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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 ~nancial 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 con~dence 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) de~ne 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-k distributions and that per-site request processes can be accurately ap-

proximated by single-server queueing systems under common scheduling policies. These empir-

ical ~ndings 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 ~t 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 a{ect con-

gestion and QoE at nearby sites. The framework controls for spatial proximity, charger capacity

iii



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 EVs 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 PHEVs 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 ~rst ~ve 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].

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

1
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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) �eet. [2].

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 �eet 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 ~gures under-

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

re�ecting operator preparations for future higher-power vehicles [2].

National statistics expose divergent short-term patterns that underline a trade-o{ 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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(a) 2023 (b) 2024

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].
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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 10–15 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 kW/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 e|cient service as EV �eets continue to expand. Although national level

indicators track broad trends, they are neither su|cient 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 ~gures.

The QoE of EV users at public EV charging stations depends on availability, convenience

and reliability. Poorly distributed or insu|ciently managed infrastructure generates operational

ine|ciencies, excess strain on popular stations during peak hours, long waiting times, and un-

derutilized assets elsewhere, all of which undermine user con~dence 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
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trends (2020–2024, 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, tra|c 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 tra|c �ows, heterogeneous road networks, and dynamic operator

policies.

Such simpli~cations generate inaccurate performance metrics, obscure site-level congestion,

and hinder e{ective 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



7

maintaining user con~dence 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, de~nes 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-

~gurable spatial and temporal ~lters. 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 ~tted 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 ~delity, 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-
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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 di|culty in

assessing the performance of EV Charging Stations (EVCSs) in this regard. We aim at ~lling 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 ~nely 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.
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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 106 sample EV service time dataset. Thorough numerical analyses ~t 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 o{er 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-e{ect evaluation framework to quantify how new Level-3 public EV

charging stations (P-EVCSs) a{ect 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 ampli~ed

by seasonality. The analysis indicates that the examined recent deployment site functions as

an e{ective absorptive node for surrounding sites, with e{ectiveness 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 ~ndings 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 ~nds that prioritizing the deployment of high-power L3 sites within

approximately ≈ 3 km of target areas is associated with a substantial congestion-relief e{ect.

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 di{erent EV-to-CS allocation schemes, and

derives closed-form waiting time distributions and the per-CS average waiting time. A

custom and high ~delity 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 ~lls the identi~ed 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 speci~c 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 di{erentiation), 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 (HTML5), 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 e{ective service

capacity during the public charging service. A set of 106 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 quanti~es 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 e{ects:

A causal inference framework is developed to isolate the true e{ect 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 QoE 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 e{ects 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 signi~cance 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 EVs can be usefully segmented into six broad periods:

• 1830–1880: Early innovations. The ~rst 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 ~rst 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 brie�y 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 a{ordability of gasoline

vehicles. As a result, 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-~rst 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 electri~ed vehicles progressively more competitive,

accelerating consumer adoption.

• Commercial vehicle electri~cation. Electric powertrains have long been used in niche

commercial applications, vehicles with frequent stop–start duty cycles (for example, milk

�oats 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

�eet 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 in�uence vehicle range and economics.

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

and the presence (or absence) of charging infrastructure, a{ect consumer choices.

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

mine a{ordability.

• Regulation and policy: emissions standards, purchase incentives, and �eet mandates can

accelerate or redirect industry investment.

• Use-case ~t: operational patterns (urban vs. long-distance travel, stop–start vs. continu-

ous highway driving) in�uence where electri~cation 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 signi~cantly expanding their electric lineups, regulators

in many jurisdictions are tightening vehicle-emissions standards, and �eet 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

su|cient: economic conditions, infrastructure, policy, and the match between vehicle capabili-

ties and user needs all matter. The present period di{ers 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 electri~cation 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
recti~er installations to a diverse ecosystem of home, public, and high-power rapid chargers.

https://www.rizontruck.com/blogarticle/a-history-of-electric-vehicles-timeline-the-ups-downs-ups/
https://www.rizontruck.com/blogarticle/a-history-of-electric-vehicles-timeline-the-ups-downs-ups/
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Early developments. Electrically powered automobiles required external power conversion
early on. In the ~rst decades of the twentieth century, industrial recti~ers such as the Mercury
Arc Recti~er 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 �eets but limited by the prevailing battery and electrical-distribution technologies
of the era.

• General Electric (GE) Mercury Arc Recti~er (c. 1912). One of the ~rst 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 Recti~er, circa 1912. An early electric car charger. [7].

Late twentieth-century milestones. Commercial and demonstration programs during the 1990s
marked the ~rst modern integration of dedicated charging equipment with consumer electric ve-
hicles. In 1996 General Motors introduced the EV1, 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 ~rst 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
electri~ed transport.

2.1.3 Smart Charging: Rapid Re~ll, 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 bu{er for unexpected trips, and simpli~es 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 e|ciency of EVCSs is in�uenced by the type of chargers available, the number of
spots, and the operational �ow of EVs using the service. The availability and con~guration
of these stations directly a{ect the speed at which EVs can be charged and how many EVs
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 ~nd charg-
ing stations, check availability, and pay for charging.

• Charging Standards

Di{erent 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 e|ciently 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 in�uencing 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.

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
speci~c charging outlet and site identi~ers, 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 signi~cant 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 ~ltering. 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 identi~er 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 con~dentiality 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 pro~les based on ICE data surveys. Consequently, such studies
are obviously misleading especially since EVs have largely di{erent characteristics than ICE
vehicles. [16], has, in a ~rst 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 pro~les that were indistinguishable from realistic pro~les
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
speci~c cities/regions and, currently, can be con~dently classi~ed 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 tra|c parameters (e.g. vehicular density, speeds and �ow 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, con~ning
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-o{ between travel times and
charging costs.

The secure and economic charging infrastructure operation is a challenge that, lately, has
been capturing signi~cant 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 e{ectively achieving the afore-
mentioned objectives without any a priori information regarding EV arrivals to the di{erent CSs.
Although seminal ~ndings 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 con~rming 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
~rst 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 di{erent 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 e|ciency in evaluating such metrics. Yet,
the major �aws in a wide variety of existing such models reside in: i) capturing these systems’
operational/functional dynamics, ii) 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 electri~cation 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 signi~cant variations in the statistical properties of energy demands,
EV service and, hence, CS development and operability. All of this dictates that this ~eld 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 ~rst step towards the closure of
this gap through the presentation of a real-world data-driven analytically tractable CS queuing
model that quanti~es 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 signi~cant at-
tention; this being attested by the increasing number of published studies presenting di{erent
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) a{ecting 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
di{erentiate 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 speci~c 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-o{ 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 tra|c 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, ~rst, it was based on a relatively old and non-realistic EV tra|c model
proposed in [46] and its restrictive assumptions leading to ~ctitious and non-accurate simulated
distributions of the number of EVs on the road. Second, that model adopted tra|c parameter
values that do not conform to EV tra|c in particular but rather to the vehicular mobility of all
kinds of vehicles on the roads as described by the authors’ tra|c 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-o{ 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 re�ecting the authors’ remarkable
technical skills in combining trajectory data (provided by Inrix1 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 (PoI) data that re�ected
urban context and infers executed trip purposes and ~nally integrating socioeconomic data and
land-use information (provided by Wasatch Front Regional Council2) 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 �eet of vehicles of di{erent types,
among which are EVs. Consequently, such data may not accurately re�ect 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 tra|c �ows in and out of speci~c regions, of which those experiencing high tra|c �ows
are more likely to also exhibit high EV charging demands and, hence, may constitute good lo-

1https://inrix.com/
2https://wfrc.org/
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cations for new charging stations. Accordingly, regardless of its purpose, an executed trip will
contribute to tra|c �ow variations of its outbound origin and its inbound destination. In this
sense, regional clusters with high connectivity and tra|c �ows 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 di|culty 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 su{er 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 ~lling 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 e{orts 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 re�ect 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 tra|c 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 classi~cations, 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 su{ered from major drawbacks, ~rst, 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 tra|c 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 tra|c states),
the authors clearly mentioned the fact that EV tra|c volume at that time was much less than
that pertaining to other conventional vehicles. Yet, because of their ill-paused assumption that
such vehicular tra|c patterns may conform to future EV-exhibited patterns due to the expected
signi~cant EV penetration growth, their reported forecasting results seriously lack accurracy.
This is especially true since the EV penetration growth patterns are way di{erent than those of
conventional vehicles (as attested by currently available data); let alone, the fact that today’s EV



32

tra|c patterns continue to be a{ected 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 signi~cant 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 de~ned 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 su{ers 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] su{er 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 tra|c scenarios, static user assumptions and simpli~ed 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-�eet mobility inputs (2016–2018) and
lacks station-utilization records, which reduces demand speci~city 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 tra|c, 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 tra|c 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 speci~c 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 that ignoring 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 time, blocking probability or station occupancy [84, 85]. Some Operations Research
(OR)-based approaches have tried to model time-varying arrivals and service processes, but
cascaded simpli~cations and inappropriate approximations often yield overly optimistic charac-
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terizations of peak performance [86]. To address this, queueing studies such as Antoun et al.
estimate generalized service time distributions from data to derive closed-form waiting time,
queue-length and blocking expressions [54]. ElHattab et al. show that Erlang-k ~ts observed
charging service times well and use transform techniques to obtain tractable waiting-time results
and natural extensions for modeling reneging [87]. Contemporary work on censored demand
documents how supply insu|ciency suppresses observed demand, complicating demand quan-
ti~cation and resource-allocation decisions [88, 89].

Building on this queueing and censored-demand literature, we propose a data-driven, incentive-
based Charging Service Truncation scheme (DICT). Unlike censored demand (unobserved de-
mand suppressed by scarcity), DICT actively incentivizes drivers currently charging at a public
EVCS to truncate their session once a prede~ned SoC threshold is reached (e.g., 80% SoC).
By encouraging voluntary early termination, DICT increases outlet turnover and the admissi-
bility of queued arrivals, thereby reducing mean waiting time W and blocking probability PB

when drivers accept incentives. Crucially, DICT generates observable truncation events and
measurable reductions in per-EV service times, enabling empirical quanti~cation of QoS im-
provements and informing operator decisions on resizing, scheduling and incentive design. In
sum, prior work advances forecasting, siting and real-time control but leaves four main gaps: (1)
scarcity of large, up-to-date, station-level empirical datasets for validated station modeling; (2)
incomplete integration of exogenous, capacity and QoE features into forecasts; (3) insu|cient
per-site tuning and scalability of predictive models; and (4) the challenge of generating robust
long-horizon forecasts and reliable uncertainty bounds. The present study addresses these gaps
by leveraging a province-wide, pre-authorized EVCS dataset, integrating station-level capacity
and exogenous features, evaluating multi-horizon forecasts (including one-year horizons), and
linking predicted QoS metrics to practical resizing and deployment decisions using the DICT
incentive mechanism as a concrete, empirically testable intervention.

2.2.4 Related Work: Data-Driven, QoE-Aware Planning for Public EV
Charging

Over the past decade, EV charging demand forecasting and infrastructure planning have ma-
tured into rich ~elds of study. Yet despite numerous contributions, many models remain unable
to re�ect the intricacies of real‐world operations or to support strategic, long‐term investment
decisions. Early academic work typically relied on idealized tra|c scenarios, static user behav-
iors, and simpli~ed grid constraints. As a result, they overlooked critical elements, such as EV
users charging behavior, socioeconomic in�uences, station‐level utilization and occupancy, and
above all, the user’s perceived QoE. Unterluggauer et al. studied several cost‐focused planning
models that largely ignored QoE. Vashisth et al. proposed a multi‐stage deployment scheme,
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only to examine its realism undercut by outdated tra|c inputs and synthetic EV �ows [44–47].
Yi et al. took an innovative step through merging PageRank, graph analytics, regression, and
maximal coverage. However, their reliance on non‐EV tra|c data (2016–2018) and absence
of utilization measures limited both accuracy and interpretability [48, 49]. Orzechowski et al.
demonstrated the power of deep learning to generate one‐week energy forecasts. Yet, their frame-
work still omitted key operational metrics, such as waiting queue delays, charger occupancy, and
blocking probabilities [50]. Similarly, the queue theoretic and big data approaches of Kabir et
al. and Arias et al. introduced valuable tra|c and stochastic insights but rested on restrictive
assumptions, such as Gaussian state of charge pro~les and mixed‐�eet tra|c patterns, yield-
ing overly conservative or o{ target long‐term projections [51–59]. Short‐horizon predictors,
such as Ma, et al.’s hybrid LSTM and the 3‐day deep‐learning benchmarks explored by Amini
and Manujith, achieved impressive accuracy over minutes to hours, but they held little sway in
annual/multi‐year infrastructure design [60–65].

Su, et al., used POLARIS across six Austin counties to colocate 115 DC fast‑charging plugs
at 23 public stations within an 81 sq mi geofence for 200 shared automated EVs. This setup
delivered 330 mi/day per vehicle, 92 daily trips, 2.7 recharges (2.4 h/session), cut waiting times
from 10.7 to 3.1 min (8 min only at two freeway sites), and reduced infrastructure costs by
12%, [79].

In response, more holistic frameworks have emerged. Bao et al. applied prospect theory to
time‐of‐use pricing, capturing how drivers perceive fees and battery state‐of‐charge; by optimiz-
ing price schedules with particle‐swarm techniques, they successfully �attened demand peaks
and cut station energy costs [74]. Meng et al. demonstrated that opening bus‐depot chargers
to public EVs, when paired with M/M/C/K queues and smart energy storage scheduling re-
duced grid stress, optimized charger counts, and saved 5.7% in operating costs, [75]. Ra~ et
al. presented a multi period planning framework for heavy-duty EV charging infrastructure,
using depot-level historical data and a hybrid optimizer. They compared grid-only and solar-
plus-storage con~gurations under a 2-layer model accounting for PV variability, vehicle �ow,
and charger reliability. Their phased roll-out strategy cuts initial annual costs by up to 78%
compared to full upfront deployment, and so, values gradual scaling under uncertainty [90].

On the planning front, Woo et al. combined kernel‐density demand estimation with a min-
imax genetic game algorithm to disperse load and prevent station overcrowding in Jeju Is-
land [68]. Brahmachary and Ahmed forecasted distribution network loads via Random Forests,
then co‐optimized EV charger siting, conductor upgrades, load scheduling, and harmonic ~lter-
ing in a Mixed-Integer Linear Program (MILP) that balanced losses against an average happiness
index, [70]. Gan et al. advanced a bi‐level model that fused Origin–Destination analysis, dy-
namic path-~nding, and Latin Hypercube sampling. The upper tier minimized planning and user
costs. The lower tier tackled operational and carbon costs under renewable uncertainties, [69].
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Bitencourt et al. integrated a socio‑economic Bass di{usion model, augmented with macroe-
conomic regressions into Open Source energy MOdelling SYStem (OSeMOSYS) expansion
planning and unit commitment operations. their case study showed that ignoring short‑term
operational limits overstated vehicle‑to‑grid injection potential and raised load‑shedding risk,
pointing to the need for coordinated expansion and operation optimization [78]. The frontier
of real‐time management has likewise evolved. Cui et al. merged Long Short-Term Memory
(LSTM)–Graph Neural Network (GNN) tra|c forecasts with Origin-Destination (OD) demand
modeling, then trained a Deep Deterministic Policy Gradient agent to adjust prices dynamically
for boosting station pro~ts, easing road congestion, and elevating driver satisfaction in iterative
simulations [76]. Li et al. reached similar conclusions using Soft Actor‐Critic reinforcement
learning to jointly optimize pricing and station placement in a Chinese industrial park [77].

Finally, Guerrero‑Silva et al. presented a principal component analysis (PCA)‑driven sys-
tematic review of EV charging infrastructure, identifying four main themes of smart‑grid inte-
gration, strategic station siting, renewable energy coupling, and policy impacts. They proposed
a taxonomy that spanned classical optimization to deep reinforcement learning. They argued
that hybrid Arti~cial Intelligence (AI)–optimization frameworks are vital for building scalable,
resilient, and adaptive charging networks [91].



Chapter 3
Leveraging Real-World Data Sets For QoE
Enhancement In Public Electric Vehicles Charg-
ing Networks

3.1 Problem Statement and Motivation
EV adoption rates are quite di{erent from one country to another. Regardless though, the mi-
gration towards a universal zero-emission clean energy transportation is exhibiting a slow yet
steady progress. As a matter of fact, EVs have recorded a notable market penetration so far.

Nonetheless, additional data is required to enable the aggressive exploitation of their po-
tential and capture the plethora of opportunities they instantiate. Moreover, range anxiety and
scanty charging stations (CSs) are among the primary persisting challenges impeding the rising
slope of EV adoption [32, 92]. To alleviate such concerns, governmental authorities continue
to join e{orts with private partners and operators with the objective of rapidly expanding their
charging infrastructure (e.g., [93, 94]) through the deployment of additional CSs; hence, o{er-
ing on-the-go EV charging services allowing EV owners to charge and frequently recharge their
EVs.

Above and beyond, the newly rising public CSs need to be equipped with revolutionary
technology (e.g. fast chargers) allowing rapid charging of EVs; hence, improving consumers’
Quality-of-Experience (QoE) and motivating them to further exploit the public charging net-
work [32, 92]. Indeed, long waiting times and outlet uncertainty are among the fundamen-
tal problematic factors promoting consumer hesitation in resorting to public CSs, [95]; these,
mainly being contributed by the lack of a practical check-in systems capable of overseeing the
entire public CS network and, hence, accurately predicting the availability of charging outlets,
their utilization as well as waiting times that may be possibly endured by newly incoming EVs.

To work around such issues and improve EV owners’ QoE, the trending operators’ practice
has been to approximate per-CS waiting times subject to some goal-oriented but restrictive as-
sumptions (e.g., ~xed rate of charge and EV battery capacities), [51, 54, 96, 97]. For instance,
in [96], the authors proposed to optimize the EV charging time within a framework that as-

37



38

sumed the ability of EVs to communicate their energy demands to individual public CSs prior
to their arrival to these CSs. In such a context, they claimed that, having a priori and global
knowledge of the charging requests, the operator would be able to optimally allocate the best
available CS on a per-EV basis using their proposed Best Available EV Public Supply Station
(BA-EVPSS) scheme. However BA-EVPSS is founded on top of the modeling of each CS as an
M /M /s queuing system that, unfortunately, turns out to su{er from serious drawbacks. First, it
does not account for vehicular mobility. Here, it is important to mention that any EV initiating a
charging request will need to navigate towards its allocated ”best” CS. This travel time, although
a function of various critical vehicular tra|c parameters, was ignored in [96].

Second, the arrivals of EVs to a CS were assumed in [96] to follow a Poisson process. While
such an assumption is highly embraced in the literasture (since it promotes analytical tractabil-
ity), recent studies (including the one presented hereafter in this chapter) clearly show that the
per-CS EV arrivals not necessarily follow a Poisson process but are rather dependent on many
factors including but not limited to vehicular tra|c parameters, topology of road networks, poli-
cies adopted by the grid to allocate EVs to available CSs. Most importantly, the EV charging
time is absolutely not exponentially distributed as con~rmed by realistic real-world collected data
samples as was shown earlier by [54]. However, along these lines, new updated data sets also
reveal that the charging time model presented in [54] also fails to accurately represent recently
collected EV charging time data and, hence, will surely fail at predicting future EV charging
times. Consequently, all of the derived crucial QoE parameters in [54] appear to be, unfor-
tunately, misleading; hence, quite inappropriate for use by operators today for assessing QoE
performance and plan future expansions accordingly. Indeed, the work of [51, 97] also su{er
from similar shortcomings.

This chapter revisits the problem of QoE enhancement in public EV charging networks. In
particular, the objective is to represent public CSs using accurate analytical models developed
as part of a mathematical framework which mitigates the above-elaborated shortcomings by
leveraging realistic data collected from real-world CS deployments and EV charging use cases.
For this purpose, a public EV charging scenario that is similar to the one presented in [54] is
adopted, illustrated in Figure 3.1.

The Figure shows a snapshot of a metropolitan area with a number of deployed CSs along
the sides of that area’s road network (e.g., A, B and C). EVs navigating along these roads and
their drivers may issue charging requests at random times. In this context, this chapter addresses
the important development of EV-to-CS assignment strategies that account for EV mobility pa-
rameters and, thus, the EVs’ range anxiety as well as these EVs available State-of-Charge (SoC)
and battery capacities. To this end, such schemes shall enable the modelling and performance
analysis of per-CS QoE in terms of crucial metrics such as the per-CS average waiting time and
outlet utilization. Indeed, on one hand, providing drivers with early insights into their envi-
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Figure 3.1: Electric vehicle charging scenario.

sioned waiting time interval will enable them to make suitable decisions on whether to accept
charging at their allocated CS. On the other hand, allowing operators to identify the overall load
experienced by a CS throughout di{erent intervals of the day will allow them to better plan the
expansion of their charging infrastructure as well as the placement of new CSs intended to be
deployed.

3.2 Modeling of an EV Public CS
At the core of the analytical framework established hereafter in this work lies a stochastic queu-
ing model (e.g., as shown in Figure 3.2) that aims at capturing the dynamics of any arbitrary
target public CS (e.g. CS A in Figure 3.1) and study its performance in terms of multiple met-
rics, of which the most important and point of focus of this present work is the per-CS average
EV waiting time (i.e., the time interval bounded by the instant of arrival of an EV to a certain
tagged CS and the instant at which that EV starts charging its batteries). For this purpose, the
fundamental stochastic processes governing the behavior of such a queuing system, namely, the
EV arrival process and EV charging (i.e. service) process, need to be characterized ~rst starting
with the EV arrival process.

