequately characterizing EV mobility as none
of the essential vehicular traffic parameters (e.g. vehicular density, speeds and flow rates) were
taken into consideration regardless of their notable impact on the EVs’ SoCs and, hence, waiting

times.
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The work of [25] paralleled the work [24] as it also aimed at developing schemes that allowed
CSs to dynamically modify their service fees in a real-time manner in view of their experienced
loads. Although such an approach was capable of achieving load balancing among CSs, it was
built on top of highly restrictive assumptions that are impractical in nature; hence, confining
this work to remain theoretical in service of benchmarking purposes only. The work of [26]
addressed the problem of optimal CS placement while, in addition to pricing constraints, they
jointly considered route optimization to achieve an optimal trade-off between travel times and
charging costs.

The secure and economic charging infrastructure operation is a challenge that, lately, has
been capturing significant attention. Truly, apt coordination between system operators and EV
aggregators is of utmost importance to ensure satisfaction of security requirements while jointly
minimizing EV charging costs without any EV users’ energy demand violations. The work
of [27] proposed a decentralized cooperative hierarchical multi-agent system whose operation
is governed by an EV charging scheduling scheme that aimed at effectively achieving the afore-
mentioned objectives without any a priori information regarding EV arrivals to the different CSs.
Although seminal findings were presented therein, these were quite restricted to cost and energy
consumption-related parameters’ optimization. Moreover, the authors only considered use cases
where EVs were being charged in parking spaces. Consequently, session times were equated to
vehicle parking durations that appeared to be drawn from Weibull distributions as dictated by
relatively old data collected from previous existing work (e.g., [28-30]); this being contradic-
tory to recently acquired data that confirming the inaccuracy of these distributions especially for
in-transit EVs.

Now, opposite to [27], the authors of [31] considered the the United Kingdom’s (UK) rising
first solar EV charging forecourt and demonstrated how the expected EV load allowed for de-
termining the system’s ability to serve as a bulk power supply. With this in mind, the authors
boldly underlined the importance of early EV arrivals forecast for site operational optimality.
This is not to mention that learning the energy demand patterns provides insightful guidelines
for site expansion and/or new site deployment at strategic locations. Yet, when operating with
a limited number of chargers, the optimal scheduling of EV charging and power allocation is a
problem with a wide selection of constraints (e.g., battery constraints, charging time, range anx-
iety, delays, limited grid energy supply, etc) that have been modeled by numerous researchers
(e.g. [32-34]) and subdivided into distinct or, sometimes, intersecting subsets. The resolutions
of this problem’s variants had led to the optimization of different objectives (e.g., cost minimiza-
tion, end SoC maximization, etc).

At this level, it is important to attract the reader’s attention to the fact that the EV arrival
process and, hence, the a priori prediction of energy demand are, solely, not enough to study the

performance of CSs. Recently, public CS network operators have expressed an upsurged need for
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insightful metric evaluations such as the experienced per-CS load, average EV service and wait-
ing times as well as the waiting line size. Modeling individual CSs (or an aggregation thereof
into mega stations) as queuing systems has proven its efficiency in evaluating such metrics. Yet,
the major flaws in a wide variety of existing such models reside in: i) capturing these systems’
operational/functional dynamics, i7) identifying their statistical properties, and, iii) modeling the
various processes governing these queuing systems using accurate distributions. For instance,
the work of [35] inaccurately modeled a CS as an M/M/1 queueing system. This is especially
true since, as highlighted in the above-surveyed publications and will be further stressed here-
after according to realistic data, the EV service time (i.e. charging time) is not exponentially
distributed. Further to that, depending on the employed CS-to-EV allocation schemes govern-
ing the distribution of EVs to the various deployed CSs in an area, the EV arrivals to a CS may
not necessarily follow an Poisson process as feebly assumed in [36].