3.3 EV Arrival Process
Independent discrete events that occur at random instants such that the average event inter-
occurrence time is known, are typically modeled using Poisson processes that, in turn, foster
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Figure 3.2: Queuing system representation of a public CS.

analytical simplicity and tractability. This trend has, so far, been widely adopted when it comes
to characterizing EV arrivals to CSs (e.g. [35,54,98] and references therein); this, arguably, not
being generally adequate especially whenever charging requests issued by di{erent EVs are not
totally independent. As a matter of fact, with the help of state-of-the-art wireless communication
and networking technologies, public CS operators today, via custom-built smart mobile appli-
cations, are striving to connect EV drivers to public CS networks and, consequently, displaying
on their mobile or EV navigation systems’ screens a bird’s eye overview of the available public
CSs within a particular area of interest; this having the objective of allowing these drivers to
make more informed CS selections given their current locations, SoCs, CS charging costs and
possible waiting times they may experience upon arrival to the selected CS until the charging
process starts. This approach, if intelligently exploited may, on one hand, improve the QoE of
EV consumers and, on the other hand, allow operators to have early per-CS energy demand es-
timates.

Armed with such a priori insights into the expected load the di{erent CSs may experience
throughout the day, operators may then design and implement wise incentive-driven CS-to-EV
allocation and scheduling schemes for the purpose of optimizing various operational objectives
(e.g., power balance, energy availability, pro~tability, etc) while jointly accounting for consumer
QoE-related objectives (e.g., waiting time minimization, maximization of number of served
EVs, maximization of ~nal EV SoC, etc). Obviously, under such incentive-driven schemes,
the drivers’ CS selection are no longer independent but rather biased and controlled. As such,
throughout the performance analysis of CS operating under the rules dictated by these schemes,
the assumption that EV arrivals to individual CSs follow independent Poisson processes with
di{erent parameters will lead to misleadingly overoptimistic results. At this point, it is worth-
while mentioning that the development of scheduling schemes by itself is outside the scope of
this present work. However, it is inevitable, for all purposes of gauging the merit of the pre-
sented CS queuing system modeling and analysis, to consider a subset of di{erent CS-to-EV
allocation and scheduling policies and, therefore, characterize the per-CS EV arrival processes
and their integral e{ect on the performance of CSs operating under each of these policies. Pre-
cisely, hereafter, the below four scheduling policies are adopted:
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• Random Station Selection (RSS): Within a certain tagged area of interest (similar to the
one depicted in Figure 3.1), a certain number of N CSs is deployed. Under the RSS policy, any
of these CSs is equally likely to be assigned to an EV issuing a charging request regardless of
the requesting EV’s destination and the relative distance separating this EV from the allocated
CS. Accordingly, any of the deployed CSs within the considered area will be selected with a
probability pRSS

s = N−1.

• Closest Station First (CSF): Again, with N CSs (indexed 1, · · · , i, · · · , N ) deployed
within an area of interest, any EV, say v, issuing a charging request shall, under CSF, be guided
to the closest station to that EV based on the geographical locations of the requesting EV and
the N CSs. Accordingly, knowing that the CS locations are ~xed and that v is randomly lo-
cated within the considered area, it is easy to show that any CS, say without loss of generality

(w.l.o.g.) CS j, shall be selected with a probability pCSF
s = Pr

[
dv,j = min

1≤i≤N
{dv,i}

]
where dv,i

denotes the random distance separating EV v from CS i. Note that CSF completely disregards
the load experienced by the selected CS.

• Minimum Waiting Time (MWT): Under this scheme, EV drivers are provided with in-
formation about the per-CS load and average waiting time. Based on that, the driver of each
EV shall, upon placing the recharge request, select the least loaded CS (i.e., exhibiting the least
average waiting time).

The EV scheduling schemes having been presented as above, it is now time to characterize
the per-CS EV arrival process. For this purpose, given that the available data sets do not in-
corporate any records pertaining to EV arrival times to the CSs, simulations shall be conducted
using the custom-built simulator presented hereafter in Section 3.7 over a square area similar
to the one shown in Figure 3.1. The area size is A and within this area a number of N CSs
are deployed arbitrarily at known and ~xed locations captured by two dimensional coordinates(
x
(i)
c , y

(i)
c

)
where (1 ≤ i ≤ N ).

EV arrivals to this entire area are assumed to follow a Poisson process with a parameter λ.
Such an assumption is justi~ed by the fact that the arrival of an arbitrary EV at a certain point in
time neither does relate to any earlier EV arrivals nor does it provide any information regarding
the arrivals of any EVs at subsequent times as well as the entry points of these EVs to the con-
sidered area. In this sense, EV arrivals to the considered area are completely independent. Now,
the adopted simulator has been augmented with programmed modules each implementing the
rules dictated by one of the above-presented scheduling schemes. In addition, the simulator also
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accounts for realistic vehicular mobility through the incorporation of a vehicular tra|c genera-
tor programmed to generate vehicle mobility traces following the guidelines of [99] and using
macroscopic parameter values provided therein. Extensive simulations have been conducted for
various simulator input parameter values, for each set of which, results for over 109 EV arrivals
have been recorded and averaged out over multiple runs of the simulator to ensure that at least
95% con~dence interval is achieved. Due to space limitations and, for all purposes of certifying
the EV arrival process characterization correctness, only a subset of these results is reported
hereafter. These pertain to the following simulation input parameter values: i) A = 9 km2, ii)
N = 5 and iii) λ = 6 EVs/hr.

Now, in view of the above-detailed RSS scheme, an arriving EV will, with a probability
of pRSS

s be assigned to any of the deployed CSs within the considered area. Knowing that the
overall arrival process to the entire area is a Poisson process with a parameter λ, then the per-CS
EV arrivals follow a thinned Poisson process with a parameter λRSS

c = λpRSS
s . Similarly, under

CSF, a CS is selected by an EV if and only if it is the closest to that EV among all other CSs.
This occurs with a probability pCSF

s . Consequently, the per-CS EV arrivals also follow a thinned
Poisson process with a parameter λCSF

c = λpCSF
s

1. At this point, given that the EV arrivals
under both RSS and CSF follow Poisson processes, then the EV inter-arrival times to these CSs
follow exponential distributions with respective means

[
λRSS
c

]−1 and
[
λCSF
c

]−1. Figures 3.3(a)
and Fig.3.3(b) concurrently plot the theoretical and simulated cumulative distribution functions
(c.d.f.) pertaining to the per-CS EV inter-arrival times achieved under RSS and CSF respectively.
These ~gures constitute tangible proofs of the accuracy and correctness of the per-CS EV arrival
process characterizations under these two schemes.

Figure 3.3: Theoretical V.S. simulated c.d.f. of EV inter-arrival times under the RSS, CSF and MWT Schemes.

Next, under the MWT scheme, EV arrivals to a certain tagged CS are tightly correlated
to that CS’s load (informally the achieved average waiting time), which, in turn, is dependent
on the intensity of other EV arrivals. Clearly, this viciously circular implicit inter-dependence
of EV arrivals drives the per-CS EV arrival process away from being a Poisson process and

1pCSF
s ’s derivation is straightforward but is omitted due to space limitation.
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remarkably augments the complexity of its characterization. To work around this complexity,
extensive simulations are conducted to observe and record a large number of data samples (i.e.,
109) pertaining to the EV inter-arrival times experienced by the considered CSs. Then, a plot
of per-CS EV inter-arrival time c.d.f.s reveals that all of these c.d.f.s exhibit similar variation
trends. As a sample, only one per-scheme-per-CS c.d.f. is reported herein (i.e., the blue curves
in Figure 3.3(c)). At this stage, the next step is to derive accurate theoretical approximations for
these c.d.f.s. For this purpose, let I be an r.v. representing the EV inter-arrival time experienced
by the tagged CS. The Square Coe|cient of Variation (SCoV) c2I = σ2

I · (µ2
I)

−1 captures the
degree of variability of I, where σ2

I and µI are respectively the variance and mean of I computed
numerically over the set of collected sample values. Simple numerical analysis shows that, under
MWT, c2I ≤ 0.5. Hence, following the recommendations of [100], under MWT, I’s c.d.f. may
be respectively approximated by that of an Erlang-k distribution expressed as:

FEk

I (τ) = 1−
k−1∑

i=0

1

i!
e−µ−1

I τ
[
µ−1
I τ

]i
, τ ≥ 0 (3.1)

where, µ−1
I is the approximated rate parameter while k = (c2I)

−1 is the shape parameter.
Observe in Figure 3.3 that the concurrently plotted simulated and theoretical c.d.f. approx-

imation curves clearly almost overlap; this being a sign of a remarkable accuracy. To further
certify this accuracy, the well known Kolmogorov-Smirnov Test (KST) is used to compare F ∗

I

being the empirical inter-arrival time distribution function, and its earlier derived theoretical
counterpart, FEk

I expressed in Equation (3.1). KST consists of measuring the largest vertical
distance, D, between F e

I and FEk

I . Here, two test hypotheses are established; these being:
• Null Hypothesis (H0): the collected data can be accurately ~tted using FEk

I with a minimum
of 95% con~dence.
• Alternate Hypothesis (HA): the collected data cannot be ~tted using FEk

I ; that is HA = H0.
In addition, to ensure 95% con~dence level, then the Alpha level is α = 1 − 0.95 = 0.05 (i.e.,
the probability of rejecting H0 when this latter is true). Now, for a number of sample data values
of n > 50, the KST table value corresponding to α = 0.05 is κ = 1.36 [

√
n]

−1. As such,
computing:

D = sup
∀t∈T

∣∣FEk

I − F ∗
I

∣∣ (3.2)

where T is the set of all available n = 290 EV inter-arrival time data samples, it is found that
D = 0.0298 < κ = 0.043; this constituting a tangible proof of the accuracy of FEk

I .
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3.4 EV Service Process
In the context of the scenario considered in this work and illustrated in Figure 3.1, the service
provided to a certain EV consists of charging that EV. Hence, the service process is exactly
equivalent to the charging process, the statistical characteristics of which shall be determined
hereafter. For this purpose, at the heart of this subsection lies hardcore numerical analysis con-
ducted on an extensive EV charging database shared by Quebec’s major electricity provider,
Hydro-Quebec.

This database encloses around four million records collected throughout January 2018 through
February 2022 from various regions almost uniformly covering the vast majority of EVs navigat-
ing along the road network merely spanning the entire Quebec province and utilizing its CSs to
refuel with energy. Records comprise massive information regarding the charging process (e.g.,
charging outlets, power rates, models of charging EV, EV start and ~nish SoCs, inter-session
time gaps etc), of which, the start and ~nish times of EV charging sessions are of particular
interest as these shall be used here to extract the per-EV service durations and, then, model the
EV service time using an accurate distribution.

Although a similar approach was adopted in [54], the EV service time distribution was de-
rived therein on top of a restrictive charging model adopted from [101], which, by itself, was
formulated on top of inaccurate assumptions. Here, again, KST is used here below to mathemat-
ically demonstrate the inaccuracy (which can be observed from Figure 3.4(a)) between F ∗

S being
the empirical service time distribution function resulting from the collected realistic data, and its
earlier derived theoretical counterpart, F e

S , in [54] for one particularly chosen CS2. For a set T of
n = 297 available data EV service time data points, it is found that D = 0.198 >> κ = 0.0426;
this constituting a tangible proof of the inaccuracy of the EV service time distribution derived
in [54].

Now, in an attempt to derive a more accurate distribution for the EV service time, the guide-
lines of [100] followed in Section 3.3 to approximate the per-CS EV inter-arrival time distri-
bution are, again, followed at this stage. Recall, from Equation (3.2) that T denotes the set of
collected EV service time samples pertaining to one particular CS. Again, results reported for
this chosen CS also apply for all other CSs but have been omitted to avoid redundancy and due
to space limitation. The mean µT and variance σ2

T and hence the SCoV c2T = σ2
T · (µ2

T )
−1 can

be easily numerically computed. Here, it so happens that c2T < 0.5. This suggests that the data

2The notable di{erence between F ∗

S
and F e

S
is observable for all CSs. Only the results pertaining to one CS

are reported herein due to space limitations.
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points in T can be best ~tted using an Erlang-k distribution with a shape parameter k = (c2T )
−1

and rate parameter µS = µ−1
T where, in the sequel, S shall represent the per-EV service time.

As such, the c.d.f. of S is given by:

F t
S(τ) = 1−

k−1∑

i=0

1

i!
e−µSτ [µSτ ]

i
, τ ≥ 0 (3.3)

At this point, in addition to Figure 3.4(b) that shows an almost perfect overlap between F ∗
S

and F t
S , the evaluation of a KST test yield a value of D = 0.03 < κ = 0.0659, which proves the

accuracy of this newly chosen distribution.

Figure 3.4: EV service time distribution approximation

3.5 EV Public CS Model
In view of the above-presented EV arrival and service processes, an EV public CS can be mod-
eled as a single-server queueing system such as the one illustrated in Figure 3.2. The system
is assumed to be subject to general EV arrivals so as to capture all possible EV arrival patterns
under any scheduling scheme. In addition, as revealed in Section 3.4, the per-EV service time
is realistically captured by an Erlang-k distribution, which, in turn, is a phase-type distribu-
tion. Consequently, this queueing system has dynamics that are quite di{erent from Markovian
queueing systems that are typically governed by arrival processes with independent and identi-
cally distributed (i.i.d.) exponential inter-arrival times and/or i.i.d. exponential service times.
Consequently, a public CS is, hereafter, represented using one of the most complex queueing
models; this being the G/G/1 queue, the dynamics’ evolution of which, is captured by Lind-
ley’s equation. The next section presents an elaborated analytical adaptation of the waiting time
experienced by arriving EVs to a public CS.



46

Table 3.1: List of Mathematical Symbols.

Symbol Meaning
Vi The ith EV arriving to station C.
ti Arrival time instant of EV i. to station C.
τi Random inter-arrival time between EVs i− 1 and i.

I(t) EV inter-arrival time’s cumulative distribution function.
fI(t) EV inter-arrival time’s probability density function.
I Average EV inter-arrival time.
λ EV arrival rate.
si Random service time of EV i at station C.

S(t) EV service time’s cumulative distribution function.
fS(t) EV service time’s probability density function.
S Average EV service time.
µ EV service rate.
ωi Waiting time of EV i in the queue of station C.

W(t) Stationary EV waiting time cumulative distribution function.
W(t) Complementary EV waiting time distribution.
fW(t) EV waiting time probability density function.
U(t) Un~nished work.

3.6 Waiting Time Analysis
Consider a system composed of a station C with EVs arriving to C for the purpose of charging
their batteries. The inter-arrival times of EVs to the station are unknown but assumed to be i.i.d.
random variables (r.v.s) drawn from a distribution that has a cumulative distribution function
(c.d.f.) I(t). The service time received by an EV at C can be de~ned, at large, as the di{erence
between the real-world ~nish and starting times of that EV’s charging session (refer to Section
3.4). The per-EV service times are also assumed to be i.i.d. r.v.s. drawn from a distribution that
has a c.d.f. S(t). As a ~rst step, C is assumed to have a single charging outlet and an open waiting
space allowing arriving EVs to line up waiting for their respective turns to receive service. As
such, C can be modeled as a single-server queueing system where service is provided to the EVs
following a First-Come-First-Served (FCFS) policy. Our interest lies in the mathematical char-
acterization of the EV waiting time, i.e., the time an EV shall wait in line from the time instant
it arrives until the time instant it starts charging. The mathematical symbols utilized through-
out the analysis presented hereafter together with their signi~cance are summarized in Table 3.1.
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In the context of the above-mentioned EV charging system scenario, the un~nished work,
denoted by U(t), as seen by an arriving EV to C can no longer be claimed to be Markovian.
However, a close observation of the system dynamics reveals that there exists an essential Markov
process that is embedded within U(t) and mainly de~ned at the distinct EV arrival times. More
speci~cally, such arrival times constitute regeneration points, at each of which, the past system’s
history being apposite to the system’s future operational comportment is totally encapsulated
within U(t)’s current value. In other words, under an FCFS service policy, U(t)’s value just
before the arrival of an arbitrary EV, say Vi, is equivalent to that EV’s waiting time ωi. This is
actually the Markovian process that lies at the heart of the analysis presented hereafter. Typical
queue-related timing diagrams are used as illustrative representations of di{erent historical cases
of the system under consideration, namely:

Figure 3.5: Illustrative timing diagrams

• Case 1: (Figure 3.5(a)) EV Vi+1 arrives to C before Vi completes service and frees the
charging outlet.

• Case 2: (Figure 3.5(b)) EV Vi+1 arrives to C and ~nds the charging outlet to be idle (i.e.
free)3.

Observing Figure 3.5(a), it is obvious that:

ti+1 + ωi+1 = ti + ωi + si ⇒ τi+1 + ωi+1 = ωi + si

where τi+1 = ti+1 − ti. The above equation allows establishing a condition that con~rms the
fact that Vi+1 will arrive to C only to ~nd this latter’s charging outlet to be busy. It is:

ωi+1 = ωi + si − τi+1 i{ ωi + si + τi+1 ≥ 0 (3.4)

Keep in mind here that, if ever, an EV arrives to a busy charging outlet, it will have to wait
in line and, hence, its waiting time must be positive. The ωi + si − τi+1 ≥ 0 in Condition (3.4)

3Using queueing systems jargon, in this case, the considered queueing system is said to be empty.
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is there to ensure this fact. Alternatively, as shown in Figure 3.5(b), Vi+1 that arrives after Vi

departs will not have to wait. In this case, one can establish that:

ωi+1 = 0 i{ ωi + si + τi+1 ≤ 0 (3.5)

At this point, parallel to the work of [102], de~ne an original but pivotal r.v. ui ≜ si −
τi+1, which, for all purposes of system stability is required to have a negative expectation (i.e.,
E[ui] < 0). Using ui, Equations (3.4) and (3.5) can be combined into a rudimentary yet essential
expression as follows:

ωi+1 =




ωi + ui , ωi + ui ≥ 0

0 , ωi + ui < 0
(3.6)

To clarify, ωi in (3.6) refers to the un~nished work that Vi found when it arrived to station C
at time ti and si is Vi’s service time. If, after adding these two quantities and subtracting from
this addition the interval τi+1 (i.e., the amount of time until the arrival of Vi+1), the overall result
is positive, it then directly translates into the amount of un~nished work that Vi+1 will ~nd upon
its arrival to the system at time ti+1. In other words, this is exactly equivalent to the amount of
time Vi+1 will have to wait in line until it receives service; that is ωi+1. Otherwise, if the above
result was negative, it then points out that there exists a certain amount of time that has elapsed
since ti (i.e. the arrival of Vi) and this elapsed time is greater than the persisting amount of
un~nished work in the system following Vi’s arrival. This directly means that, upon the arrival
of Vi+1, the C’s charging outlet was free. In the sequel, for all purposes of notation simplicity,
(3.6) will be re-written as:

ωi+1 = (ωi + ui)
+ (3.7)

where (v)+ ≜ max[0, v]. Having de~ned the waiting times of EVs (i.e., the r.v.s. ωi with
i ∈ Z

+), attention now goes to identifying the nature of the stochastic process inferred by
the sequence {ω0, ω1, · · · , ωi, ωi+1, · · · }. As a matter of fact, recalling the assumption that
{τ0, τ1, · · · , τi, τi+1, · · · } and {s0, s1, · · · , si, si+1, · · · } constitute sequences of intra-sequence
and inter-sequence mutually i.i.d. r.v.s., then it becomes quite observable that the sequence
{ω0, ω1, · · · , ωi, ωi+1, · · · } infers a Markovian process with stationary transition probabilities.
This can, actually, be con~rmed by Equation (3.6) where it is clear that the value of ωi+1 de-
pends on the earlier sequence of r.v.s.

{
ωk

∣∣k ∈ [0; i]
}

. However, this dependency is entirely
summarized by the value of the r.v. ωi to which is added another r.v. ui; this latter r.v. being
completely independent from

{
ωk

∣∣k ≤ i
}

.
Keeping in mind that, over the system’s observation period, w.l.o.g. the initial EV to arrive

to C is V0 and its waiting time is w0 (seen as an initial condition), then Equation (3.7) can be
solved recursively as follows:
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ω1 = (ω0 + u0)
+ = max[0, ω0 + u0]

ω2 = (ω1 + u1)
+ = max[0, ω1 + u1]

= max [0,max[0, ω0 + u0] + u1]

= max [0, u1, ω0 + u0 + u1]

...

ωi = (ωi−1 + ui−1)
+ = max[0, ωi−1 + ui−1]

= max[0, ui−1, ui−1 + ui−2, · · ·
ui−1 + · · ·+ u1,

ui−1 + · · ·+ u0 + ω0] (3.8)

Eventually, given the i.i.d. nature of
{
uk

∣∣k ≤ i
}

, it is possible to relabel these r.v.s. and then
de~ne, for instance, U0 = 0 and Ui =

∑i−1
k=0 uk. As such, ωi in (3.8) can be rewritten as:

ωi = max[0, u0, u0 + u1, u0 + u1 + u2, · · · ,
u0 + · · ·+ ui−2, u0 + · · ·+ ui−1 + ω0]

= max [U0,U1, · · · ,Ui−1,Ui + ω0] (3.9)

In view of this very last arrangement of ωi in (3.9), if ω0 = 0, then ωi increases as function
of i. As such:

ω̂ = lim
i→∞

ωi = sup
i≥0

[Ui] (3.10)

Note here that ω̂ may be in~nite. However, in the context of the considered EV charging system
scenario analysis, having an in~nite ω̂ has no physical meaning as it cannot possibly represent
a certain EV waiting time. In contrast, here, interest lies in characterizing the probability dis-
tribution of EV waiting time, which is only feasible if and only if, ω̂ is certainly ~nite. This is
especially true since, only then, the sought Markov chain becomes ergodic and, therefore, ωi’s
probability distribution will converge to the distribution of the EV waiting time ω̂, W(t), which
is most favorably derived under system stability conditions; that is whenever E[ui] < 0, [102].
Indeed, expanding E[ui] reveals the following:

E[ui] = E[si − τi+1] = E[si]− E[τi+1] (3.11)

Typically, denoting by S the average EV service time, µ = S−1 the service rate, I the average
EV inter-arrival time, λ = I−1 the arrival rate, then the charging station’s load is, as usual,
expressed as ρ = λµ−1. Thus, it is easily shown that:
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E[ui] = S − I =
ρ− 1

λ
(3.12)

Here, clearly, for a system to be stable, it is necessary that ρ < 1; hence, knowing that λ > 0,
this implies that E[ui] < 0. Under such conditions, W(t) does not depend on ω0. Hence:

W(t) = lim
i→∞

Pr[ωi ≤ t] = Pr[ω̂ ≤ t] (3.13)

The remaining of this analytical framework is dedicated for deriving an expression for W(t).
To start with, de~ne the c.d.f. of ui as FU,i(u) = Pr[ui = si+ τi+1 ≤ u], which can be expressed
as a function of I(t) and S(t) as:

FU,i(u) =

∫ ∞

t=0

Pr
[
si ≤ u+ t

∣∣τi+1 = t
]

dI(t) (3.14)

However, si is independent of τi+1. Consequently, Pr
[
si ≤ u+ t

∣∣τi+1 = t
]
= Pr[si ≤ u +

t] = S(u+t). This, obviously, will lead expressing the right-hand-side (r-h-s) of Equation (3.14)
independently of i. Consequently, the subscript i can be dropped all-in-all from FU,i(u) to have:

FU(u) =

∫ ∞

t=0

S(u+ t)dI(t) (3.15)

At this point, de~ne EV Vi’s c.d.f. as Wi(t) = Pr[ωi ≤ t]. Hence, for t ≤ 0, using (3.6), the
waiting time distribution for EV Vi+1 can be expressed as:

Wi+1(t) = Pr[ωi + ui ≤ t]

=

∫ ∞

0

Pr
[
ui ≤ t− τ

∣∣ωi = τ
]

dWi(τ) (3.16)

However, ui and ωi being independent of each other, then Pr
[
ui ≤ t− τ

∣∣ωi = τ
]
= Pr[ui ≤

t− τ ] = FU,i(t− τ). Combining this result with Equation (3.13) leads to having:

W(t) =

∫ ∞

0

FU(t− τ)dW(τ) , ∀t ≥ 0 (3.17)

In addition, it is obvious that, for t < 0, then W(t) = 0. Combining this fact with Equation
(3.17) leads to having Lindley’s Integral Equation (refer to [102]), which is an integral equation
of the Wiener-Hopf type (refer to [103,104]) and is:

W(t) =





∫ ∞

0

FU(t− τ)dW(τ) , t ≥ 0

0 , t < 0

(3.18)

In [105], two other di{erent forms of Equation (3.18) are given, one of which is of most
interest herein as it may be solved using spectral methods, [106]. This latter form obtained by a
simple change of variable where u = t− τ , is expressed as:
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W(t) =





∫ t

−∞

W(t− u)dFU(t) , t ≥ 0

0 , t < 0

(3.19)

As indicated in [104–107], the right-hand-side of Equation (3.19) resembles a convolution
but is not truly one except for the positive half of the time axis t. This is why the resolution
of this integral equation exhibits notable complexity. Nevertheless, luckily, [105] pioneered the
notion of the complementary waiting time to complete the sought convolution over the negative
half of the t axis. Precisely:

W(t) ≜





0 , t ≥ 0∫ t

−∞

W(t− u)dFU(u) , t < 0
(3.20)

Next, noting that dFU(u) = fU(u)du where fU(u) is the probability density function (p.d.f.) of
ui, it follows that:

W(t) +W(t) =

∫ t

−∞

W(t− u)fU(u)du , ∀t ∈ R (3.21)

Before proceeding any further, it is very important attract the reader’s attention on the fact
that the presented transform-based solution is founded on top of a key assumption that regards
the p.d.f. of the EV inter-arrival time; that is fI(t). Speci~cally, it is insistingly required that
fI(t) decays no slower than some negative exponential function, say e−∆t (∆ > 0), for very
large inter-arrival time intervals. This requirement stems from the ultimate need to force W(t)

to decay to zero as rapidly as possible whenever t → ∞. A close contemplation of the expression
of FU(u) in Equation (3.15) leads the way towards a solid justi~cation supporting the realization
of this ultimate objective. In particular therein, observe that whenever u → −∞, the only way
to maintain a positive argument for the EV service time distribution (i.e., u+ t) is to have large
values of t; this latter being, by itself, the argument of the EV inter-arrival time distribution.
This truly reveals that the variations of FU(u) are mainly steered by those of the EV inter-arrival
times. Therefore, now, it becomes straightforward to show that FU(u) −−−−→

u→−∞
0 asymptotically

to e∆u. Carrying this rationale to Equation (3.20), one can easily show that W(t) −−−−→
t→−∞

0 also

asymptotically to e∆t.
At this point, de~ne the below useful transforms:

Γ(s) ≜

∫ ∞

−∞

W(t)e−stdt ,ℜ(s) < ∆ (3.22)

Γ(s) ≜

∫ ∞

−∞

W(t)e−stdt ,ℜ(s) > 0 (3.23)

F ∗
W(s) ≜ sΓ(s) =

∫ ∞

0

fW(t)e−stdt ,ℜ(s) > 0 (3.24)
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F ∗
I (s) ≜

∫ ∞

0

fI(t)e
−stdt ,ℜ(s) > 0 (3.25)

F ∗
S(s) ≜

∫ ∞

0

fS(t)e
−stdt ,ℜ(s) > 0 (3.26)

In view of the above, de~nitions and the above-emphasized decaying requirements for fI(t),
note that the analyticity of F ∗

I (−s) is bound to the region ℜ(s) < ∆. Further to the above it is
shown in [105] that the transform of fU(u) is given by:

F ∗
U(s) = F ∗

I (−s) · F ∗
S(s) (3.27)

Also, using the Laplace Transform Theorems (refer to [108]) coupled with Equation (3.27), the
transform of the fundamental equation in (3.21) is given by:

Γ(s) + Γ(s) = Γ(s) · F ∗
U(s) = Γ(s) · F ∗

I (−s) · F ∗
S(s)

⇒ Γ(s) = Γ(s) [F ∗
I (−s) · F ∗

S(s)− 1] (3.28)

Now, it is time to ~nd a suitable factored form for the term F(s) = F ∗
I (−s) · F ∗

S(s) − 1

that would simplify and push the remaining of the presented analysis hereafter one step closer
towards tractability in an attempt to reach out an expression for the EV waiting time distribu-
tion or, at least, for its transform. The seminal work of Erlang and Cox (refer to [105, 109])
approximates complex distributions using mixtures of series/parallel exponential phases/stages
with transforms expressed as rations of polynomials in s. As such, if coining similar individual
approximations for F ∗

I (−s) and F ∗
S(s) is feasible, then F(s) will also be feasibly expressed as:

F(s) =
N (s)

D(s)
(3.29)

This is yet another restrictive aspect of the presented solution herein in the sense that its
validity is only limited to cases where F ∗

I (−s) and F ∗
S(s) have rational transforms resulting in

F(s) being rational itself. In addition, it is desirable that N (s) and D(s) satisfy the following:

• Further to being analytic and having no zeroes in the right half-plane, ℜ(s) > 0, N (s)

must satisfy the condition:
lim

|s|→∞
s−1N (s) = 1 (3.30)

• D(s) should be analytic in the left half-plane, ℜ(s) < ∆, with no zeroes therein and must
satisfy the condition:

lim
|s|→∞

s−1D(s) = −1 (3.31)

The limiting opposite polarity emphasized by conditions (3.30) and (3.31) necrotizes both
F ∗
I (−s) and F ∗

S(s) down to zero as s → ∞ along the imaginary axis. This is especially required
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to ensure that the moments corresponding to both distributions I(t) and S(t) are ~nite and these
distributions have absolutely no discontinuities; hence, leading to F(s) = −1. To this end,
truly, the most tedious task throughout this whole spectral factorization solution methodology
is the determination of N (s) and D(s) having the above-demanded characteristics. Yet, if the
existence of such rational transforms is taken for granted, then Equation (3.28) can be re-written
as:

Γ(s) · N (s) = Γ(s) · D(s) (3.32)

with both the r-h-s and l-h-s of this last equation being analytical in the joint region 0 < ℜ(s) <
∆. As a matter of fact, the analyticity of N (s) over the region R : ℜ(s) > 0 was earlier
established. In addition Γ(s) is analytical over the same region since Γ(s) = L [W(t)] with,
obviously W(t)|t<0 = 0. Hence, Γ(s) · N (s) must be analytic over R. Similarly, Γ(s) and D(s)

are analytical over the region R′ : ℜ(s) < ∆. Thus, Γ(s)·D(s) will be analytical overR′ as well.
By virtue of the equality in (3.32), the analyticity of the r-h-s and l-h-s products must extend to
the regions ℜ(s) < 0 and ℜ(s) > ∆ respectively with zero singularities throughout the whole
~nite s-plane. In other words, Γ(s) · N (s) and Γ(s) · D(s) being equal and both analytic and
bounded ∀s < ∞, then, by Liouville’s Theorem (refer to [110]) Γ(s) · N (s) = Γ(s) · D(s) = ψ

where ψ is a constant that has been proven in [105] to be:

ψ = W(0) = Pr[ω̂ = 0] (3.33)

From Equation (3.33), one can conclude that ψ is equivalent to the probability that a certain EV
arrives to an idle station and, hence, does not have to wait (i.e., its waiting time is equal to zero).
Note that this probability is not always equivalent to the fraction of time during which the station
is found idle (i.e., 1− ρ)4. From all of the above, it directly follows that:

Γ(s) = ψ · N−1(s) (3.34)

Once ψ and N (s) are determined, then so will be Γ(s). Next, use the Inverse Laplace Transform
to compute:

W(t) = L−1[Γ(s)] (3.35)

Finally, the mean waiting time can be computed as:

W = E[W ] =

∫ ∞

0

tW(t)dt = −dΓ(s)
ds

∣∣∣
s=0

(3.36)

4ψ would be equal to 1− ρ only for an M /G/1 system.
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3.7 Numerical Analysis and Simulations
A MATLAB-based custom-built simulator was developed to examine the validity and accuracy
of the waiting time analysis presented in Section 3.6 Under each of the proposed EV scheduling
schemes in Section 3.3 (i.e., RSS, CSF and MWT), the model’s characterizing metrics and EV
waiting times were computed for a total of 107 EVs and averaged over multiple simulator runs to
ensure the realization of a 95% con~dence interval. The following input parameter values were
assumed: 1), area size of 9 km2, 2) Number of CSs, NCS = 5, 3) EV arrivals to the entire area
follow a Poisson process with parameter µ−1

I ∈ [1; 8] EVs/hr, 4) per-EV speeds are drawn from
a truncated Normal distribution over the range [Vmin;Vmax] = [10; 50] m/s.

3.7.1 Model Veri~cation and Performance Analysis

To verify the accuracy of the earlier-presented waiting time analysis, CS dynamics were sim-
ulated and captured under the RSS and CSF scheduling schemes. In particular, under each of
these schemes, the average waiting time experienced by EVs arriving to each and every one
of the simulated CSs were recorded and plotted against the per-CS O{ered load in (EVs/sec).
Given the fact that all CSs have exhibited similar result trends only the average waiting time
experienced by one of these CSs (under RSS) are reported herein in Figures 3.6(a). Regarding
CSF, it is also true that all CSs exhibited results with exactly similar trends. However, one of
these CSs, in fact the one that, on average, happened to be the closest to the majority of the
arriving EVs, exhibited much higher waiting time values than the remaining other stations. The
results corresponding to this particular station are reported herein in Figure 3.6(d). The reported
average waiting time is plotted in both of Figures 3.6(a) and 3.6(d) are in units of seconds. It is
quite clear that these two ~gures constitute a tangible proof of the validity and accuracy of the
presented analysis in Section 3.6. This is especially true since in each of these ~gures, curves
corresponding to simulation results almost overlap with their theoretical counterparts with mi-
nor di{erences only ranging between 2.53% and 4.18%.
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Figure 3.6: Achieved average waiting times and per-CS utilization under RSS versus CSF

The theoretical analysis’ correctness being established, it is now important to elaborate on
the waiting time trends under both of the RSS and CSF schemes. Indeed, as shown in the ~gures,
the achieved average waiting time increases as a function of the per-CS O{ered load; this being
a direct result of the increase of the experienced load to the entire CS deployment area whereby
more EVs arrive to the overall area and, hence, the likelihood that more EVs arrive to each CS
will also increase. Under RSS, for a ~xed value of per-CS EV arrival rate, all CSs exhibit merely
identical and uniform results as shown in Figure 3.6(b). This is especially true since, under RSS,
an arriving EV is equally likely to choose any of the available CSs within the simulated area;
hence the experienced EV load is equally balanced over all available CSs within that area. This
is further con~rmed by Figure 3.6(c).

In contrast, under CSF, any arriving EV shall select the station that is closest to it. Hence,
depending on the location of the arriving EV and the locations of the various CSs within the
overall considered area, only one of these CSs shall be determined to be the closest to that EV.
The reported results herein in Figures 3.6(e) and 3.6(f) show that the third CS appears to be, on
average, the closest to most arriving EVs. This is especially true since this CS happens to be
exhibiting the highest waiting time (Figure 3.6(e)). By Little’s Theorem this CS is, therefore,
experiencing the largest average number of EVs waiting in line to receive service and will, thus,
experience the highest utilization (Figure 3.6(f)). Here, it is important to mention that, under
CSF, each EV will select and drive towards the closest CS independently of other EVs and
regardless of the experienced waiting time. Hence, it is natural to observe that some CSs exhibit
higher utilization than others. In particular, CSF might cause some CSs to become overloaded
(i.e. unstable) and, thus, exhibit a utilization (i.e., the load computed as the ratio of the arrival
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rate to the service rate) that is higher than one (e.g., CS3 in Figure 3.6(f)).

3.7.2 Further Performance Evaluations and Discussions

This subsection is dedicated to additional waiting time performance evaluation under the last
scheme, namely MWT. Recall from Section 3.3 that under MWT, the selection of a particular
CS among all available CSs within the considered area is contingent to the waiting time EVs
will be experiencing at that CS until they receive service and depart. Speci~cally, to assist EVs
in making informed CS selections and, hence, reduce their waiting times at selected stations,
MWT provides requesting EVs with an estimate of the expected waiting time (computed at the
instant the charging requests are being issued) they shall experience upon arrival at each and
every available CS within the considered area. This incurs a strong dependency between EV ar-
rivals and the individual CS states, each of these latter being summarized by the expected per-CS
waiting times. In turn, the state-controlled per-CS EV arrival processes inevitably violate one
of the fundamental assumptions underlying the analytical framework presented in Section 3.6.
State-dependent waiting time analysis is currently outside the scope of this present work and is
actually left for future work. However, it is of added value to provide further insights into the
experienced per-CS dynamics under such biased EV arrival processes (already done in Section
3.3) and, accordingly, the achieved average waiting times and utilization under MWT.

The achieved average waiting time by MWT will increase as a function of the O{ered load
as shown in Figure 3.7 (a) illustrating this expected trend for one of the CSs (all other CSs ex-
hibit similar variations in W as can be asserted by Figure 3.7 (b)). Contrary to any expectation,
however, the ~gures indicate that, under MWT, EVs shall experience almost no waiting time
(i.e., in the order of a couple of seconds) under low O{ered loads. Indeed, this is because MWT
controls/biases the arrivals of EVs to CSs in the sense that, under MWT, an EV always chooses,
~rst, to drive towards the CS exhibiting the lowest average waiting time. Starting o{ with a fresh
empty system, all stations are equally likely to be selected. However, a smarter decision would
be to select the closest among such CSs, say, for the sake of the example CS1.
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Figure 3.7: Results pertaining to the MWT EV scheduling policy.

This is actually how ties are broken under MWT. If the subsequent vehicle arrives to the area
after its predecessor has completed service, then, again, this newly arriving vehicle will ~nd all
CSs empty (i.e., zero waiting time) and, hence, shall select the one closest to it. Alternatively,
whenever the newly arriving EV ~nds CS1 busy servicing its predecessor, it shall then select the
next closest CS exhibiting the lowest waiting time among the remaining CSs (other than CS1)
and so forth.

Under low O{ered loads, it is more likely that arriving EVs either ~nd stations empty or just
about to ~nish serving their predecessors (i.e., would become empty as the arriving EV drives
towards the CS). This is con~rmed by the relatively low per-CS utilization illustrated in Figure
3.7 (c); meaning that CSs are being utilized to serve EVs but are highly likely to be found empty
upon arrivals of new EVs. Obviously, as the experienced load increases, these CSs shall become
more likely to be found busy upon arrivals of new EVs and here, MWT will interfere and bias
the selection process by always prioritizing the CS that jointly is the closest to the arriving EV
and guaranteeing the lowest waiting time.

The above being said, what remains is to compare the waiting time performance of MWT to
RSS and CSF as illustrated in Figure 3.8. For values of experienced loads that guarantee stable
CSs, MWT’s embedded intelligence allows it to beat RSS and CSF as it distributes the O{ered
load over all CSs in a smart way to maximize the per-EV bene~t; this being the selection of
the closest CS warranting the lowest waiting time. Worthy of mentioning here is the fact that,
this way, MWT would be implicitly accounting for the per-EV requested charging times and
instantaneously tries to direct EVs towards underutilized CSs as these always will exhibit the
lowest waiting times. However, this behavior is expected to increase the average waiting time
at these CSs. This is when MWT will interfere again and redirect newly arriving EVs to other
CSs and so forth. In contrast, RSS aims at equally distributing EVs over all CSs regardless of
the per-CS achieved average waiting time and the proximity of these CSs to the arriving EVs.
Indeed, balancing the per-CS O{ered load has the objective of reducing the per-CS queue length
and, therefore, the per-CS average waiting time. However, elevated service times for some EVs
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shall counter this e{ect; hence, placing RSS right in between MWT and CSF where this latter is
witnessed to often overload one particular CS (i.e., the closest to the majority of arriving EVs)
causing remarkable rises in queueing delays.

Figure 3.8: Comparison of RSS, CSF and MWT in terms of W .

3.8 Conclusion
Year after year, real-world recorded data is revealing drastic changes in the statistical character-
istics of EV charging processes taking place at public EV CSs. The literature encloses notable
work proposing stochastic analysis that fail to adequately model such stations, capture their dy-
namics, and accurately evaluate their waiting time performance. This work aims at ~lling this
gap and, ~rst, thoroughly analyzes real-world data to extract statistical characteristics pertaining
the EV charging times. Then, after close observations of EV arrivals, it is identi~ed herein that,
contrary to the majority of existing work assumptions, per-CS EV arrivals do not always follow
Poisson processes. Indeed, depending on the EV-to-CS scheduling policies, EV inter-arrival
times may be characterized by di{erent phase-type distributions, one of which identi~ed herein
is the Erlang distribution. Armed with these ~ndings, an extensive analytical framework is es-
tablished in this work throughout which, as a ~rst step, CSs are accurately modeled as G/G/1
queues. Thorough simulations and numerical analysis con~rm the accuracy of the proposed
model and its pertaining theoretical average waiting time derivation under one class of EV-to-
CS scheduling policies. Another class of such scheduling policies is one that attempts to provide
EVs with a priori knowledge of per-CS expected waiting times; hence, allowing these EVs to
make informed CS selections in such a way to reduce their experienced delays. One of such
scheduling schemes, namely, the MWT, has been investigated to provide some preliminary in-
sights into the strong in�uence of CS states on the CS selection process; this later strongly biasing
the per-CS EV arrivals. Extensive simulations are conducted to capture the achieved CS dynam-
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ics and performance under MWT. However, the state-dependent queueing analysis pertaining to
this scheme are left for future work.



Chapter 4
A Data-Driven Framework for Improving
Public EV Charging Infrastructure: Mod-
eling and Forecasting

4.1 Current QoE Metrics, Problem Statement and Motiva-
tion

Ever since 2010, the worldwide achieved average of EV-to-Charger Ratio (EVCR) has been �uc-
tuating at slightly under 10EVs/charger [111], though, despite its globally recognized eloquence,
several countries have alarmingly scored two-to-three-fold this value. Keep in mind here that
the main objective, now, is to show the inadequacy of the employed EV charging infrastructure
expansion strategies in the majority of countries around the globe as well as the inappropriate-
ness of the metrics that have been globally adopted to measure and indicate whether or not such
expansions are being capable of coping with the rapid growth in EV market penetration rates.
For this purpose, real-world data is required to ensure the correctness and credibility of the pro-
visioned insights. Hence, following a legal agreement and o|cially approved research collab-
oration with Hydro-Quebec (HQ) 1, this work taps into HQ’s complete database encompassing
realistic daily records (overall 6 million) of a wide range of EV charging-related measurements
pertaining to comprehensive aspects of EV charging stations’ dynamics (e.g., start time and du-
ration of each charging session, per-session average drawn power and total drawn energy, initial
installation date pertaining to each EVCS, per-EVCS nominal charging rate and geographical
location)2 for the various sites within Quebec (i.e., around 7, 454 stations distributed over 3, 878
di{erent locations) and spanning the past ~ve years from 2018 to 2022. With access to such a
panoptic database of EV charging records, it becomes easy to evaluate and graphically visualize

1HQ owns/operates, through a subsidiary, around 80% of the public EV charging infrastructure in Quebec,
Canada.