Clearly, regardless of the notable progress and proliferation of EVs and their market pene-
tration over the last few years, the collection of EV-charging-related data from at least the past
six years constitutes a tangible proof that the transportation electrification sector still has not
reached a state of maturity. Indeed, the continuous EV manufacturing improvements, variety
of systems embedded in these battery-powered vehicles as well as the contemporary techno-
logical advancements battery production and integration have been steadily experiencing are,
by themselves, leading to significant variations in the statistical properties of energy demands,
EV service and, hence, CS development and operability. All of this dictates that this field is
traversing a transient period that requires continuous updates of existing analytical technical
models that serve as fundamental inputs to crucial large-scale strategic planning and industrial
development for governments and third party operators. The purposes of such updates is the
sustainability of accuracy throughout this transition and the provisioning of useful insights into
the realistic consumer QoE as well as the indication of charging infrastructure expansion ne-
cessities. Obviously, the existing literature exhibits an obvious gap in this direction; let alone
the development feasibility of models with a far vision of generalization that may, with slight
variations, easily account for statistical changes in demand arrivals and service processes ex-
hibited by various CS-to-EV assignment schemes; hence, promoting future system behaviour
predictability and tractability. This work aims at presenting a first step towards the closure of
this gap through the presentation of a real-world data-driven analytically tractable CS queuing
model that quantifies fundamental per-CS performance metrics formulated using general sym-
bolic expressions for distribution functions representing EV arrival and charging processes. All

the details pertaining to this model are presented next.
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2.2.2 Related Work: Data-Driven Modeling, Forecasting, and QoE Anal-
ysis of Public EV Charging Infrastructure

EV charging demand forecasting has been a subject that has recently received significant at-
tention; this being attested by the increasing number of published studies presenting different
approaches and shedding the light on the goodness of the resulting forecasts [37]. Unfortunately,
however, inputs to these existing forecasting models consist of simulated data generated by re-
strictive simulation frameworks that cannot really account for comprehensive real-world dynam-
ics (e.g., housing stock, area/location characteristics, EV characteristics, actual travel distances,
population growth rates, among so many others) affecting EV charging processes [38,39]. In
addition, a few publications do rely on some realistic data sets that, alas, happen to be quite
limited in terms of the number of recorded samples corresponding to a very limited number
of attributes characterizing such processes [40,41]. A prime selection of these studies is sur-
veyed hereafter. Howbeit, it is important to keep in mind that the distinguishing features that
differentiate this present work from these existing publications are: i) the exploitation of a large
database of realistic records provisioning in-depth insights into actual EV charging processes
taking place all over the entire Quebec province [41,42], ii) beyond EV charging demand, this
work presents a whole new set of QoE performance metrics and an accurate model to forecast
future values of these metrics with such predicted results serving as guidelines for optimal EV
charging infrastructure expansion and EV-to-charger assignment and scheduling [43].

In [44], the authors surveyed existing EV charging infrastructure planning methodologies
that targeted the resolution of specific challenges addressed from either a transportation system
perspective or that of a distribution network or, also, a combination of both. Most of these studies
were theoretical in nature or based on custom-built simulation frameworks focusing on a limited
subset of EV charging aspects while overlooking a large number of important factors due to the
lack of visibility into them. For instance, the vast majority of these studies commonly limited
their scope to the charging infrastructure itself with a focus on installation cost optimization
while neglecting end-user QoE.

The work of [45] presented a multi-stage EVCS deployment planning framework in an at-
tempt to achieve an acceptable trade-off between investment costs and peak distribution grid
demands. Precisely, the authors attempted to balance between EV drivers’ convenience and in-
vestors’ revenues without compromising capacity constraints imposed by operators over a certain
pre-determined time horizon. It appears that the key driver to this framework’s business succcess
is the actual phase-like expected growth of the EV traffic volume, which dictates the per-stage
needed additional investments targeting EV infrastructure resizing and revenues thereof orig-
inating from EV consumers’ satisfaction; all this being subject to power system constraints.

However, unfortunately, the proposed mathematical model in [45] was, contrary to the authors’
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claims, quite restrictive as, first, it was based on a relatively old and non-realistic EV traffic model
proposed in [46] and its restrictive assumptions leading to fictitious and non-accurate simulated
distributions of the number of EVs on the road. Second, that model adopted traffic parameter
values that do not conform to EV traffic in particular but rather to the vehicular mobility of all
kinds of vehicles on the roads as described by the authors’ traffic data source in [47]; let alone,
the fact that the collected data dates since 2016 (quite outdated) and that it does not incorporate
any observations pertaining to the utilization and performance of deployed charging infrastruc-
ture back then. Last but not least, the model was too simplistic, stochastic in nature and aimed at
separately optimizing individual non-related metrics; hence, failing to reach an even acceptable
sub-optimal trade-off among these metrics that should have been jointly optimized.