2It is worthwhile noting here that HQ’s database contains no information about the per-EV arrival time and
waiting time until it starts receiving service. Such are vital QoE metrics that shall be intelligently derived herein
using the available records. Such metrics will allow for individual per-EVCS performance evaluation as explained
hereafter.

60
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Figure 4.1: EV market penetration in Quebec.

Figure 4.2: Number of deployed chargers in Quebec

(as shown hereafter in Figures 4.1 through ) the evolution of Quebec’s EV charging infrastructure
using the same metrics adopted by the International Energy Agency (IEA). Curves illustrated in
these ~gures shall serve as tangible proofs of the inappropriate QoE evaluations and, hence, the
ill-suited EV charging infrastructure expansions they inspire.

Figure 4.1 shows a steadily increasing total number of EVs over the entire road network
of Quebec starting from year 2017 until this present time. This induces expectations of fur-
ther expansion of the EV charging infrastructure at least at a rate that can ensure such an in-
frastructure copes with the increasing EV market penetration rate; hence, maintaining proper
consumer-perceived QoE levels. In addition, Figure 4.1 also shows that starting from year 2019,
the number of fully Battery-powered EVs (BEVs) started to overshadow that of Plug-in Hybrid
EVs (PHEVs). This is a major change that promotes an increased need for more frequent per-EV
charging activities as well as the need for additional energy supply to cope with this increased
energy demand. This is not to mention that BEV owners would surely highly appreciate faster
charging processes with less waiting; this being an expectation originating from an innate desire
of QoE equity with Internal Combustion Engine (ICE) vehicles’ drivers. As such, intuitively,
one’s thoughts get immediately directed to an increase in the deployment of advanced Level 3
(L3) fast chargers concurrently to the expansion of existing EVCSs through the addition of more
of the typical Level 2 (L2) chargers. To this end, Figure 4.2 presents the EV charging infrastruc-
ture expansions observed over the past ~ve years in Quebec; those being mainly characterized
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Figure 4.3: Quebec’s achieved EVCP v.s. EVCR.

by the total numbers of L2 and L3 chargers that have been deployed and became operational
and accessible by EV drivers. Here, observe that the number of L2 chargers increased by al-
most 300% from 2018 to 2022 whereas the number of L3 fast chargers shows a relatively shy
ten-fold increase. Regardless though, one cannot deny that major e{orts and investments have
been and continue being made to improve the availability and accessibility to a QoE-acceptable
EV charging infrastructure. Unfortunately however, such e{orts, are mislead to go in the wrong
direction. This is especially true since they are unable to throttle down and control Quebec’s
continuously increasing EVCR with rising slopes as shown in Figure 4.3. AS a matter of fact,
Quebec’s EVCR today scored 21 EVs/charger. Factoring in the chargers deployed by other op-
erators would slightly bring down the province’s EVCR to 17; this being way above the world’s
global average. In parallel, look at the achieved Per-EV Charger Power (EVCP) in Quebec; this
being computed, following IEA’s guidelines, as the ratio of the total average per-EV charging
power for all available public chargers to the total number of EVs on the road. Here, note that
the globally achieved EVCP amounts to 2.4 kW/EV. Figure 4.3 shows how Quebec’s EVCP has
been drastically decreasing over time for it to stabilize at around 0.73 kW/EV towards the end of
2022. At this point, also, when factoring in the contributions of the chargers pertaining to other
operators in Quebec, the province’s EVCP would only rise to 0.91 kW/EV.

The above constitutes a tangible proof that the above-adopted metrics and EV charging net-
work expansion strategies are ill-developed and that there is urgent need to establish and im-
plement new plans for expanding this infrastructure in such a way for it to, ~rst, ~ll in the gap
and cope with the remarkable rise in EV adoption and, second, steadily parallel this (expected)
long-term rise and meet the increasing EV charging demands both in terms of frequency and
QoE-driven performance. Obviously, in light of the ealier-presented discussion, EVCR and
EVCP cannot serve the general purpose of assessing the suitability of the existing infrastructure
and its state-of-the-art expansion schemes as they hide from operators the factors underlying: i)
the non-homogeneous variations of EV adoption trends corresponding to di{erent areas within
the same country or province (as revealed by thorough analysis of realistic data), ii) the con-
trasted location-restrictive EVCS deployment feasibility, as well as, iii) the disparity in charging
demand levels experienced in di{erent locations. For instance, the number of EVCSs deployed
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in a certain touristic area might appear to be satisfactory. Keep in mind though that in such an
area, often, a large proportion of the EVs requesting to charge at that area’s local EVCSs may
happen to be incoming from other areas. IEA’s adopted metrics, namely EVCR and EVCP, do
not account for these EVs when evaluated for their areas of origin. It is, therefore, of notable
importance to develop adequate real-world-data-driven and location-aware EVCS QoE perfor-
mance metrics that can provision insights into the suitability of existing location-dependent EV
charging networks and appropriate such networks’ expansion schemes.

This chapter proposes a new set of critical EVCS QoE performance metrics, namely: i)
the per-EVCS achieved maximum and average waiting times, ii) the per-charger occupancy and
iii) the per-EVCS blocking probability. The design and quanti~cation of all of these metrics
is based on HQ’s comprehensive database of realistic EV charging-related records. Truly, the
proposed metrics herein prevail where their existing counterparts fail at provisioning operators
with visibility and insights into event dynamics of EVCSs; thus, guiding them in formulating and
implementing adequate well-informed EV network sizing and charger deployment plans coupled
with optimal scheduling algorithms that aiming at improving the end-consumer-perceived EV
charging QoE in any particular location. To gauge their merit, a charging load forecast model
adopting these new metrics is presented hereafter to predict the future charging demand per EV
charging site.

4.2 Novel Contributions
This chapter aims at ~lling the identi~ed literature gap consisting of the non-existence of proper
QoE evaluation metrics, and the lack of accurate long-term EV charging demand forecast tools.
Its contributions are briefed as follows:

1) To the extent of the authors’ awareness, this current work is the ~rst to present a compre-
hensive data-driven framework targeting the per-EVCS QoE assessment. A number of metrics
are formulated for the purpose of aiding the EVCS infrastructure operator gain a deeper under-
standing of their charging infrastructure utilization. These metrics shall provision EVCS infras-
tructure operators with in-depth visibility into the event-driven system dynamics pertaining to
any particular EVCS deployed at any arbitrary location; hence, promoting operators’ understand-
ing of their charging infrastructure utilization allowing them to optimize additional chargers’
deployment, and charging network sizing.

2) Comprehensive EV-charging-related historical data is exploited and fed into a newly de-
veloped Machine Learning (ML) based algorithm for long-term EV charging demand forecast.
Measurement values pertaining to the number of requests in addition to external factors impact-
ing the charging demand are fed as inputs to this algorithm allowing it to accurately predict up
to one year of future per-EVCS EV charging demand.
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4.3 Data Pre-processing and Preparation
As already mentioned in Section 4.1, the work presented in this chapter is driven by a com-
prehensive database of 6 million realistic charging session records pertaining to 7, 454 EVCSs
deployed in 3, 878 locations. This data has been collected from the various EVCSs over the past
5 years starting from January 2018 until December 2022. Each charging session record encom-
passes the session’s starting time, ending time, outlet identi~er (ID), station ID, station postal
code, and the amount of energy drawn from each outlet, among numerous other parameters that
are of less interest to the work presented in this chapter. Nonetheless, a major drawback of this
data set is that it lacks any information about EV arrival times to the di{erent EVCSs as well as
the amount of time spent at the station waiting to start charging. Consequently, in the absence of
such crucial information, the per-EVCS QoE performance evaluation becomes quite challeng-
ing. This is carefully addressed in the remaining sections hereafter. At this point though, it is
quite important to mention that after closely observing the available records, some of them can
be identi~ed as invalid. For instance, all records pertaining to sessions that: i) lasted less than
3 minutes or more than 2 hours, ii) have no recorded payments associated with them, and, iii)
show that no energy has been drawn from the corresponding outlet, are assumed to be invalid
records, and, hence, have been removed. Following this cleaning phase, the remaining records
have been, ~rst, arranged in ascending order of their corresponding postal codes, and then, for
each station, records are ordered according to the starting times of each session. To this end, a
careful examination of the postal codes and site IDs pertaining to each station reveals the oper-
ator’s attempt to cluster regions based on the postal code. Consequently, all stations having the
same postal code are considered as belonging to the same site and, hence, associated with the
same site ID.

4.4 EVCS QoE Performance Metrics
This section presents two sets of novel metrics for assessing the Quality of Service (QoS) pro-
vided by public Electric Vehicle Charging Stations (EVCSs) in Quebec, Canada. The ~rst set
of metrics includes the number of charging requests, per-site utilization, per-site occupancy,
idleness, and blocking probabilities, which are based on a comprehensive database of realistic
measurements taken at di{erent times and pertaining to various EV charging process variables.
These metrics are subsequently used as inputs to a forecast model developed for predicting future
EV charging loads. They are as follows:
• Number of Charging Requests, NR, represents the number of unique charging requests ex-
perienced by an EVCS during a given time period. The provided data reveals that some EVs
stop but then resume charging within a few seconds. In what follows, such short charging in-
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terruptions are neglected (i.e., the continuation of charging is not considered as a new request
placed by the same EV but rather the same request identi~ed using the account credentials of
the user who initiated the charging session). Also, all charging sessions with only a few seconds
durations are discarded.
• Charging Site Utilization, U , determines if a site is being underutilized or over-utilized.
Through the observation of the variations of a site’s daily instantaneous utilization, an operator
can determine the exact EV charging demand at that site at any particular point in time. Also,
U ’s long-term variations reveal the direct impact of EV consumers’ socio-economical habits
on EV charging requirements. Consequently, U provides operators with insights into the load
experienced per site, which cannot be provided byNR alone as this latter contains no information
about the di{erent charging sessions’ durations. By discretizing time into mini slots of duration
1 minute each:

U =
1

T

T∑

i=1

ki

n
0 ≤ U ≤ 1, (4.1)

where T is the total number of time slots within an observation period, i ∈ N used for indexing
each time slot within T , ki is the number of occupied EVCSs during time slot i and n is the
number of per-site EVCSs.
• Site Occupancy, Ω, represents the probability that at least one of a given site’s EVCSs is
occupied (i.e., the probability of that charging site being utilized):

Ω =
1

T

T∑

i=1

Zi, (4.2)

where

Zi :=





0, if ki = 0,

1, if ki ≥ 1.

Hence 0 ≤ Ω ≤ 1.
• Site Idleness Probability, PI , represents the fraction of the total observation duration T during
which all EVCSs pertaining to a given site are idle. This metric quanti~es the possibility of an
EV arriving at a given site and ~nding all EVCSs available. As the complement of Ω:

PI = Pr [ki = 0] = 1− Ω (4.3)

• Site Blocking Probability, PB, represents the proportion of T during which all of a given
site’s EVCSs are found to be completely busy (i.e., the probability of an EV arriving at a given
site and ~nding all EVCSs occupied and, hence, su{ering from immediate denial of service):
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Figure 4.4: Sample service time data distribution.

PB =
1

T

T∑

i=1

Xi, Xi =





1, ki = n,

0, ki < n.

(4.4)

Beyond a certain QoE threshold, PB indicates the failure of the existing charging infrastructure
to sustain the growing EV charging demands experienced by the given site.

Next, the second set of metrics includes the longest per-site busy period and average EV
waiting time, which are evaluated and reported by a custom-built simulator. These metrics aim
to quantify the quality of perceived service by EV consumers at di{erent public EVCSs and can
be used by EV charging infrastructure operators worldwide to assess the performance of any
charging site and plan EV charging network expansions as needed. They are:
• Number of Delayed EVs, ND, represents the number of EVs that have experienced a certain
delay at a given site waiting to receive service (i.e., start charging). Any EV that starts charging
within at most t minutes (e.g., t ≤ 5minutes) from the end of a preceding charging session at
a blocked site is considered to be a delayed EV. The value of t is not ~xed and is empirically
estimated and recorded by the operator on a per-site basis given the fact that it is a{ected by
numerous uncontrollable factors that are external to the charging process (e.g., parking lots’
availability close to rest areas and shopping malls and their proximity to EVCSs, in-proximity
services, etc). In the future, several solutions may be adopted to increase the accuracy of t’s
values (e.g., the installation of cameras to provide video footage showing the advancement of a
waiting EV into service position and, hence, the start of a new session).
• Average Waiting Time, W , is the average queueing delay experienced by EVs waiting at a
given site to start charging. W is generated using a custom-built python-based discrete-event
simulator that models each site as an M/G/k queue.
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4.5 QoE Evaluation Methodology
The adopted per-site QoE-oriented performance analysis methodology is presented. First, al-
though the above-presented metrics may provide per-EVCS performance insights for the chosen
site, it is observed that performance trends notably vary for di{erent observation period cate-
gories (e.g., regular weekdays, weekends, holidays, etc). As such, to capture such variations,
QoE performance evaluations shall be conducted on daily basis spanning any required duration
(i.e., week, month, year). Precisely, the examined days throughout the analysis period shall be
grouped based on their di{erent categories. Then, for each one of these days, each of the above-
listed metrics shall be evaluated. This will indicate the frequency whereby each of these metrics’
respective values signaled a red �ag for each one of these days’ categories; this being of utmost
importance to operators when developing EV charging infrastructure expansion plans. For in-
stance, in touristic areas, the achieved QoE might be misleadingly perceived as good whenever
values of the U , Ω, PB, ND, and W , do not bypass a given threshold when evaluated for one
whole month or year in one shot. The operator, here, may be deluded to trust a site’s operational
normality whereas, truly, these metrics’ daily values may reveal an overall site under-utilization
during normal work days and an over-utilization (i.e. low QoE) during weekends and holidays.

4.5.1 Simulation Framework

A custom-built discrete-event python-based simulator is developed herein for the purpose of
modelling any EVCS pertaining to any charging site as an M/G/k queueing system. This sim-
ulator’s input parameters’ values are set according to simulated EVCS’s information extracted
from the given dataset. Precisely, EV arrivals are assumed to follow a Poisson process with a
parameter λE = NE · T−1 EVs/s with NE being the number of observed EVs arriving to the
simulated EVCS within the observation period T . NE is dictated by HQ’s recorded data. The
per-EV service time is drawn from an empirically evaluated Erlang-k distribution that ~ts HQ’s
service time records for the simulated sites. Due to space limitation, only one such distribution
example is illustrated herein in Figure 4.4 where the Root Mean Square Error (RMSE) between
the realistic distribution and its theoretically ~tted counterpart is of the order of 10−8 indicating
a highly accurate ~t. Finally, the simulated EVCS’s number of outlets is k and is also provided
by the operator. The fundamental objective of this developed simulator is to generate ND and
W . Furthermore, future EV arrival forecasts are going to be generated hereafter. Such arrival
forecasts may then serve as inputs to the above-mentioned simulator, which, then, shall return
forecasts for future ND and W values pertaining to a simulated EVCS.
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4.5.2 Filling the Gap in the Dataset Created by COVID-19

In an attempt to combat the proliferation of COVID-19, governments around the Globe and, par-
ticularly in Quebec, imposed numerous and lengthy curfews, lockdowns and border closures. In
addition, remote work and schooling policies were implemented all over the province. All these
have remarkably a{ected the province-wide transportation sector. Precisely, during 18 months
(from January 2020 to June 2021) the number of vehicles on the road decreased by almost 60%
including the number of EVs. The decrease in this latter re�ected itself in an abnormal decrease
in EV charging demands as illustrated in Figure 4.5(a); hence, the reason behind referring to this
time period hereafter as the ”gap period”. For all purposes of proper QoE performance forecast-
ing, proper charging demand trend corrections (data augmentation) need to be applied to this
gap period in order for it to appear as a smooth quasi-normal continuation to its predecessor and
successor periods; that is, as if the pandemic never occurred. This is achieved as follows:

1) Among the 5 years data records pertaining to a given site, disregard all those corresponding
to the gap period.

2) Compute anM days weighted moving average whereby, the number of requests for each target
day of the gap period becomes equal to the average number of requests observed during the M−1

2

past and future days. As such, the target day is that M th day that appears at the center of the M

days period. This mathematically translates to:

NR,d =
1

M − 1

d+M−1

2∑

j=d−M−1

2

NR,j (4.5)

where d is the index of the targeted gap day and NR,j is the actual number of requests.

3) Compute the relative daily charging request di{erence ∆NR =
(
NR,d −NR,d

)
NR,d

−1. Use
all relative di{erences over the entire 42 months before and after the gap to generate ∆NR’s
empirical probability distribution, D.

4) Finally, to each computed NR,d over the 18-month gap period, add a random ∆NR value
drawn from D.

Figure 4.5(a) (M = 30) concurrently plots NR,d and NR,d pertaining to one selected site
over the entire 5-year period. The trend anomaly is clear during the gap period compared to
its normal counterparts appearing before and after the gap. Most importantly, Figure 4.5(a)
tangibly proves NR,d’s potency in capturing the seasonal/annual trends of NR,d while smoothing
out its randomness. Figure 4.5(b) shows the reconstructed number of charging requests values
corresponding to the gap period following the above-elaborated procedure. These results assert
the suitability of the utilized approach since the reconstructed trend appears clearly as a smooth
quasi-normal bridge connecting its predecessor to its successor curves.
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Figure 4.5: Five year charging requests (a) including the COVID-19 data and (b) requests after ~lling the gap caused
by COVID-19
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Table 4.1: Time stamp features

Feature Name Range of Values
Weekday (Monday→Sunday) [0; 6]

Day of the month [1; 31]

Day of the year [1; 365]

Month of the year [1; 12]

Week of the year [1; 53]

Week of the month [1; 4]

Quarter of the year [1; 4]

Recorded year [2018; 2022]

Working Day [0: Weekend/Holiday; 1: Business day]

4.5.3 Long-Term Forecast Model

As anticipated, the EV charging demand is expected to grow at an increasing pace in the coming
years. This stresses the importance of creating a long-term forecast model that can accurately
predict the EV charging load in terms of served request counts over an entire year while taking
the load’s seasonality into consideration.
• Data Pre-Processing and Feature Engineering: The ~rst pre-processing step consists of
chronologically arranging the charging records to create a continuously evolving time series and
then extract from them the required features, the fundamental one of which are the timestamps
listed in Table 4.1. Here, timestamp di{erentiation and proper interpretation are important es-
pecially because of the di{erential characteristics of regular weekdays’ charging requests and
their weekends/holidays counterparts. Table 4.2 lists additionally extracted categorical features
constituting external factors that impact the charging demand. All of these features are then
encoded using the mean encoding method described in [112] and [113] to reveal a logical corre-
lation between them and their corresponding label ( i.e.,NR,d). Consequently, during the training
phase, the model determines the relationship between the predicted value and the mean features’
encoding instead of the actual NR,d.
• Forecast Model: A Seasonal Auto-Regressive Integrated Moving Average with eXogenous
factors (SARIMAX) statistical learning model (e.g., [114]) is presented hereafter. This model
takes as input a time series rendering it capable of accurately predicting future NR,d values
while concurrently capturing its real-world historical data inputs’ seasonality and patterns. In
the sequel, it is proven that SARIMAX is capable of: i) accurately capturing and representing
this seasonality for 1-year forecasts, and, ii) integrating multiple external variables and deduce
their impact on the charging demand’s behavior.
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Table 4.2: Charging service features

Feature Name Range of Values
Charging requests weighted rolling average Float
Province-wide number of available public EVCSs Integer
Province-wide number of registered EVs Integer
Region-speci~c number of available public EVCSs Integer
Region-speci~c number of registered EVs Integer

Table 4.3: CHARGING SITE DESCRIPTION AND NUMBER OF EVCSS PER SITE

Site # Location Number of EVCSs/Site
1 City 1 Downtown 2
2 City 1 Residential Area 2
3 City 2 Residential Area 2
4 City 2 Mall Parking Lot 2
5 City 3 Downtown 1
6 Suburb 1 1
7 Suburb 2 2
8 Rural Area 1 1
9 Rural Area 2 2
10 Touristic Area 1 2
11 Touristic Area 2 1
12 Highway 1 2
13 Highway 2 2
14 Highway 3 4

As a matter of fact, the accessible data sets related to the addressed problem in this chap-
ter enclose data sample points that constitute a time series. This is especially true since these
samples represent the magnitude of changes in the EV charging load as a function of time. The
objective here is to forecast future metric values (and their variations as a function of time as
well) according to what can be learned from the past history embedded in the above-said time
series. As such, given that such data exhibits seasonality patterns and given the availability of
a strong exogenous factor in the time series, SARIMAX would be the best forecasting model ~t
in this case.