The work of [48] presented one among the very few data-driven methodologies targeting
the optimization of EVCS deployment within a given geographical area. Therein, the authors
leveraged the PageRank algorithm (refer to [49]), Graph Theory, geographical aspects and trip
data to estimate the spacial distribution of EV charging demands. More precisely, a considered
study area was subdivided into cells and each cell received a PageRank score that described that
cell’s appeal to EV drivers. Next, a Regression Model (RM) was adopted for the purpose of
mapping the PageRank scores to actual charging demands using data from existing EVCS. This
RM’s results were fed as input to a Capacitated Maximal Coverage Location Model (CMCLM)
for the purpose of optimizing EVCS deployments with the objective of maximizing coverage.
Unarguably, this presented methodology in [48] is ingenuous reflecting the authors’ remarkable
technical skills in combining trajectory data (provided by Inrix! partially extracted using probing
sensors (e.g., cell phones and automated vehicle location sensors) blending that using Google
Place Application Programming Interface (API) with Point of Interest (Pol) data that reflected
urban context and infers executed trip purposes and finally integrating socioeconomic data and
land-use information (provided by Wasatch Front Regional Council?) used as features of people’s
parking behaviors that could impact the EV charging demand.

However, one concern, at this point, is the fact that the majority of the used data (e.g.,
transportation-related data) is outdated (since it dates from 2016 and 2018); let alone that such
data was not solely restricted to EVs but rather an entire fleet of vehicles of different types,
among which are EVs. Consequently, such data may not accurately reflect current and future
trends in EV adoption and EV charging demands. This is especially true given the rapid evolu-
tion of EV adoption and charging behavior patterns. Second, it is not clear how trip purposes
have been linked to EV charging demand impact. It is understandable that trajectories do indi-
cate traffic flows in and out of specific regions, of which those experiencing high traffic flows

are more likely to also exhibit high EV charging demands and, hence, may constitute good lo-

Thttps://inrix.com/
https://wfrc.org/
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cations for new charging stations. Accordingly, regardless of its purpose, an executed trip will
contribute to traffic flow variations of its outbound origin and its inbound destination. In this
sense, regional clusters with high connectivity and traffic flows may, to a certain extent be con-
sidered as appropriate locations for further EVCS deployments. Third, the authors presented
a complex chain of interconnected machine learning models to capture the argued multifaceted
nature of EV charging demand and optimal placements of new charging stations based on a vari-
ety of factors. While, to this end, the complexity of this model appears to be a point of strength,
it can also set to be a limitation of this study when it comes to interpretability, transparency,
credibility and utility of generated results; let alone their accuracy. The lack of knowledge and
visibility into of the existing charging stations’ dynamics and, hence, the per station achieved
QoE performance, in a way or another, truncates future demand expectations and, hence, alters
the optimality of the charging infrastructure resizing. This drawback could not, however, be
worked around by the authors of [48] given not just the difficulty but, often, the rather impossi-
bility of accessing public EV charging stations utilization information without due authorization
from such stations’ operators/owners. This is an issue that this present work does not suffer from
given our pre-authorized access to such information.

The work of [50] presents a data-driven management framework for EV charging stations
with the objective of allowing operators/consumers to plan for peak charging times and, hence,
avoid congestion. Although the authors criticize some existing short-term EV demands forecasts,
their work does not serve the purpose of filling such a gap. This is especially true since their
deep and supervised machine learning framework only allows for only up to one-week forecasts,
which, is truly far from being long-term. Also, the utilized models therein only predict the
overall energy consumptions per station. Although, the authors do consider some nice features
(e.g., weather conditions, distinction between regular weekdays, weekends, and holidays, etc),
such are not enough to give operators/consumers an indication of a station’s load, the waiting-
in-line delay to receive service, the chargers’ utilization and the possibility of blocking (i.e.,
inability to provide service to an arriving EV to the station). All such gaps are accounted for
in this present work whereby the presented model herein is capable of providing one full year
of forecasts (extendable to two years ahead) not just in terms of energy consumption but also in
terms of all of the above-listed crucial metrics as a function of the expected EV penetration rate.

In [51], a Charging Station Dimensioning and Placement (CSDP) framework was presented
with the objective of provisioning minimum-cost fast charging infrastructure targeting the ac-
commodation of growing EV charging demands in a metropolitan area powered by a single
power grid. Through CSDP, the authors jointly accounted for EVCS placement and capacity as
well as the EV charging workload distribution among available EVCS to minimize EV waiting
times and reduce range anxiety. They also factored in the power distribution network’s volt-

age sensitivity, the possible need for voltage regulators (for maintaining voltage stability) and
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transformers with proper rating (for supporting peak demand). The above CSDP problem was
formulated into an Integer Linear Program (ILP) characterized by its remarkable complexity that
the authors worked around through the development of two heuristics. The efforts invested in de-
veloping CSDP were, indeed, seminal; especially that very little information was present at that
time about EV integration, charging demands, available EVCS and their underlying functional
and operational dynamics. It was, truly, an epoch of assumptions and visions that researchers
attempted to concretize through the development of theoretical models and approximations that
they strived to bring as close as possible to reality. Today, available real-world data continues
to rule out these assumptions (e.g., truncated Normal distribution associated to energy demands
in [52], the Normally distributed EV batter State-of-Charge (SoC) in [53], the exponential EV
charging time in [51, 54], among others). Now, although the authors of [51] presented enough
evidence of the feasibility of modelling an EVCS as a multi-server queueing system, their CSDP
Workload Assignment (CSDP-WA) and sizing ILP formulations were founded on top of a highly
restrictive approximation of that EVCS model using multiple single-server queues that was later
shown to reflect overly pessimistic EV waiting time performance. Consequently, forecasting fu-
ture demands and EVCS performances based on such allocated workload and sizing policies can
surely not serve for proper charging infrastructure expansion planning.

The work of [55] presented a big-data driven EV charging demand forecasting model ac-
counting for vehicular traffic volume data for both vehicles and busses as well as weather con-
ditions in addition to other variables typically considered in other existing models (e.g., ini-
tial battery SoC, battery type, charging power classifications, etc). Compared to older studies
(e.g., [56-59]) the authors of [55] also fed their model with the per-vehicle starting time of the
charging process and initial battery SoC, which they assumed to be accurately drawn from Gaus-
sian distributions with distinct parameters. Despite the interesting technically insightful features
of the work of [55], it suffered from major drawbacks, first, pertaining to the non-realistic and
inaccurate distributions the authors used to model the majority of their above-listed model’s
variables. Second, the work restricted the charging processes to take place in residential and
workplaces for regular consumer EVs and in parking stations for busses. Third and most im-
portantly, the historical traffic volume data used to train their model pertained to all types of
vehicles on highways, national routes and local roads rather than just EV data. Regardless of
the fact that such data dated since 2014 (i.e., non-representative of today’s current traffic states),
the authors clearly mentioned the fact that EV traffic volume at that time was much less than
that pertaining to other conventional vehicles. Yet, because of their ill-paused assumption that
such vehicular traffic patterns may conform to future EV-exhibited patterns due to the expected
significant EV penetration growth, their reported forecasting results seriously lack accurracy.
This is especially true since the EV penetration growth patterns are way different than those of

conventional vehicles (as attested by currently available data); let alone, the fact that today’s EV
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traffic patterns continue to be affected by those pertaining to typical ICE vehicles. As a matter of
fact, realistically today, roads are being populated by both EV and non-EV vehicles concurrently
and the presence of various publically accessible charging stations incurs significant changes in
the charging demand trends. Of course such newly impactful factors did not exist back at the
time when the work of [55] was published; hence, could not be considered back then.