SARIMAX is de~ned by three main parameters, p, d, and q, respectively denoting the num-
ber of auto-regressive terms, the order of di{erentiation, and the order of moving averages.
The determination of seasonal variations is required to establish a Seasonal Auto-Regressive
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Function (SARF) in addition to a Non-seasonal Auto-Regressive Function (NARF) [115]. Ad-
ditionally, the set of exogenous variables is fed into the model in an array-like parameter exog.
Proper tuning SARIMAX’s parameters allows for the generation of accurate forecasts based on
the detected patterns and the exogenous features. The recorded daily per-site number of charg-
ing sessions and their corresponding exogenous variables are aggregated weekly to overcome
NR,d’s randomness. This kind of aggregation is acceptable and rather preferred for objectives
similar to those adopted in this chapter (i.e., forecasting a charging site’s QoE future evolution).

Initially, the Box-Jenkins approach is used to estimate the most appropriate range for the d pa-
rameter. Then the Partial Auto-correlation function was used to determine an appropriate range
for p and the Auto-correlation function was used to determine q. Augmented-Dickey-Fuller tests
are executed to verify the existence of non-stationary conditions. A close examination of these
tests’ results reveals that the best model is one to which correspond fractional parameters’ values.
In fact, the Fractional Autoregressive Integrated Moving Average (ARIMA) is used when the
data patterns exhibit long-range dependencies that cannot be captured using integer parameters.
The interpretation of the fractional parameters becomes di{erent than the interpretation of the
integer parameters. Fractional di{erencing with d < 1, is used to smoothen out very long-term
data dependencies while simultaneously preserving the short-term dependencies. A value of
0.5 < d < 1 would indicate the presence of a strong historical dependence in the data. Addition-
ally, using a fractional d eliminates the issue of over-di{erencing which might add white noise
when large values greater than 1 are used. Additionally, it is favorable to choose low values of
the p and q when using fractional values of d to learn the long-term dependencies of the data
while simultaneously preserving the short-term �uctuations and dependencies. As a result, low
values of the fractional auto-regressive term p are used to capture the short-term dependencies
of the data. Finally, low values for the moving average order q are used to capture the short-
term �uctuations and noise in the data. As a result, grid search is performed here to tune the
parameters of the SARIMAX model adopted herein with low range of p and q and a fractional
d. Additionally, the choice of exogenous variable is extremely important to improve the model’s
accuracy signi~cantly. This is the number of EVs in the region (scaled by the average charging
demand of a typical EV) was selected as an exogenous variable.

The model is trained and optimized against the data extending from 2018 to 2021 based on
the above-described approach. Then, it is tested against non-training data (i.e., pertaining to
year 2022), to validate its ability to forecast an entire year accurately. Several accuracy metrics
are used to evaluate the model’s accuracy such as the root mean squared error (RMSE), mean
squared error (MSE), mean absolute error (MAE), and mean absolute percentage error (MAPE).

The SARIMAX model proposed herein forecasts the weekly average number of requests
with 99% con~dence. This allows, at this point, to utilize this model to forecast the charging
requests for the selected sites throughout the entire next year 2023. Note that the model requires
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Table 4.4: CHARGING SITE OCCUPANCY IN 2021 AND 2022

# Days 10%≤ Ω ≤30% # Days Ω ≥ 30%
Site Location 2021 2022 2021 2022

City 1 Downtown 239 131 107 232
City 1 Residential Area 182 192 8 13
City 2 Residential Area 247 233 14 20
City 2 Mall Parking Lot 178 245 20 67
City 3 Downtown 139 206 6 12
Suburb 1 127 190 3 10
Suburb 2 160 229 84 34
Rural Area 1 170 198 52 113
Rural Area 2 145 159 70 161
Touristic Area 1 154 85 110 263
Touristic Area 2 187 230 21 41
Highway 1 91 147 5 6
Highway 2 31 107 0 1
Highway 3 220 111 88 252

re-training using the data of each individual site for accurate forecasts to be generated. Addition-
ally, a second year forecast is generated to guide the operator with some longer-term forecasts.
However, it is important to highlight that the farther future forecasts are generated with a reduced
results’ con~dence. Yet, every new year of data that is added to the data set enables longer and
more accurate the forecasts.

Now, indeed, there are so many di{erent prediction and forecasting models. It is quite inter-
esting to compare the performance of the adopted SARIMAX model with fractional parameters
to other models such as LSTM, exponential smoothing (ETS), ARIMA, and SARIMA. This is
done in Section 4.6 below.

4.6 Analysis and Forecast Results
This section presents an evaluation of the performance of 14 selected charging sites in terms
of the presented metrics in Section 4.4. Moreover, 4 of these sites are selected to showcase the
prediction accuracy of the developed SARIMAX. The reported results also illustrate the average
waiting time evolution between 2021 and 2022 as well as the predicted waiting time for 2023
highlighting the impact of the increasing EV charging demand on the user-perceived QoE.
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Table 4.5: CHARGING SITE UTILIZATION IN 2021 AND 2022

# Days 10%≤ U ≤30% # Days U ≥ 30%
Site Location 2021 2022 2021 2022

City 1 Downtown 267 303 12 38
City 1 Residential Area 69 70 0 0
City 2 Residential Area 108 116 0 0
City 2 Mall Parking Lot 91 186 0 0
City 3 Downtown 139 206 6 12
Suburb 1 127 190 3 10
Suburb 2 149 127 17 0
Rural Area 1 170 198 52 113
Rural Area 2 135 187 17 63
Touristic Area 1 165 210 27 123
Touristic Area 2 187 230 21 41
Highway 1 29 47 0 1
Highway 2 1 21 0 1
Highway 3 63 220 0 0

4.6.1 Occupancy, Utilization and Idle Probability

The number of EVCSs varies from one to another of the 14 sites selected from diverse province-
wide locations to capture EV charging load variability. For privacy reasons, these sites’ actual
locations are replaced with generic names as listed in Table 4.3. Note that a site with 1 EVCS,
yields Ω = U .

Table 4.4 presents a summary of the number of days where the per-site occupancy belonged
to the normal range of 10% to 30% as well as the number of days where that occupancy exceeded
30%. Table 4.5 on the other hand presents the number of days where the per-site utilization
belonged to similar intervals. Ω and U are presented for both 2021 and 2022 to demonstrate the
evolution of PCI utilization. Observe that 13 out of the 14 sites, witnessed an increase in Ω and
U . Particularly, Touristic Area (TA) 2 and Suburban Area (SA) 1 exhibited an Ω > 30% for
more than double the days. Another insight that can be extracted from Table 4.4 and 4.5 is that
the charging sites next to the Highways 1 and 2 are being lightly underutilized with a U > 30%
on zero and one day respectively in 2021 and 2022. This could indicate the user’s tendency to
charge at their origin or destination points rather than spending time charging en route. Also,
the charging site on Highway 3 su{ers an Ω > 30%. However, its U < 30% throughout all of
2021 and 2022. A third observation can be made regarding the charging site in City 2’s Mall
Parking Lot. Even though the number of days where 10% ≤ U ≤ 30% doubled, it has never
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Figure 4.6: Number of Days with PI = 100%.

Figure 4.7: Evolution of ND on the 14 sites between 2021 and 2022.

been over-utilized as the number of days where its U > 30% remains zero. However, this serves
as an indicator that another EVCS should be added to that site.

On the other hand, PI indicates whether or not a charging site is being underutilized. Table
4.6 presents the number of days where the 14 charging sites experienced a PI > 90%. This
means that on those days the charging site was vacant and remained idle for 90% of the time;
thus, indicating a very low utilization on that day. Table 4.6 that charging sites at Highways 1
and 2 are severely underutilized. As such, no new EVCSs need to be added at these locations
in the near future. However, one important observation is that all sites experienced a drop in PI

including Suburb 2. This means that, even though the overall utilization of these sites decreased
from 2021 to 2022, it became less likely to ~nd them idle. The shaded bars in Table 4.6 represent
the percentage of the year during which PI > 90%.

Finally, Figure 4.6 presents the number of days during which the charging sites were not used
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Table 4.6: Number of Days the Charging Sites experienced PI > 90%.

2021 2022
City 1 Downtown 19 2

City 1 Residential Area 175 160
City 2 Residential Area 104 112

City 2 Mall 167 53
City 3 220 147

Suburb 1 235 165
Suburb 2 121 102

Rural Area 1 143 54
Rural Area 2 150 45

Touristic Area 1 101 17
Touristic Area 2 157 94

Highway 1 269 212
Highway 2 334 258
Highway 3 57 2

365 365

Figure 4.8: SARIMAX testing accuracy for charging site at Touristic Area 1.

at all (i.e. PI = 100%). This ~gure can give us three very important observations. The ~rst is
that even though certain sites have a high possibility of being idle, the number of days during
which no charging occurred on these sites is relatively low. The second observation is on the site
at Highway 2 that had a PI > 90% for 258 days of the year but only had 32 days during which
it was not used. This means that although such charging sites will experience low utilization,
they are indeed needed almost every day by EV drivers. The third observation was seen at the
charging site in City 3. Although this city experienced higher utilization and occupancy in 2022,
the number of days during which it experienced an NR of zero slightly increased. This type of
anomaly represents a trend of more centralized EV charging. It can possibly mean that although
user demand on this site increased, this demand was concentrated on certain days. This clearly
demonstrates the importance of examining these metrics per day instead of aggregating entire
months or entire years together.
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Table 4.7: Blocking probability evolution from 2021 to 2022.

4.6.2 Blocking Probability

Another important metric studied at these 14 sites is the blocking probability, PB. Due to the
sensitivity of this metric, it is presented in Table 4.7 in steps of 10%. PB = 0 means that a
site was not blocked on a given day. A close inspection of Table 4.7 evides that the charging
site next to Highway 1 was never blocked for 295 and 256 days in 2021 and 2022 respectively;
hence, con~rming that EV drivers were less likely to use this speci~c site. Also, the number of
days during which PB = 0 for most of the 14 sites decreased between 2021 and 2022. This goes
in line with the results reported in Table 4.4 and Table 4.5 indicating an increase in these sites’
U and Ω respectively in 2022. Unexpected, however, is PB pertaining to Rural Area 1’s site.
While in 2021 this site had a PB ≥ 20% for 116 days, this number almost doubled to reach 206

days in 2022. That is, an arriving EV at this site had a 20% chance of not ~nding an available
EVCS on 206 out of 365 days that year. This is a clear indication that an additional EVCS needs
to be added within that site’s region. While the charging site in City 1 Downtown also had a
low chance of having PB = 0, its performance was still acceptable in 2022 as most of the days
experienced 0% ≤ PB ≤ 10%. These results are also re�ected by ND as discussed below.

4.6.3 Delayed EVs

Recall that ND represents the number of EVs that had to wait at a blocked charging site; hence,
the direct relationship between the PB and ND. This is revealed in Figure 4.7, which illustrates
the evolution of ND between 2021 and 2022 at the 14 sites. The ~gure indicates that the site in
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Figure 4.9: SARIMAX testing accuracy for charging site at City 1 Downtown.

Figure 4.10: SARIMAX Touristic Area 1’s weekly forecasts during 2023.

Touristic Area 1 experienced an increase in ND by 67% meaning that the service will quickly
deteriorate at this site in the coming year if the PCI in that area is not properly expanded. The
results pertaining to Highway 1’s charging site are consistent with their counterparts for U , Ω
and PB reported in their above-indicated respective tables. In con~rmation of this site’s low U

and PB, only 9 and 12 EVs had to wait to receive service there for during the entire years 2021
and 2022 respectively. Another important observation is the decrease in ND in the Suburban
Area 2 from 134 EVs in 2021 to 41 EVs in 2022. This result is consistent with the drop in this
site’s PB.

4.6.4 SARIMAX Model Testing and Forecast

The SARIMAX model presented earlier in Section 4.5.3 is now used to predict future values of
NR for 4 of the 14 sites examined in this manuscript, namely, Touristic Area 1, City 1 Down-
town, Rural Area 1, and City 2 Mall. The model is trained using the 2018 through 2021 data
pertaining to each of these charging sites individually and then tested against the 2022 data. The
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Figure 4.11: SARIMAX City 1 Downtown’s weekly forecasts during 2023.

Table 4.8: Tabulated Quarterly Forecast Results.

Quarter Touristic Area 1 City 1 DownTown Rural Area 1 City 2 Mall
2023 Q1 1539 1452 526 1098

2023 Q2 2263 1709 811 895

2023 Q3 2841 1772 1278 1008

2023 Q4 2339 1898 801 1178

2024 Q1 2382 2260 795 1655

2024 Q2 3267 2444 1206 1202

2024 Q3 3927 2462 1740 1422

2024 Q4 2979 2500 1010 1526

grid search algorithm is then utilized to evaluate the best parameters that would achieve the most
accurate results when validated against the 2022 data. The p, q, and d parameters of these models
are presented in Table 4.9 for the reader’s convenience. Figures 4.8 and 4.9 constitute tangible
proofs of the model’s forecast accuracy for the sites at Touristic Area 1 and City 1 Downtown.
The SARIMAX model was able to accurately forecast the charging demand while very closely
following the behavior of the actual time series. The shaded region in the ~gure also indicates
that future demands are predicted with 99% con~dence. The ~ne-tuned models are now used to
forecast the demand for the entire year of 2023 for these 4 sites. textcolorblueAdditionally, these
models were also used to generate a forecast for the weekly number of requests for a second year,
2024. Due to space limitation, only the forecast results of textcolorbluethe year 2023 of 2 sites
are presented in Figure 4.10 and Figure 4.11. However, the total quarterly number of requests
for the 4 sites for the entire 2-year period is presented in Table 4.8. Additionally, the accuracy
evaluation metrics pertaining to the adopted model herein are presented in Table 4.10. For the
sake of completeness, the accuracy of this model is compared to those of 5 other counterparts
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Table 4.9: Tabulated Model Parameters.

Site Location p d q P D Q Model MAPE
Touristic Area 1 0 0.6 1 0 1 1 12.12%

City 1 Downtown 1 1 0.8 1 0 1 1 8.15%
City 2 Mall 1 1 0.8 0 1 1 0 14.28%
Rural Area 1 0 0.4 1 0 1 1 10.83%

Table 4.10: Performance metrics for di{erent models.

Site Model MSE RMSE MAPE MAE
ETS Without Seasonality 754.32 27.46 21.04% 21.53

ETS With Seasonality 530.74 23.04 17.65% 18.67

LSTM 690.50 26.28 19.11% 19.10

Touristic Area 1 ARIMA 486.29 22.05 17.28% 17.71

SARIMA 621.69 24.93 18.78% 19.40

SARIMAX 423.76 20.59 12.12% 15.06

ETS Without Seasonality 688.89 26.24 22.82% 21.77

ETS With Seasonality 276.84 16.79 12.55% 11.78

LSTM 375.68 19.38 17.56% 15.39

City 1 Downtown ARIMA 187.39 13.69 11.55% 10.84

SARIMA 189.44 13.76 11.33% 10.60

SARIMAX 90.04 9.49 8.15% 7.57

proven in the literature to outperform the presently suggested SARIMAX model with fractional
parameters. Precisely, the results of the SARIMAX model presented above are compared with
two ETS models, with and without seasonality, an LSTM model, an ARIMA model without sea-
sonality, and ~nally with an SARIMA model without an exogenous variable. Table 4.10 clearly
demonstrates the superiority of the presented SARIMAX model with fractional parameters in
terms of forecast accuracy. Here, it is very interesting to observe the relatively poor performance
of the LSTM model despite notable e{orts to optimize its performance as well as the inclusion
of the exogenous parameter as a feature for the LSTM’s Neural Network (NN). This is a conse-
quence of the relatively young age of the charging infrastructure, which would severely limit the
success of training a Deep Learning algorithm due to the limited number of training samples in
a 4-year period (201 weekly values per site). Also, traditionally, such forecasts rely on extensive
historical information spanning tens of years (such as stock market forecasts).
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(a) 2021 (b) 2022 (c) 2023

Figure 4.12: Evolution ofW ’s distribution during 2021 (left), 2022 (center), and 2023 (right) for the site at Touristic
Area 1.

4.6.5 Waiting Time Evolution

After forecasting the number of charging requests for 2023 the M/G/k simulator presented in
Section 4.5.1 is used to study the evolution of the waiting time on the 4 selected sites through-
out the years 2021 (including the ~lled Gap), 2022, and 2023 (forecasts). The daily number of
requests is ~rst extracted from the weekly forecast values. Then, these values are used to deter-
mine the EV arrival rates to the charging site. Subsequently, extensive simulations are performed
with 25, 000 EV arrivals per simulation round generated using the determined arrival rates for
all of the 365 days corresponding to each year. This guarantees the achievement of at least 95%
con~dence interval and reduces the impact of any outliers.

The results of the three years’ simulations for Touristic Area 1 are presented in Figure 4.12.
This ~gure demonstrates how the probability of low waiting times is decreasing while the prob-
ability of experiencing high waiting times is increasing year after year. This is demonstrated
by the bulkier tale of the distribution and the more frequent W values above 60 minutes. To
put things into perspective, the probability of experiencing a waiting time of zero is 20.4% and
9.3% in 2021 and 2022 respectively. This value drops to 3.8% in 2023. Additionally, the average
waiting time in 2021 was 3.49 minutes and rises to 6.73 minutes and 14.68 minutes in 2022 and
2023 respectively. Additionally, 99% of the anticipated waiting times are within 30 minutes, 40
minutes, and 110 minutes in 2021, 2022, and 2023 respectively. The statistics related to the W

results of the 4 analyzed sites are presented in Table 4.11.

4.6.6 Case Study: Charging Site at Touristic Area 2

Finally, a case study related to Touristic Area 2 is considered. By the end of 2021, this site
contained a total of 9 Level 2 EVCSs and 2 Level 3 EVCSs. The site under study contains 1

of these Level 3 EVCSs. This region experienced a rapid deployment of Level 2 EVCS rising
to reach a total of 33 Level 2 EVCSs by the end of 2022. However, no new Level 3 EVCSs
were added in 2023 to this region. Based on the earlier conducted analysis, the utilization of the
speci~c site of interest kept increasing in 2023 despite the addition of 24 new Level 2 EVCSs
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Table 4.11: WAITING TIME STATISTICS FOR 2021, 2022, AND 2023

2021 Average Probability W = 0 99% Interval
City 1 Downtown 2.22 min 26% 6 min

City 2 Mall 1 min 50% 2 min
Rural Area 1 19.95 min 0% 36 min

Touristic Area 1 3.49 min 20.4% 30 min
2022 Average Probability W = 0 99% Interval

City 1 Downtown 3.68 min 10.5% 10 min
City 2 Mall 1.3 min 44% 3 min
Rural Area 1 24.98 min 0% 43 min

Touristic Area 1 6.73 min 9.3% 40 min
2023 Average Probability W = 0 99% Interval

City 1 Downtown 11.32 min 4.9% 24 min
City 2 Mall 2.9 min 22.6% 7 min
Rural Area 1 35.36 min 0% 85 min

Touristic Area 1 14.68 min 3.8% 110 min

within a very short distance. This site’s PB and W also increased. This con~rms the fact that,
even though the Level 2 PCI was greatly expanded in this region, it failed to catch up with
the increasing EV charging demands; hence, the extreme importance of utilizing the herein
presented methodology to determine the sites worthy of new Level 3 EVCS deployments for the
purpose of maintaining adequate QoE performance and supporting the growing number of EVs
and their charging demands.

4.7 Conclusion
This is the ~rst data-driven study that develops a comprehensive set of metrics to evaluate the EV
PCI performance of future smart cities. Also, the herein-developed forecast model accurately
predicts the evolution of charging requests at a given site. The performance pertaining to 14 rep-
resentative sites was analyzed through a close examination of the evolution of the occupancy,
utilization, blocking probability, and the number of waiting EVs. A custom-built simulator is
then used to estimate the average waiting time experienced by EVs during 2021 and 2022 as well
as the predicted waiting time given the 2023 predicted charging demand. This study demon-
strates the necessity of expanding the EV PCI in order to satisfy the ever-increasing charging
demand and maintain acceptable consumer-perceived QoE levels.



Chapter 5
Interactive Decision-Support Tool for QoE
Analysis at Public EV Charging Stations

5.1 Problem Statement and Motivation

5.1.1 Problem statement

Rapid and uneven growth in public EV charging demand is producing transient and persistent
congestion at the public EV infrastructure. Operators and service providers must make deploy-
ment, incentive, and e{ective decisions under three linked informational gaps: (1) limited vis-
ibility into ~ne-grained daily time-window EV users behavior and seasonal dynamics; (2) ab-
sence of capacity-normalized spatial aggregation that weights congestion by the deployed fast
charging sites; and (3) inadequate tools to explore how EV charging site performance corre-
lates with local context (parking, social hubs, competitor EV charging stations). Without an
interactive, analyst-driven interface that integrates empirical session records, queueing model
derived waiting-time estimates, and con~gurable spatial aggregations, planners risk under/over-
provisioning EV charging infrastructure, mis-targeting incentives, and degrading the EV user
experience.

5.1.2 Motivation

1. Poorly targeted deployments or delayed reactions to service congestion lead to blocked EV
users, long waiting times, and negative perceptions of public EV charging, threatening EV
adoption momentum.

2. The deployment of Level-3 or fast charging stations is costly and limited; operators need
capacity-aware spatial metrics (rather than raw counts) to prioritize investments where
they will most e{ectively relieve EV demand.

3. Monthly and quarterly views can mask critical time-window patterns, including di{er-
ences between business days and weekends, that drive the EV charging site utilization

83
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and waiting-time spikes; operators therefore need interactive, time-windowed analysis to
schedule maintenance, sta|ng, short-term interventions, or deployment.

4. Overlaying points of interest (POIs) and competitor EV charging stations reveals where
demand is driven by trip purpose or competition, enabling more precise siting, partnership,
and incentive design.

5. Capacity-weighted hexagon aggregates, per-site QoE metrics, and simulation-based waiting-
time estimates provide defensible inputs to cost–bene~t and counterfactual analyses (for
example, to identify where a new level-3 site or a pricing rule will most reduce blocking).

5.2 Expected Contributions
• Enable faster and more accurate identi~cation of hotspot locations and peak time win-

dows for expansion or EV demand management interventions in the public EV charging
infrastructure.

• Capacity-aware prioritization that maximizes reduction in EV user blocking per dollar
invested.

• Service dashboards that bridge monitoring (monthly/quarterly reporting) and tactical ac-
tion (day/week scheduling, incentive deployment).

• Strengthened coordination between planners and grid operators through shared analytical
~ndings that support the need for detailed feasibility and grid-impact studies.

5.3 Research aims
• Build an interactive mapping tool that generates city-centred, basemap-selectable maps

and overlays our industrial partner public EV charging sites markers, POIs, and competitor
charging stations.

• Compute and expose a comprehensive set of QoE metrics at site and city levels (e.g., uti-
lization, blocking probability, waiting-time, state-of-charge statistics, number of sessions,
etc.).

• Implement a capacity-normalized hexagon choropleth metric to summarize e{ective L3
EV demand spatially and support fair, comparable hotspot ranking.
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• Provide multi-scale temporal controls (four 4-hour windows, a 16-hour window, monthly,
and quarterly views), and toggles for business days versus weekends, so operators can
switch between granular tactical and aggregated strategic perspectives.

• Deliver exportable, publication-quality outputs (plots, Excel) to support further analysis,
forecasting, and procurement rationales.

5.4 Tool overview and usage
This tool provides a robust, end-to-end framework for site-level performance benchmarking of
public EV charging stations (Level-2 and Level-3). It computes and displays key QoE metrics,
such as, the number of EV charging requests, waiting time, utilization, blocking probability, and
site occupancy. The selected metrics can be queried and aggregated monthly or quarterly while
considering a daily time window within the selected year. The average waiting time is estimated
by a discrete event simulator and validated both empirically, using the dataset supplied by our
industrial partner, and theoretically, using queuing models. All other QoE metrics are computed
directly from the empirical dataset. By analyzing these key metrics, the tool delivers granular,
site-speci~c insights, identi~es bottlenecks, and supports optimized resource allocation across
the examined Quebec cities. For the purpose of this thesis, the ~gures and outputs are restricted
to Laval city in Quebec. Running the tool is straightforward: after installing the required de-
pendencies, open the LocalHost Uniform Resource Locator (URL) in a web browser then select
valid input values via the frontend controls (or select the automatic option) to start the analysis,
as shown in Figure 5.1(a).

5.5 Interactive Map Generation
As shown in Figure 5.1(b), the operator should ~rst select an administrative region out of 17
regions in Quebec province. After a region is selected, the Selected City ~eld is populated
automatically with all available cities in that region so the operator can pick the target city. Next,
the operator selects the reporting period, either Quarterly or Monthly. If Quarterly is chosen, the
operator selects a quarter (Q1–Q4); if Monthly is chosen, the operator selects a month. Based
on feedback from our industrial partner, the analysis focuses on the public EV charging activity
during the period [06:00–21:59]. This interval is further divided into four independent four-hour
time windows to capture distinct charging behaviors and congestion patterns: [06:00–09:59],
[10:00–13:59], [14:00–17:59], and [18:00–21:59]. Accordingly, the QoE metrics are computed
for the selected reporting period and time window; thus, the metrics for a given window re�ect
the public EV charging sites performance during that interval.
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(a)

(b)

Figure 5.1: Main front-end views of the developed tool: (a) initial interface showing input controls; (b) generated
map view for a selected city and parameters.

Selecting the quarterly reporting period con~gures the analysis to evaluate the overall charg-
ing site performance across the full daily service window [06:00–21:59], providing a broader
perspective on network e|ciency, reliability, and seasonal trends. This view is particularly
useful for identifying persistent operational bottlenecks or long-term improvements in service
delivery. In contrast, selecting the monthly reporting period enables more granular inspection
of the individual four-hour time windows, allowing operators to analyze short-term variations,
peak-hour EV demand patterns per site, and localized congestion e{ects with higher temporal
precision.

Next, the operator should select the analysis year and choose a primary QoE performance
metric, either utilization (the fraction of time a charging site is busy) or blocking probability
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(a) (b)

Figure 5.2: Generated map view formats supported by the tool: (a) OpenStreetMap view; (b) CartoDB Positron
view.

(the probability that an arriving EV cannot be served immediately). The utilization and block-
ing probability are e|cient primary QoE metrics because they capture complementary sides
of station performance: utilization measures overall capacity use, while blocking probability
measures EV users experience and service availability by indicating the chance an arriving EV
cannot be served immediately.

The selected primary metric is computed at the site level for all Level-2 and Level-3 pub-
lic EV charging sites belonging to our industrial partner in the chosen city. Finally, pressing
the Generate Map button commands the tool to render an OpenStreetMap-based map for the se-
lected options; The generated map view is automatically aligned with the geographic coordinates
(latitude and longitude) representing the center of the selected city.

As an example, Figure 5.1(b) shows the operator’s selections: Region: Laval, City: Laval,
Reporting period: Quarterly, Quarter: Q4, Year: 2023, and Primary performance metric: Uti-
lization. After the operator clicks Generate Map, the tool renders a map of the selected city
centered on Laval. The map’s default basemap is OpenStreetMap (detail-rich); an alternative
basemap, CartoDB Positron (cartodbpositron), suppresses minor details (small roads, tiny POIs)
to place greater emphasis on overlaid analysis layers. The operator may switch between these
map modes at any time using the control panel located in the map’s lower-right corner, as shown
in Figures 5.2(a)-(b).

5.6 Interactive Site Performance and Hexagon-Based Spatial
Aggregation

The tool provides a detailed visualization of our industrial partner’s public EV charging stations
by leveraging the records from their exclusive dataset. The operator can inspect site-level per-
formance by selecting the partner’s EVCS/site markers from the control panel in the lower-right



88

(a)

(b)

Figure 5.3: Map generation and site-level performance (Laval, Q4 2023); (a): Spatial distribution of our industrial
partner Level-2 and Level-3 public EV charging sites.; (b): Example of site-level QoE performance metrics.

corner of the generated map. When this option is activated, the tool automatically displays the
public EV charging sites according to the selected charging levels (L2 and/or L3) speci~ed in
the control panel, as illustrated in Figure 5.3(a) (showing both levels selected simultaneously).

As shown in Figures 5.3(a)-5.3(b), each charging site is plotted at its actual geographic coor-
dinates as a colored circle, where the color encodes the selected QoE metric value (for example,
average utilization per Level-2 and Level-3 site during Q4 2023). A dynamic color bar (bottom-
left of the map) indicates the metric scale and automatically updated according to the selected
QoE indicator (utilization or blocking probability).

Clicking a site marker on the generated map reveals its underlying empirical performance
metrics. These site-level visualizations provide operators with immediate, data-driven insights
into performance and congestion at each site for the selected reporting period (monthly or quar-
terly). Upon clicking a site marker, a popup window presents detailed statistics for the chosen
analysis period (e.g., Q4 2023), as shown in Figure 5.3(b). The displayed metrics include the site
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identi~er (Site ID, omitted from the plot to protect site privacy), average utilization or blocking
probability, total recorded charging sessions (overall and disaggregated by available charging
rates), total energy charged by EVs (kWh), and the number of outlets per charging level at the
analyzed site. These visualizations help infrastructure planners directly identifying areas and
stations that require capacity adjustments or new deployments to alleviate congestion at over-
utilized sites.

The tool also provides a hexagonal choropleth view for spatial aggregation and comparison.
When the operator enables the Hexagon Choropleth from the control panel, as shown in Figure
5.4(a), the tool generates a hexagonal grid centered on the selected city (default coverage: 20 km
from the city center; default hexagon area: 5 km2). Both values are con~gurable.

For each hexagon area (cell), the tool computes a single Weight score Wh: the capacity-
weighted average of the selected primary metric (either site Utilization or site Blocking Prob-
ability) across our industrial partner managed Level-3 sites in the cell. Each station’s primary
metric is weighted by its e{ective L3 capacity (the total rated power available from L3 outlets).
Thus, Wh measures EV demand intensity normalized by L3 capacity, supporting capacity-aware
hotspot detection and the prioritization of infrastructure investments and deployments, as shown
in Figure 5.4(b). The hexagon weight lies in the interval 0 ≤ Wh ≤ 1. BecauseWh is a capacity-
weighted average of utilization or blocking probability metrics that are themselves bounded in
[0, 1], values closer to 1 indicate higher charging activity per cell and a greater likelihood of
congestion within the hexagon during the analyzed period. Conversely, Wh = 0 denotes either
no measured activity or zero e{ective L3 capacity in the cell, while Wh = 1 implies that the
selected primary metric is at its maximum across the hexagon’s capacity.

Mathematically, for a hexagon h with sites set Sh, let mi denote the average primary metric
for site i over the selected period (monthly or quarterly) and let Ci denote site i’s L3 capacity
(e.g., sum of outlet-rated powers in kW). The hexagon weight Wh is computed as the capacity-
weighted average:

Wh =





∑
i∈Sh

mi Ci∑
i∈Sh

Ci

, if
∑

i∈Sh
Ci > 0,

0, if Sh = ∅ or
∑

i∈Sh
Ci = 0.

In addition, the tool can overlay surrounding amenities or points of interest (POIs) on the
generated map, enabling the operator to visualize the local service context and assess site suit-
ability for expansion. Relevant amenities for this research include parking areas/facilities, social
hubs (restaurants, cafés, shopping malls), and EV charging stations operated by other providers.
Displaying these layers helps the operator validate candidate locations, compare actual charging
activity with expected footfall, and prioritize new deployments in areas with high tra|c volumes
and anticipated EV penetration.
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(a) (b)

Figure 5.4: Hexagon-layer map visualization (Laval, Q4 2023); (a): Hexagon layer applied to our industrial partner
Level-2 and Level-3 public EV charging sites map.; (b): Example of computed hexagon weights.

Figures 5.5 (a-b) show the distribution of available parking spots in Laval city during the se-
lected analysis period (e.g., Q4 2023). As shown in Figure 5.5(a), clicking on a parking marker
displays its corresponding OpenStreetMap metadata, which provides detailed information about
each parking site. The OpenStreetMap view presents the precise locations of these parking ar-
eas and their surrounding environments, as shown in Figure 5.5(b), enabling service providers
to identify optimal locations for new deployments or network expansions. Equivalent visual-
izations are available for social hubs and competing EV public charging vendors (e.g., FLO),
allowing the operator to assess vendor dominance and the competitive landscape as shown in
Figures 5.5(c,d), respectively.

Also, as shown in Figure 5.6, the tool allows users to select options from the right-side con-
trol panel to display combined (mixed) views of multiple layers, such as our industrial partner
charging stations, parking areas, social hubs, and competing vendors. This integrated visu-
alization provides a broader neighborhood perspective, helping to identify optimal candidate
locations that enhance accessibility and attract more EV users. The customized mixed view al-
lows the operator to display and evaluate the spatial distribution of our industrial partner public
EV charging stations relative to surrounding amenities and other service providers. This vi-
sualization is essential for identifying deployment overlaps, assessing spatial service balance,
evaluating our industrial partner infrastructure performance in the context of competing charg-
ing sites operated by other vendors, and analyzing accessibility to support informed planning
decisions.

In addition, the map right-side control panel allows the operator to toggle Level-2 and Level-
3 our partner’s sites and amenities independently or jointly, and to activate supplementary vi-
sualization layers such as cluster views, as shown in Figures 5.7(a)–(d). These clusters aggre-
gate counts by station or amenity type and by district. This clustered view enables operators to
quickly identify spatial patterns, for example, areas with dense parking facilities, social hubs,
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(a) (b)

(c) (d)

Figure 5.5: POIs-overlay and competing service providers views with clickable OSM metadata shown (Laval, Q4
2023); (a): CartoDB Positron overview with parking facilities; (b): OpenStreetMap zoom for a selected parking
zone; (c): zoomed-in social-hubs (restaurants, cafés, malls); (d): comparative view of our industrial partner and
other public EV charging sites providers.

Figure 5.6: Combined marker overlay illustrating parking facilities, social hubs, our industrial partner’s public
EV charging stations, and those of other service providers within a selected Laval zone (Q4 2023). The right-side
control panel enables mixed views of multiple layers to assess spatial relationships and candidate deployment areas.
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(a) (b)

(c) (d)

Figure 5.7: Clustered EV stations view and POIs (Laval, Q4 2023); (a): Clustered view of our industrial partner
(L2/L3) public EV charging stations.; (b): Clustered view of parking facilities.; (c): Clustered view of social hubs.;
(d): Clustered view of other public EV charging stations service providers.

or competing charging providers, and to highlight active hotspots of public EV charging and
service gaps within the existing network. Visualizing these clusters is therefore essential for as-
sessing potential EV demand, understanding user mobility �ows, and identifying underserved
or oversaturated regions; consequently, operators can make more informed and balanced deci-
sions when prioritizing new EV charging deployments and coordinating infrastructure planning
across the city.

It is worth noting that this tool is primarily intended to transform empirical records of the
examined public EV charging infrastructure from raw data into human-friendly, reliable visu-
alizations that support the core analyses performed by our industrial partner and infrastructure
planners. The tool is not designed to carry out actual resizing, expansion, or deployment on
behalf of service providers or planners, since those decisions require detailed information about
the power-grid status, site-speci~c capabilities, and the organizations’ own maintenance and
deployment standards and policies, which are not available at this stage of the thesis.
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Figure 5.8: Illustration of the detailed-analysis interface, generated following the primary analysis map, showing
per-site and per-city analysis options, available QoE performance metrics, and additional parameters.

5.7 Public EV Charging Performance at Site and City Levels
(QoE)

5.7.1 Site Level Analysis

After generating the initial map analysis for a selected city (e.g., Laval), as discussed in section
5.5, the operator can request a detailed analysis at either the site or city level through the detailed-
analysis form interface, as shown in Figure 5.8. This form is automatically displayed once the
tool has successfully generated the primary analysis discussed in Section 5.5.

When the Site option is selected, as shown in Figure 5.8, the operator can choose one or
more site identi~ers (IDs) from the Select Charging Site ID list box. The actual Site ID values
shown in the generated form snapshot are masked to preserve the privacy and con~dentiality of
the examined sites.

The tool automatically ~lls the Select Charging Site ID list box with the active Level-3 (fast-
charging) site IDs that were operational during the selected reporting period (e.g., Q4 2023);
sites that were o}ine or under maintenance during that period are excluded. Per our industrial
partner requirements, the detailed-site analysis focuses on Level-3 sites, so Level-2 sites are not
available in this stage. The detailed analysis form also requires the operator to specify:

• Select Year: one or multiple years (multi-select allowed).
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• Select Metric: one or more QoE metrics to report per site.

• Select Time Window: the daily time window(s) for analysis (e.g., 06:00–09:59, 10:00–
13:59, etc.).

• Select Period Division: Monthly or Quarterly aggregation.

• Select Daily Category: Business days, Weekends, or All days.

• Format: output format for results (Excel sheet and/or plot).

The QoE metrics available for detailed analysis of public EV charging sites are de~ned as
follows:

• Avg. utilization: Mean fraction of time the site (or its charging outlets) is busy during
the selected period.

• Total number of sessions: The count of charging sessions that both started and ended
within the selected period at the selected site.

• Total energy (kWh): The total energy delivered by all charging sessions that both started
and ended within the selected period at the selected site.

• Avg. blocking probability: Average probability that an arriving EV cannot begin charg-
ing immediately during the selected period at the selected site.

• Avg. waiting time: The mean delay (in minutes) prior to service initiation for EVs at the
selected site during the chosen period. Waiting time values are estimated using a discrete-
event simulator based on an M/G/C/K queueing model and averaged over the analysis
period.

• Estimated maximum Avg. waiting time: The maximum average waiting time (in min-
utes) generated by the discrete-event simulator implementing M/G/C/K queueing model,
during the speci~ed period for the selected site.

• Estimated minimum Avg. waiting time: The minimum average waiting time (in min-
utes) generated by the discrete-event simulator implementing M/G/C/K queueing model,
during the speci~ed period for the selected site.

• Avg. service time: Mean duration of a recorded charging session (in minutes), averaged
over all sessions in the selected period for the selected site.
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• Avg. energy per session (kWh/session): The total energy (kWh) delivered divided by the
number of sessions that both started and ended during the selected period at the selected
site. This metric indicates the typical energy consumption per EV at the site and reveals
EVs charging behavior patterns.

• Peak load factor: A ratio value that quanti~es how continuously site capacity is used.
It is de~ned as the average power charged by EVs over the reporting period divided by
the peak power observed and provided by the site during the same period. Reported as a
percentage. A higher value indicates the site operates closer to its peak for a larger fraction
of time (higher utilization); a lower value indicates demand is concentrated in short peaks
(low utilization).

Peak load factor =
Average power over period (kW)
Peak power during period (kW)

=

Total energy during period (kWh)
Period duration (h)

Peak power (kW)

• Number of active days: The count of days within the selected period that had at least one
recorded charging session at the selected site. This metric re�ects the frequency of use,
accessibility, and reliability of the public EV charging service.

• Avg. daily total energy: The average amount of energy (kWh) charged by EVs per active
day during the selected period at the speci~ed site. It is computed by dividing the total
energy charged into EVs by the number of active days within the period. This metric
re�ects the typical daily EV energy demand at the site and can indicate usage intensity
and overall site activity.

• Avg. daily total number of sessions: The average number of charging sessions per active
day during the selected period at the selected site, computed by dividing the total number
of sessions by the number of active days. This metric re�ects the averaged daily usage
frequency, site accessibility, throughput, and overall demand patterns.

• Occupancy of N outlet(s): The fraction of time that N fast-charging outlets are occupied
during the selected period at the selected site. This metric indicates how e|ciently the
charging outlets are utilized and highlights periods of peak demand or potential conges-
tion.

• Avg. charging rate (kW): The average charging power per session during the selected
period at the selected site, computed as the total energy delivered (kWh) divided by the
total service time (hours) for all recorded sessions. This metric indicates the typical power
delivered to vehicles and provides insight into charging e|ciency and the performance of
the site’s infrastructure.
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• Num. of days with > 70% utilization: The number of active days during the selected
period at the selected site where the site’s recorded average utilization is higher than 70%.
This metric highlights periods of sustained high demand, signaling potential capacity con-
straints. The 70% threshold is recommended by our industrial partner and is commonly
used in operations research to indicate that a resource is approaching full capacity while
still allowing for manageable operational �exibility.

• Num. of days with > 30% blocking probability: The number of active days during
the selected period where the site’s blocking probability is higher than 30%. This met-
ric identi~es days with signi~cant service denial, re�ecting congestion and potential user
dissatisfaction. The 30% threshold is recommended by our industrial partner and is used
to �ag days where the probability of EVs being denied service is operationally critical,
warranting attention for planning or expansion.

• Ending SoC > 80%: The percentage of recorded sessions during the selected period at
the selected site where sessions ended with a battery state of charge (SoC) greater than
80%. This metric indicates the frequency of near-top-up charging behavior, which can
reduce e{ective charging power and extend session durations, impacting site throughput
and operational e|ciency.

• Ending SoC > 90%: The percentage of recorded sessions during the selected period at
the selected site where sessions ended with a battery state of charge (SoC) greater than
90%. This metric highlights the prevalence of sessions reaching near-full charge, often
associated with prolonged dwell times, increased queueing, and potential congestion at
the site.

• Starting SoC < 50%: The percentage of recorded sessions during the selected period at
the selected site in which the battery’s state of charge (SoC) was below 50% at the start
of the session. This metric provides insight into moderately low starting charge patterns,
helping assess typical user charging behavior and identify opportunities for improving
station utilization or planning supplementary capacity.

• Starting SoC < 30%: The percentage of recorded sessions during the selected period
at the selected site in which the battery’s state of charge (SoC) was below 30% at the
start of the session. This metric may re�ects potential accessibility limitations of nearby
public EV charging infrastructure, gaps in user pre-charging behavior, or insu|cient user
awareness of battery management. Frequent low-SoC sessions may indicate that EV users
are often forced to charge at critically low battery levels; it can also result from high vehicle
utilization and long-distance travel patterns that naturally deplete batteries before charging
opportunities arise.
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• Avg. SoC delta (∆SoC): Average increase in battery State of Charge per session at the
selected site during the selected period, calculated as the di{erence between ending SoC
and starting SoC (ending SoC − starting SoC), averaged across all sessions. This metric
re�ects the typical energy delivered per charging session and provides insight into EV
user charging patterns. In the context of fast chargers, ∆SoC values are often constrained
by practical limits, most EV users typically charge up to 80% to optimize charging time
and battery health. Therefore, unusually low ∆SoC values may indicate short top-up
sessions or partial charging behavior, while values approaching the upper bound indiate
full utilization of the charger’s capacity.