In [60], the authors proposed a hybrid Long Short-Term Memory (LSTM) neural network
with the objective of merging heterogeneous features pertaining to EV charging processes and,
hence, accurately predict the discrete EV charging occupancy over a well defined time horizon.
The reported results therein gauged the merit of the proposed algorithm and evidence its superi-
ority over select existing benchmarks (e.g., hyper-parameter search [61], logistic regression [62],
Support Vector Machines (SVM) [63], random forest [64] and Adaboost [65]). The work of [60],
indeed, aims at quantifying one fundamental metric, namely, the per-charger occupancy, pro-
posed hereafter in this present work. As much as it is quite insightful on a technical aspect,
it suffers from several drawbacks, among which, the most important is the adopted restrictive
public data that describes EV charging sessions in terms of a limited number of variables al-
lowing the designed complex forecast model to only generate relatively accurate results for only
very short-term predictions ranging from 10 minutes to only almost 4 hours. Beyond that, the
model’s complexity exponentially overshoots in terms of the number of features to be consid-
ered as well as run-time only to exhibit incremental improvement over existing benchmarks. Of
course, such a model would not be suitable nor insightful aiming at planning infrastructure ex-
pansion for months (let alone a minimum of a year) ahead. The forecast models presented in [66]
and those surveyed by [67] suffer from exactly the same issue despite their elevated accuracy
of the predicted station utilization and EV charging demands for a period of time that does not
bypass three days. Those models and deep-learning-based algorithms, obviously, cannot be of
any utility when it comes to long-term EV infrastructure expansion planning and provide only

marginal insights into the per-EVCS QoS performance.

2.2.3 Related Work: Public EV Charging Station Performance, Queue-
ing, and Incentive-Based EV Demand Shaping

Over the past decade, EV charging demand forecasting and infrastructure planning have ma-
tured substantially. Nonetheless, many models remain limited in representing real-world oper-
ations or in supporting strategic, long-term investment decisions. Early work often relied on
idealized traffic scenarios, static user assumptions and simplified grid constraints, which fre-
quently neglected user charging behavior, socioeconomic drivers, station-level utilization and
perceived QoE. Representative contributions illustrate both progress and recurring limitations.

Planning and siting studies have combined mobility analytics, optimization and coverage models
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to propose candidate locations and phased deployment strategies. For example, Yi et al. fuse
PageRank, trajectory data and regression to generate demand inputs for a capacitated maximal-
coverage model; however, their pipeline relies on mixed-fleet mobility inputs (2016-2018) and
lacks station-utilization records, which reduces demand specificity and validation ability [48,49].
Unterluggauer et al. survey cost- and grid-focused planning methods that typically omit QoE
considerations [44]. Other spatial and bilevel planning approaches improve robustness to routing
and uncertainty [68, 69], yet remain sensitive to the quality of demand inputs.

Queueing, dimensioning and ILP-based methods pioneered the joint consideration of de-
ployment and capacity under distribution constraints. Kabir et al. and related works formulated
placement capacity problems and proposed heuristics for tractability [51]. While seminal, some
tractable queue approximations (notably single-server substitutions) can bias waiting-time es-
timates and mislead sizing decisions when EVCS operate as multi-server systems. Extensions
that co-optimize siting, conductor upgrades and scheduling under distribution constraints help
but depend on accurate demand and service models [69, 70]. Big-data and data-driven fore-
casting pipelines enrich models with traffic, weather and per-vehicle features (e.g., start time,
SoC). Arias et al. and others demonstrate the value of per-vehicle inputs but sometimes rely
on restrictive distributional assumptions or mixed-vehicle traffic datasets that reduce realism
for modern EV patterns [55-59]. Deep and hybrid machine-learning models (e.g., Ma et al.’s
hybrid LSTM, Spatiotemporal Prediction Network (STPNet), and Adaptive Graph-Based Net-
work (AGBN)) capture spatiotemporal dependencies and improve short-horizon uncertainty es-
timates [60,71,72]. These approaches attain high accuracy at minutes, days horizons but typi-
cally depend on small public datasets, scale poorly without station specific tuning, and show only
modest gains when naively extended to multi-month or multi-year horizons [66,67,73]. Holistic
and real-time control work integrates behavioral economics, shared mobility and renewable in-
tegration. Prospect-theory pricing, shared depot access, storage scheduling and Reinforcement
Learning (RL) controllers have all been shown to reduce peaks or improve QoE in simulation or
controlled studies [74-77].

System level studies also warn thatignoring short-term operational limits can overstate vehicle-
to-grid potential and create operational risks [78]. Field and scenario studies (e.g., Su et al.)
illustrate how integrated deployment and operational choices can materially improve utilization,
reduce wait times and reduce costs, underscoring the value of real utilization data for plan-
ning [79]. A smaller but growing literature explicitly evaluates station Quality of Service (QoS)
and user-centric metrics. Many studies nonetheless focus primarily on throughput or energy de-
livered [80—82] or on utilization and cost minimization [57,83], leaving fewer direct treatments
of waiting ti