When the operator ~nishes ~lling in the required options in the form shown in Figure 5.8
and clicks the Generate Analysis button, the tool exports the requested results as Excel ~les
and/or ready to view plots. This allows the operator to immediately inspect, save, or import the
results into external tools for further analysis. This work�ow enables infrastructure planners to
compare site-level performance over time, prioritize capacity expansions or new deployments,
and consider surrounding amenities and competing providers when making decisions.

5.7.1.1 A Case Study: QoE Assessment of Congestion and Seasonal Dynamics at a Real
Public EV Charging Site

For clarity, this section presents a representative set of QoE performance metrics generated by
the tool for two anonymized public EV charging sites. Both sites are Level-3 (fast-charging)
stations, each equipped with a 50 kW outlet. To protect con~dentiality, the sites are referred to
as Site xxxx and Site yyyy, respectively, rather than by their actual identi~ers. Both examined sites
are operated by our industrial partner and located in City xxyy, Québec. Speci~cally, Site xxxx
is situated in a mall area, while Site yyyy is located near a major university, with approximately
6 km (or about 10 minutes drive by car) separating them. Both sites typically experience high
tra|c due to their surrounding contexts. To streamline the discussion and avoid redundancy,
this section focuses primarily on the QoE metrics of Site xxxx, emphasizing the correlations
among these metrics and analyzing EV users’ behavior and performance during public charging
sessions.

The analysis in this section pursues two main objectives: (1) to demonstrate the tool’s ability
to generate a clear, reliable assessment or view of the performance of our industrial partner
managed public EV charging sites; and (2) to characterize EV user experience at an individual
site by tracing a few QoE metrics introduced earlier in this chapter. By examining the resulting
session-level and derived QoE measures, this section provides a logical, stepwise account of
charging service at the examined Site. Finally, we identify and quantify meaningful correlations
among these QoE metrics so the ~ndings provide a robust, evidence-based assessment of the
site’s service performance and guide interpretation and further analysis.
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Figure 5.9: Detailed visualization of QoE metrics for Site xxxx in 2023. Metrics are computed using monthly
aggregation across all days and the daily time window 14:00–18:00, representing the site’s busiest period. Each
plot shows the corresponding metric on the y-axis and monthly intervals on the x-axis.

Figure 5.9 displays the key QoE performance metrics queried via the tool interface described
in section 5.6 and illustrated in Figure 5.8. All plots in Figure 5.9 were generated by the tool
for Site xxxx during 2023, using monthly aggregation across all days (weekdays and weekends)
and the daily time window 14:00–18:00. This time window was selected because it corresponds
to the site’s busiest period and is therefore the most relevant interval for assessing the resulting
QoE.

Each generated plot in Figure 5.9 is titled with the corresponding QoE metric name; the
y-axis shows the metric values (with units) and the x-axis represents the monthly time intervals
for the examined year.

The right-side control panel (highlighted by the red square in Figure 5.9) allows the operator
to activate or deactivate individual metric trends on the plots. Within the control panel, each
trend is identi~ed by the Site_ID, the QoE metric name, and the analyzed year. The utility of
this control panel becomes especially clear when multiple sites and multiple years are selected
for comparison.

As an example, Figure 5.10 presents detailed QoE performance results generated by the tool
for Site xxxx and Site yyyy over the 2022–2023 period. For each site, the tool reports the monthly
aggregated averages of utilization and total energy charged by EVs; both sites operate a public
fast-charging outlet with a total capacity of 50 kW per site. Because both sites have identical
installed capacity and are located in close proximity, they form an ideal pair for comparative
analysis. This comparison highlights the in�uence of local EV demand patterns, land use, and
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Figure 5.10: Monthly Avg. of utilization and total energy charged by EVs for Site xxxx and Site yyyy during 2022–
2023. Both sites operate public fast-charging stations with 50 kW total capacity each and are located approximately
3 km apart. This ~gure illustrates site-level comparative analysis, enabling operators to examine month-to-month
utilization, aggregate energy, and seasonal or spatial variations in performance.

operator practices at each site, and also facilitates the investigation of possible spatial spillover
e{ects. Figure 5.10 further illustrates the tool’s �exibility, where operators can focus the analysis
on a speci~c subset of metrics or sites even when the original query spans multiple years, sites,
and QoE performance dimensions.

When the tool generates the site-level detailed analysis using the parameters that can be
selected in the detailed analysis form shown in Figure 5.8 and discussed in Section 5.6, each
generated metric plot initially displays the full set of trend lines for every site and year selected
in the detailed-analysis form. Operators can re~ne the view by toggling individual series on or
o{ via the right-hand control panel (outlined in red in Figure 5.10). For example, the utilization
plot in Figure 5.10 shows the monthly utilization for Site xxxx during 2022–2023; the utilization
series for Site yyyy is grayed out because it was deactivated in the control panel located at the
top of the ~gure. This ~ltered view makes it easy to compare month-to-month utilization for the
same site across the selected years. Similarly, the total energy plot presents the aggregate energy
charged at Sites xxxx and yyyy during 2023, enabling direct comparison of charging volumes
and supporting data-driven decisions about site expansion or nearby infrastructure investment.
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As shown in Figure 5.10, the interactive view enables the operator to trace each metric’s
behavior per site by activating the desired series in the right-hand control panel. By toggling
series on or o{, an operator can compare related trends simultaneously, for example, month-by-
month utilization and total charged energy for a single site across the same year, or the same
metric for multiple years to reveal seasonal shifts. The tool also applies consistent color-coding:
all metrics that belong to the same site and year use the same color to simplify visual mapping
and trend tracing. For instance, in Figure 5.10, the utilization and total energy plots for Site
xxxx in 2023 are both displayed in yellow, making that site’s performance easy to follow across
di{erent plots. Additional metric series can be enabled as needed to deepen the analysis using
the control panel highlighted in red in Figure 5.10.

Moving forward to the core analysis in this section, a systematic and empirical assessment
of Site xxxx’s performance is conducted using a staged analysis �ow derived from the main re-
sulting metric plots shown in Figure 5.9. This analysis begins with a primary QoE performance
metric: utilization. The utilization metric is calculated from the site’s charging records as the ra-
tio of total occupied charging time to the total available service window for the analyzed period.
It serves as an e{ective ~rst-order indicator because it (a) directly re�ects congestion pressure
at the charging site, (b) is straightforward to compute and interpret, and (c) is relatively insensi-
tive to individual extreme sessions compared with some other metrics. Other QoE metrics are
computed empirically from the same records, with the notable exception of the waiting time,
which is estimated via a discrete-event simulation implementing an M/G/C/K queueing model.
Accordingly, the utilization metric is selected as the initial focal point for Site xxxx analysis,
providing an accessible entry point before deeper inspection of other derived metrics.

(a) (b) (c)

Figure 5.11: Detailed site-level performance analysis for Site xxxx in 2023. The metrics show: (a): average of
utilization.; (b): average of waiting time.; (c): average of blocking probability.

As shown in the utilization plot in Figure 5.11(a), the recorded average of utilization at
Site xxxx increases notably during the cold season (October–December) compared to the warmer
months (April–August). This pattern is expected. Low ambient temperatures increase EV en-
ergy demand for cabin heating and battery thermal management, reduce battery e|ciency and
e{ective range, and often prompt drivers to precondition or recharge more frequently. Those
e{ects lengthen the individual charging sessions and raise energy delivered per session, which
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together drive higher outlet occupancy and hence higher utilization. In addition, EV charging
sites located near high-tra|c amenities (such as shopping malls) typically see larger and more
frequent visits, especially in colder months when people consolidate trips, further increasing
utilization at the examined mall site.

The estimated average waiting time at Site xxxx, as shown in Figure 5.11(b), provides as a
direct, user-centered indicator of service experience and operational stress. Longer waits gen-
erally correspond to lower perceived service quality. From a queueing perspective, the aver-
age waiting time re�ects the balance between arrival rate and e{ective service capacity and is
highly sensitive to variability in arrivals and service durations; consequently, modest increases
in utilization near capacity can generate disproportionate increases in waiting time. The wait-
ing time estimates reported here were generated by a discrete-event simulation implementing an
M/G/C/K queueing model. Thus, the estimated average waiting time is indicative of changes in
average queue length and in the rate at which the queue clears under the site’s observed condi-
tions. Together, the utilization and waiting-time traces give a coherent, grounded view of the
site’s congestion dynamics and user experience over the year.

(a) (b) (c)

Figure 5.12: Detailed site-level performance analysis for Site_ID_xxxx in 2023. The metrics represent the number
of days during the analyzed period when: (a): Avg. of utilization exceeded 70%.; (b): Avg. of blocking probability
exceeded 30%. And (c): the ratio of EV charging sessions started with a battery state of charge below 50%.

Also, as shown in Figure 5.11(b), the average waiting time trend closely mirrors other QoE
metrics, primarily utilization and blocking probability, shown in Figures 5.11(a) and (c). This co-
movement arises because those metrics share common underlying drivers, such as the intensity
of EV charging requests, the service time distribution, seasonal demand shifts, and peak-hour
e{ects. Also, at Site xxxx, a single 50 kW outlet means time-averaged blocking and utilization
e{ectively coincide, when the outlet is occupied, the site is both utilized and blocked. In addition,
an upward shift in mean utilization naturally increases the number of days exceeding thresholds
(e.g., utilization> 70% or blocking probability> 30%), explaining the rise in exceedance counts
shown in Figures 5.12(a)-(b).

In addition, Figure 5.12(c) reports the proportion of sessions that start with battery SoC be-
low 50%. The plot reveals a distinctive winter charging pattern (October–December): although
the share of sessions that begin below 50% declines in the cold months, the share of sessions
terminating above 80% SoC also falls, as shown in Figure 5.13(a). Moreover, the computed
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average di{erence between the starting and ending state of charge (SoC) rises gradually from
September through November, reaching a December maximum that does not exceed 36% as
shown in Figure 5.13(b), indicating reduced variability in session termination levels. Collec-
tively, these performance signals indicate a shift toward more frequent short “top-up” charging
sessions, predominantly observed in December: More EV drivers arrive with moderate SoC,
add a modest amount of energy, and depart before the slow ~nal phase of charging.

(a) (b) (c)

Figure 5.13: Detailed site-level performance analysis for Site_ID_xxxx in 2023. Metrics include: (a) the percentage
of sessions ending above 80% state of charge (SoC).; (b) the average di{erence between starting and ending (SoC)
across recorded sessions.; and (c) the total number of recorded charging sessions.

(a) (b) (c)

Figure 5.14: Detailed site-level performance analysis for Site_ID_xxxx in 2023. Metrics include: (a): total energy
charged by EVs.; (b): average service time per session.; and (c): average peak load factor.

Two factors likely drive this behavior. First, physical/technical constraints. Cold ambient
temperatures reduce battery acceptance and e{ective range, and most DC-fast protocols reduce
power as SoC climbs, making the ~nal 10–20% of charge much slower; the fast-charging rate
typically tapers dramatically beyond ≈ 80% SoC. In cold conditions, staying outdoors while
charging is uncomfortable and the time cost of the tapered ~nal phase rises, so EV drivers tend
to abandon charging before reaching > 80% SoC at the examined site xxxx. This both lowers the
fraction of sessions ending above 80% and reduces the per-session SoC delta. Second, behavioral
factors. Winter trip patterns (holiday shopping) and consolidated errands, which generate intra-
week demand spikes, together with comfort considerations, these factors increase the incidence
of short stops at the mall charger, with the number of sessions peaking in December 2023, as
shown in Figure 5.13(c). Consequently, an apparent paradox emerges in December 2023: the site
records more charging sessions but smaller average increases in the SoCs of EVs. This paradox
is reconciled by total energy delivered: despite reduced per-session SoC gains, the substantially



103

higher session count produces a net increase in energy dispensed at Site xxxx in December, as
shown in Figure 5.14(a).

Proceeding, ~gure 5.14(b) shows that the average service time peaks during the coldest
months (January–February), reaching approximately 37.3 minutes. As shown in Figure 5.11(b),
the estimated average waiting time also peaks at about 11.6 minutes. The number of recorded
sessions declines during extreme cold, dropping to 97 in February, as shown in Figure 5.13(c).
Utilization and blocking probability metrics capture the impact of these longer sessions when
they occur, as shown in Figures 5.11(a) and (c), respectively.

By contrast, as shown in Figure 5.13(c), Site xxxx shows an increase in session count from
October to December (approximately 114–134 sessions). Over the same period, the estimated
average waiting time rises moderately from 12.3 to 13.2 minutes, while the average service time
remains near 35 minutes, as shown in Figures 5.11(b) and 5.14(b), respectively. Similarly, as
shown in Figure 5.11(a), the recorded utilization increases to roughly 0.47–0.59 between October
and December, compared with values below 0.50 in January–February. Accordingly, the peak
load factor (PLF) also rises steadily from 0.38 to 0.41 between October and the end of December,
versus values below 0.29 during January–February, as shown in Figure 5.14(c).

As a result, the observed Peak Load Factor (PLF) provides meaningful insight into site xxxx’s
e|ciency and performance. PLF is the ratio of average power drawn by EVs to the peak power
available at the charging site over the reporting period; a higher PLF (approaching 1) indicates
more sustained loading during peak times and therefore more e|cient use of installed capacity.
However, an elevated PLF also implies reduced operational headroom and greater temporal stress
on the system, which can increase the likelihood of congestion and longer queues. Thus, the
October–December increase in PLF indicates that the site operated more e|ciently but under
greater load pressure, consistent with the observed rise in session count and estimated average
waiting time.

(a) (b)

Figure 5.15: Detailed site-level performance analysis for Site_ID_xxxx in 2023. Metrics include: (a) the percentage
of sessions ending with a state of charge (SoC) above 90%.; and (b) the percentage of sessions starting with a state
of charge (SoC) below 30%.

Proceeding, between April and the end of June, Site xxxx recorded a marked increase in the
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proportion of sessions that terminate above 90% SoC, as shown in Figure 5.15(a). This pattern
is best explained by longer average dwell times at the mall; reduced site-level congestion (the
number of recorded sessions decreases notably during April–June, as shown in Figure 5.13(c),
and improved charging throughput associated with warmer ambient and battery temperatures.
Longer charging visits with fewer queued users allow vehicles to remain connected through the
charging taper. At the same time, elevated cell temperatures increase the e{ective charging
power and delay the onset of tapering. Together, these factors enable typical sessions to reach
higher terminal SoC values, thereby increasing the recorded average SoC delta over the same
period (April–June), as shown in Figure 5.13(b). Service related factors (e.g., temporary pro-
motions or improved charger reliability) and a seasonal shift toward destination shopping rather
than short-stay top-ups may further amplify this e{ect. Also, the share of sessions that begin
below 30% SoC increases markedly between August and October, as shown in Figure 5.15(b).
This rise is consistent with end-of-summer travel and the resumption of term-time commuting,
which increase the incidence of drivers arriving after long antecedent trips or following a full
day’s use with depleted batteries.

In conclusion, extending the same QoE analysis across a broader set of public charging
locations both enriches and establishes a robust empirical benchmark of public EV user pref-
erences. Also, from a su|ciently large multi-site dataset we can derive empirical probability
distributions that describe how drivers select public EV stations as a function of season and lo-
cation. Those empirically derived distributions provide realistic inputs for academic research
and planning models, and avoid the misleading use of ad-hoc or random choice distributions.
At the same time, the site-level analysis presented here characterizes EV user behavior at Site
xxxx and therefore may not generalize to locations with di{erent fast-charging capacities, local
conditions, land-use types, or site characteristics. Per-site examination, however, provides a re-
liable, time-resolved view of local performance and implicitly captures congestion trends driven
by the increasing penetration of EVs within the examined city or across the province of Que-
bec. Extending the QoE analysis across many sites yields a more complete picture of how QoE
evolves over time and how changes correlate between sites; those cross-site correlations can di-
rectly inform service providers and infrastructure planners when evaluating network expansion
and deployment scenarios. Finally, a clear understanding of spatial and seasonal variation in
public EV charging behavior helps service providers and operators monitor and sustain EV user
satisfaction during the public EV charging service.

5.7.2 City Level Analysis

When the City option is selected in the detailed analysis (Figure 5.16), the tool reports met-
rics that summarize EV users’ charging preferences and the rollout progress of our industrial
partner’s publicly managed charging infrastructure across the entire city. Metrics are organized
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by charging level (L2 vs L3) and reported as the number of charging sessions and the number
of deployed outlets for each level. For this section, these metrics are presented on a monthly
cadence across the full evaluation period rather than as quarterly aggregates, which provides
higher temporal resolution and greater operational usefulness.

Figure 5.16: City-level analysis form for generating performance metrics of the selected city.

The selected period division is set to a monthly cadence. A monthly view reveals short-term
demand shifts by uncovering usage-pattern changes that quarterly aggregates can mask, and it
enables faster anomaly detection, for example, sudden increases in sessions, equipment faults,
or atypical behavior following deployments or incentives, so operators can respond sooner. This
~ner granularity also supports targeted operations: maintenance, sta|ng, and local outreach can
be scheduled to match observed month-to-month EV demand. Monthly inputs improve forecast-
ing responsiveness by supplying more up-to-date data for models, facilitating rolling adjustments
to deployment plans. Finally, monthly series better highlight seasonality and event sensitivity,
exposing seasonal cycles, holiday or event e{ects, and weather-related �uctuations more clearly
than quarterly data. Quarterly aggregation remains useful for high-level, strategic reporting and
long-term trend assessment, but the monthly cadence provides provides more speci~c insights
needed for timely, evidence-based decisions at the city level.

Proceeding to the description of the selected options in the Detailed Analysis form shown in
Figure 5.16, the Select Days ~lter is set to All days to capture overall behavioral patterns across
both business days and weekends, rather than isolating speci~c day categories.

The requested metrics are provided in a time-series format so that trends in L2 and L3 ses-
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sions can be examined in parallel with our industrial partner infrastructure rollout, two indepen-
dent panels, as shown in Figure 5.17. The deployment of public EV infrastructure is represented
as the count of available outlets by charging level rather than by individual site, providing a com-
plementary view organized by users’ charging preferences, as re�ected in the number of Level-2
and Level-3 sessions.

The results are shown chronologically from the earliest record in the dataset through the
most recent available charging event for the examined city (e.g., Laval), enabling a continuous
view of the public EV infrastructure evolution over the selected reporting cadence (monthly). In
addition, the chronological presentation of the monthly sessions and deployments also permits
a clear assessment of the network’s accessibility and operational e|ciency.

This city-level presentation yields multiple operational and planning advantages: it reveals
how user preference shifts between L2 and L3 as infrastructure expands; highlights peak demand
periods and seasonal patterns; identi~es capacity shortfalls or over-provisioning and rising con-
gestion risk at the outlet level; supports equitable and targeted deployment by exposing spatial or
temporal imbalances; and improves forecasting, maintenance scheduling, and operational plan-
ning. Altogether, the city-level time-series view supports evidence-based decisions for future
deployments, incentive design, and performance monitoring of the public EV charging network.
As shown in Figure 5.17, from 2018 through 2023, the examined city experienced strong and
accelerating growth in public EV charging demand, with the most pronounced surge occurring
in late 2023. Although the number of deployed charging outlets increased steadily in discrete
steps over the same period, the deployment did not keep pace with the rapid rise in sessions
during 2023. As a result, it is highly expected that the utilization per outlet increased substan-
tially, generating heightened congestion risk. Notably, Level-3 sessions grew proportionally
faster than Level-2 sessions, while Level-3 outlets continue to represent a much smaller share of
the public charging network. Several factors likely explain these patterns. Rising EV adoption
on the roads of the examined city and more frequent public charging per EV are primary demand
drivers, and an observable behavioral shift toward faster charging, re�ected by the faster growth
in L3 sessions, suggests drivers increasingly favor quick-charge options. Also, as shown in Fig-
ure 5.17, the stepwise, planned nature of outlet deployments created a lag between supply and
demand, which became most evident during the late-2023 spike. In addition, recurring monthly
peaks point to seasonal or event-driven variation in EV demand that ampli~es these imbalances
at predictable intervals.

Taken together, these trends imply near-term capacity stress and elevated operational risk
at high-utilization sites. The combination of rapidly rising sessions, underrepresented level-3
capacity, and seasonal peaks argues for targeted Level-3 expansion at hotspot locations, more
proactive EV demand management measures (e.g., time limits, dynamic pricing, reservations,
and deployment of advanced high-rate chargers), and closer monitoring of site-level performance
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Figure 5.17: Monthly charging metrics for Laval (2023). Top panel: number of charging sessions by level (Level-2,
Level-3) and total sessions. Bottom panel: number of deployed charging outlets by level (Level-2, Level-3) and
total outlets. The x-axis denotes months in format YYM# (e.g., 18M1–23M12), representing sequential months from
2018 to 2023.

to reduce queuing and preserve quality of experience of EV users.

5.8 Conclusion
This chapter presents an interactive, operator-focused mapping and analysis tool that converts
empirical charging-session records into easy-to-interpret spatio-temporal intelligence for as-
sessing EV users QoE and Infrastructure planning of the public EV charging in Quebec. The
tool supports con~gurable temporal granularity (monthly, quarterly, daily time windows), per-
site QoE metrics (utilization, blocking probability, waiting-time, state-of-charge statistics, PLF,
etc.), amenity and service competitor overlays, and a hexagonal choropleth map view for iden-
tifying hot spots of public EV charging. Together, these features close three gaps identi~ed
for our industrial partner and similar operators: (1) ~ne-grained visibility into when and where
congestion occurs; (2) capacity-aware spatial comparisons that fairly prioritize L3 investments
considering L2 charging; and (3) contextualized siting intelligence that links charging perfor-
mance to local land use and competitive conditions.
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The tool generates evidence that supports both tactical and strategic decision-making. Tac-
tically, it enables earlier detection of peak-month/quarter and seasonal congestion patterns, bet-
ter scheduling of maintenance and on-site interventions, and targeted EV demand-management
measures, for example, time limits, dynamic pricing, reservation policies, or deployment of ad-
vanced high-rate chargers that can be designed and implemented by operators to target speci~c
time windows and congestion hotspots. Strategically, capacity-weighted hexagon aggregation
and per-site QoE summaries support cost-e{ective prioritization of L3 expansions, defensible
resource allocation, and stronger justi~cation for coordinated grid-level feasibility studies. The
case study discussed in this chapter demonstrates the value of combining empirical charging
session records to deliver user-centered performance assessment at both the site and city scale.
At the same time, the tool has practical limits that frame its immediate applicability. It syn-
thesizes only the available session records and OpenStreetMap (OSM)-sourced context layers;
it does not and cannot substitute for site-speci~c grid constraints, real-time network state, or
operator policies that govern actual deployments. Privacy and data quality considerations (site
anonymization, o}ine/maintenance ~ltering, SoC measurement variability) require continued
attention.

Finally, waiting-time estimates depend on the ~delity of the ~tted service-time models and
on the assumptions embedded in the discrete-event simulation. This dependence arises because
current public EV reservation systems typically do not record actual vehicle arrival times at
charging sites; without recorded arrivals, the pre-charge waiting time cannot be measured em-
pirically and must be inferred from modeled service times and simulated queue dynamics. As a
result, waiting-time outputs should be interpreted cautiously and validated against direct arrival
data if and when those data become available.



Chapter 6
A Novel Data-driven Incentive-based Charg-
ing Service Truncation Scheme to Improve
the QoS Performance of Public EV Charg-
ing Stations

6.1 Data-Driven Problem Overview, Motivation and State-
ment

Driven by realistic data collected from major Québec operators and provided through our in-
dustrial partner, this study presents a comprehensive chronological analysis of the Public-EV
Charging Station (P-EVCS) deployments across six major Québec cities. For illustrative pur-
poses, Figure 6.1(c) shows how P-EVCS deployments evolved in one of these cities, using annual
map snapshots captured at the end of each fourth quarter from 2019 to 20231. The maps high-
light the number and locations of deployed P-EVCSs, revealing signi~cant regional variations
in deployment strategies and outcomes as shown in Figure 6.1. For instance, City A experienced
the most signi~cant expansion, growing from approximately 4352 sites in 2019 to about 783 in
2023. In contrast, City B showed more modest growth, increasing from 9 sites in 2019 to 28
sites in 2023. Other cities displayed diverse growth patterns, re�ecting unique urban deploy-
ment strategies and the evolving EV users’ charging demands. These variations underscore the
importance of tailoring deployment approaches to meet region-speci~c demands e{ectively. By
focusing on key sites (highlighted as red squares on the maps), we tracked performance over
time, with a particular emphasis on average waiting time (W ), a critical QoS metric. Figure
6.1(b) captures the yearly variations in W at these selected sites alongside deployment data Fig-
ure 6.1(c) and EV penetration rates Figure 6.1(d). This comparison highlights the relationship

1Data snapshots begin in 2019 as a stable benchmark year, preceding COVID-19 disruptions to economic activ-
ities, transportation, and EV adoption, Data from 2020 is excluded for clarity due to pandemic-related �uctuations.

2For clarity and ~t of the ~gures, the number of sites being too large has been represented using a logarithmic
scale.
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(a) Chronological evolution of P-EVCS deployments (Map View).

(b) Chronological evolution of P-EVCS Avg. Waiting Time.

(c) Chronological evolution of P-EVCS deployments.

(d) Chronological evolution of EV penetration.

Figure 6.1: Chronological evolution visualized through: (a) a map view, and trends in (b) average waiting time, (c)
P-EVCS deployments, and (d) EV penetration analysis.

between infrastructure growth and user experience. Notably, ~ve of the six sites are located in
high-tra|c areas, such as shopping malls and restaurants, attracting a diverse array of EV users
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and providing insights into charging behavior under high-demand conditions. The selected sites
generally o{ered consistent charging capabilities, enabling controlled comparisons across loca-
tions. However, one site initially equipped with two 50 kW fast-charging outlets provided unique
insights into the potential bene~ts of doubling outlet capacity. This con~guration demonstrated
improved QoS by reducing service overload and waiting times, particularly during peak peri-
ods. In contrast, a site located in a touristic area revealed distinct charging behavior, with longer
charging durations re�ecting the needs of users in less time-sensitive contexts. This variety in
the selected sites, highlights the importance of tailoring station designs and service levels to
match user pro~les and site characteristics. Despite a signi~cant infrastructure growth, the data
reveals a concerning trend: average waiting times (W ) at most sites increased over the analyzed
period. For instance, at Site A, W increased notably from 0.51 minutes in 2019 to 5.40 minutes
in 2023, even as the city signi~cantly expanded its P-EVCS network. This pattern is echoed in
other cities. At Site D, W climbed from 8.81 minutes in 2019 to 12.78 minutes in 2023, despite
an increase in the number of charging stations from 40 to 77 during this period. These increases
are attributed to mainly: a) rise in EV arrivals, as depicted in Figure 6.1(d), and, b), a concurrent
reduction in service rate, both of which lead to an accumulation of EVs in the waiting queue,
ultimately resulting in the observed increase in W .

Conversely, some sites showed notable improvements. For example, the touristic Site C loca-
tion experienced a seasonal variation in waiting times, with higher W during spring and summer
and decreased service overload during winter. Similarly, Site F witnessed a 37% reduction in W

between 2021 and 2023, following a threefold increase in nearby fast-charging stations. Overall,
the study underscores the inadequacy of current expansion strategies that prioritize increasing
the number of sites without catering for the distribution of the rising EV demands across per-
city P-EVCS as well as the need to account for adaptive scaling. The results highlight the need
for more sophisticated approaches to infrastructure planning, including QoS-aware strategies
and incentive-driven service management. One promising solution involves incentivizing EV
users to voluntarily truncate their charging sessions, reducing charger occupancy times without
compromising their ability to reach destinations. This approach not only optimizes P-EVCS
performance but also ensures sustained QoS under increasing demand.

6.2 Novel Contributions
This chapter’s novel contributions are summarized as:

1) The development of a Data-driven Incentive-based Charging Truncation DICT scheme
encouraging EV users to limit their charging at the site to 80% of their batteries’ SoCs. This
scheme aims at limiting the per-EV charger’s occupancy and, hence, allowing for more EVs
to use the charger within a given observation period. Consequently, this scheme contributes to
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reducing the average EV waiting time at the site, W , and the EV blocking probability, PB, as
waiting spaces become more likely available to ~t more arriving EVs.

2) Establish an analytical M/G/1/K queueing model to capture the dynamics of a target P-
EVCS and evaluate its performance in terms of the above-mentioned QoS metrics. In this regard,
a large number of 106 per-EV service time samples experienced under DICT are collected for the
purpose of characterizing their probability distribution. Owing to the complexity and general
aspect of this distribution, a highly accurate approximation is identi~ed, for which a closed-form
expression is derived to promote the queueing model’s tractability.

3) The development of multiple benchmarking schemes, namely: i) Site Resizing Scheme
SRS aiming at augmenting the site with more chargers, ii) New site Deployment Scheme NDS
aiming at strategically deploying more sites in the vicinity of the target site with the objective
of o}oading part of the arriving EVs to the target site, and, iii) Incentive-augmented Resizing
Scheme (IRS), the chargers at the target site are increased and EV users are incentivized to stop
charging at 80% of their batteries’ SoCs.

4) The development of a thorough data-driven simulation framework for the purpose of eval-
uating the performance of the above-mentioned four schemes in terms of: a) utilization, b) aver-
age waiting time, c) blocking probability, d) number of blocked EVs, e) number of served EVs,
f ) number of waited EVs, as well as comparing these performances and drawing recommenda-
tions to the operator, lessons learned and conclusions.

6.3 DICT Scheme: A Detailed Description
Before delving into DICT’s underlying details, it is important to remind the reader that, according
to one of the operators of public EV charging (refer to [10]), the charging power of an EV
plugged into a Direct Current (DC) fast-charge station is measured in kilowatts (kW) and the
three main factors a{ecting an EV’s charging time are: i) the type of charging station, ii) the
vehicle’s battery and Battery Management System (BMS) characteristics, and, iii) the battery’s
temperature, which is indirectly a{ected by the outside temperature. For example, a plugged
EV that charges at 40 kW at a 100-kW P-EVCS, accumulates 20 kWh within an interval of 30
minutes; hence, increasing its travel range by an additional 100 km. However, an EV charging at
a mere 20 kW at that same P-EVCS requires double the time to accumulate the same amount of
20 kWh of energy. Yet, it is important to keep in mind that it is the EV itself that determines the
charging power limited by the maximum power the P-EVCS can supply. In other words, the EV
communicates with the P-EVCS through its BMS and informs the P-EVCS how much power it
can receive based on the battery’s SoC and temperature.

Now, as of November 2020, Circuit Électrique par Hydro-Québec (CEHQ) has been accu-
mulating real-time data (i.e., thousands of records) pertaining to the charging process of EVs
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Figure 6.2: Sample EV Charging Pro~le as obtained from [10].

taking place within a certain range of outdoor temperatures. Figure 6.2 shows the charging pro-
~le of an arbitrary EV charging at a 50 kW P-EVCS. All other EV charging pro~les as shown
in [10] exhibit similar behavioral trends. Noteworthy from this ~gure is the fact that once the
EV’s battery’s SoC attains 80%, the charging power requested by the EV rolls o{ quite rapidly.
At this point, denote by ts the time instant at which an arbitrary EV, say EV n, starts charging.
That EV’s battery’s initial SoC is denoted by SoCi. Let te be the time instant whenever the
charging EV’s battery attains its originally requested ending SoC, denoted by SoCe. In all cases
where SoCe ≤ 80%, the EV’s charging service time is TC = te − ts. Now, consider the case
where SoCe > 80% and denote by t80 the time instant when that EV’s battery attains an SoC of
80%. Here, it is important to distinguish between the time interval, Ts,80 = t80− ts, taken by the
EV’s battery’s SoC to rise from SoCi to 80% and its counterpart interval, T80,e = te− t80, taken
by that battery’s SoC to rise from 80% to SoCe. In this latter case, the charging EV’s service
time would be more conveniently expressed as TC = Ts,80 + T80,e, which, in reality, boils down
to te− ts but preserves the distinction between the two intervals Ts,80 and T80,e. The importance
of such a distinction arises from a close observation of CEHQ’s collected data, which reveals
that, for EVs requesting an SoCe > 80%, often T80,e constitutes a notably large fraction of Ts,80,
if, at all, it is not even much larger than Ts,80 (especially whenever 95% ≤ SoCe ≤ 100%).
Such an observation is crucial as it allows for the operator to come up with attractive o{ers to
highly demanding EV users; hence, incentivizing them to truncate their charging process when-
ever their EVs’ batteries’ reach an SoC of 80% saving a large proportion of charging time (i.e.,
T80,e) that could be e|ciently allocated to serve the next in-line EV waiting in the queue of a
relatively overloaded P-EVCS. This way EVs are cleared out faster in an attempt to reduce the
queue size; therefore reducing the P-EVCS’s load and improving its QoS performance in terms
of blocking and experienced average EV waiting time. Truly, the more attractive the o{ers, the
more of these highly demanding EV users are going to adhere to the provisioned incentives and
so the larger would the P-EVCS performance improvement become. This is the fundamental idea
behind the herein proposed DICT scheme. The DICTated EV charging service time distribution
is characterized next.
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6.4 Modelling and Analysis

6.4.1 EV Charging Service Time Characterization

Consider the target site (indicated as a red dot in Figure 6.1(a) monitored throughout an arbitrary
one of the observation years. A total number of N per-EV charging service time samples col-
lected by the operator all over this particular year are grouped into a set T = {T1, T2, T3, · · · , Tn, · · · TN}.
As proven in [87], these original service time values constitute a sequence of independent and
identically distributed (i.i.d.) random variables (r.v.s) having an Erlang-k probability density
function (p.d.f.) fT (t) and a cumulative distribution function (c.d.f.) FT (τ) such that:

fT (t) =
µktk−1e−µt

(k − 1)!
; t ≥ 0 (6.1)

FT (τ) = 1− k−1
n=0

1

n!
e−µτ (µτ)n ; τ ≥ 0 (6.2)

where µ and k are the rate and shape parameters respectively. Accordingly, T has a mean T =

E[T ] = kµ−1, variance σT = kµ−2 and a second moment m(2)
T = E[T 2] = k(k + 1)µ−2.

It is further observed that a subset of size Nγ of the values in T are matched with EVs
originally requesting an ending SoC such that SoCe > 80%3. Such samples shall be grouped
in a subset Tγ . All other service time values correspond to EVs requesting to charge until their
batteries attain an SoCe ≤ 80%. These Nλ = N −Nγ samples are grouped in subset Tλ.

Now, under the in�uence of incentives provisioned by the operator, a proportion, pα, of the
users having service times originally in Tγ are going to voluntarily adhere to DICT’s policy and
truncate their respective EV charging processes once their EVs’ batteries reach an SoC of 80%.
All such truncated service time values shall be grouped in a subset Tα. These time periods are
truly random given the randomness and independence of the respective initial SoCs pertaining to
each of the arriving EVs to the P-EVCS. Service time values in Tα are computed using Equations
(2), (3) and (4) of [54] under the assumption of a constant maximum charging rate provisioned
by the P-EVCS for any arbitrary SoCi < 80% all the way up to the truncating SoC threshold
of 80%. Such an assumption is inspired by the power model illustrated in Figure (6.2) coupled
with a brief explanation in [10] and fully justi~ed in Section IV of [54]. Last but not least, with a
probability of 1−pα, all remaining users reject the o{ered incentives and require the satisfaction
of their original charging demands.

Next, without loss of generality (w.l.o.g.), Let Tλ, Tγ and Tα be random EV service time
values belonging to the individual subsets Tλ, Tγ and Tα. The sample values in each of these
subsets are characterized by probability distributions having the respective p.d.f.s fλ(t), fγ(t)
and fα(t) with t ≥ 0 and respective c.d.f.s. Fλ(τ), Fγ(τ) and Fα(τ) with τ ≥ 0.

3The 80% threshold is conventionally recommended by battery manufacturers to enhance battery longevity,
[116].
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(a) Fλ(τ) v.s. F̃λ(τ) (b) Fγ(τ) v.s. F̃γ(τ) (c) Fα(τ) v.s. F̃α(τ)

Figure 6.3: Empirical v.s. Theoretical ~t of EV service time c.d.f.s.

Given the anticipated highly variable end-user demands for EV charging as well as the en-
visioned technological advancements pertaining to the design of fast chargers and EV batteries
with increased e|ciency, a ~ne-grained characterization of the EV service time components
is of interest. Extensive simulations (using the simulator presented in Section 6.5 hereafter)
followed by thorough numerical analyses reveal that the squared coe|cients of variations c2λ,
c2γ and c2α respectively pertaining to 106 sample points in each of the sets Tλ, Tγ and Tα are
within the range [0.5; 1) suggesting that their probability distributions are best approximated
by Coxian-2 distributions (refer to [117] for approximation details) having respective theoreti-
cally ~tted c.d.f.s denoted by F̃λ(τ), F̃γ(τ) and F̃α(τ) with empirical counterparts denoted by
Fλ(τ), Fγ(τ) and Fα(τ). Figures 6.3(a)−6.3(c) concurrently plot the empirical c.d.f.s together
with their theoretically ~tted counterparts. These ~gures together with the R2 coe|cients re-
spectively computed for each c.d.f. pair, all being in the range [0.99; 1), tangibly prove these
approximations’ accuracy and validity.

Now, denote by TD a randomly generated EV service time value under DICT. With prob-
ability pλ = Nλ · N−1, TD ∈ Tλ. Else, with probability 1 − pλ = pγ , TD ∈ Tγ . But, with
probability pα, TD ∈ Tα ⊂ Tγ . Therefore:

TD = pλTλ + pγ [pαTα + (1− pα)Tγ] (6.3)

Let fD(t) denote the p.d.f. of TD. It is expressed as:

fD(t) = pλfλ(t)⊛ pγ [pαfα(t)⊛ (1− pα)fγ(t)] , t ≥ 0 (6.4)

where ⊛ denotes the convolution operator. At this point, it is worthwhile mentioning that the
mathematical closed-form derivation for fD(t), although feasible, it involves a tedious process
that shall only yield a marginally useful expression whose numerical evaluation requires complex
and time-exhaustive algorithms. Instead, a relatively straightforward approach adopted herein
involves numerically computing the c.d.f. of the empirically generated data, denoted as FD(τ),
and then ~t this latter using a highly accurate theoretical approximation, F̃D(τ), which shall
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promote the tractable derivation and numerical computation of important statistical EV service
time characteristics as well as P-EVCS performance metrics.

Again, using the simulator presented in Section 6.5 below, extensive simulations are con-
ducted to generate EV service times under DICT according to Equation (6.3) using an battery
SoC threshold of 80%. Multiple runs of the simulator are made to cover all examined sites and,
for each site, all values of the incentive probability pα ∈ (0; 1] (with a step size of 0.1) are con-
sidered. A number of 106 EV service time samples are collected and grouped into per-run sets.
The same ~tting process adopted above is repeated again at this stage for each of the per-run
sets. The results of this process are all uniform across all the per-run sets. This is why, due to
space limitation, only a single such result is exposed herein; the results pertaining to one of the
examined sites, namely Site D, with pα ∈ [0.25; 0.5; 0.75; 1].

Figure 6.4: Site D; Incentive: 25%; CDFs: DICT (Convolution), Cox-2, Erlang-k, Simulation.

Once again, as illustrated in Figure 6.4, F̃D(τ) happens to coincide with an Erlang-k distri-
bution that best characterizes the DICT-generated EV service time samples. This is especially
true since, for all of the considered scenarios, the achieved Mean Square Error (MSE) between
the empirical c.d.f. and its theoretically ~tted Erlang-k counterpart �uctuates between the order
of 10−4 to 10−5 compared to a constant order of 10−3 achieved by the Coxian-2 distribution.
Indeed, the Erlang-k distribution exhibits a 22.5 to 36 times superior accuracy compared to its
Coxian-2 counterpart.

6.4.2 Analytical Derivation of EV Service-Time Distribution under DICT

This section presents the detailed derivation of the service time distribution under the DICT
scheme. The ~nal expression is obtained by solving the convolution operators de~ned in Eq.
(6.4), through the application of the Cox-2 distribution. These distributions were empirically
characterized and discussed in depth in Section 6.4.1.

To simplify the analysis and clearly di{erentiate between the internal parameters of each
Cox-2 distribution (based on the two-stage service time approach) and the variables speci~c to
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the DICT scheme, the original Eq. (6.4) is revised as given in Eq. (6.5) below:

fD(t) = pθfθ(t)⊛ pζ [pαfβ(t)⊛ (1− pα)fδ(t)] , t ≥ 0 (6.5)

• Streamlining The Convolutional Operations:

Step 1: De~ne the applied Distributions

Let fθ(t), fβ(t), and fδ(t) in Eq. (6.5) denote the probability density functions (p.d.f.s) of fλ(t),
fα(t), and fγ(t) in Eq. (6.4), respectively. These distributions are modeled by Cox-2 as follows:

fθ(t) = pθ1µθ1e
−µθ1

t + (1− pθ1)µθ2e
−µθ2

t (6.6)

fβ(t) = pβ1
µβ1

e−µβ1
t + (1− pβ1

)µβ2
e−µβ2

t (6.7)

fδ(t) = pδ1µδ1e
−µδ1

t + (1− pδ1)µδ2e
−µδ2

t (6.8)

Step 2: Solving The Inner Convolution

Given the convolution (f ⊛ g)(t) =
∫ t

0
f(u)g(t − u) du, the inner convolution in Eq. (6.5) is

de~ned as follows:

h(t) = pαfβ(t)⊛ (1− pα)fδ(t) (6.9)

,
Expanding fβ(t) and fδ(t):

fβ(t) = pβ1µβ1e
−µβ1t + (1− pβ1)µβ2e

−µβ2t (6.10)

fδ(t) = pδ1µδ1e
−µδ1t + (1− pδ1)µδ2e

−µδ2t (6.11)

Then, by applying the convolution for each pair of terms:

h(t) = pα(1− pα)

[ ∫ t

0

(
pβ1µβ1e

−µβ1u

+ (1− pβ1)µβ2e
−µβ2u

)(
pδ1µδ1e

−µδ1(t−u)

+ (1− pδ1)µδ2e
−µδ2(t−u)

)
du

]
(6.12)

• Solving Equation (6.12):



118

• In Eq. (6.12), the terms inside the integral are expanded, giving four separate integrals
as follows:

h(t) = pα(1− pα)

[
pβ1µβ1pδ1µδ1

∫ t

0

e−µβ1ue−µδ1(t−u)du

+ pβ1µβ1(1− pδ1)µδ2

∫ t

0

e−µβ1ue−µδ2(t−u)du

+ (1− pβ1)µβ2pδ1µδ1

∫ t

0

e−µβ2ue−µδ1(t−u)du

+ (1− pβ1)µβ2(1− pδ1)µδ2

∫ t

0

e−µβ2ue−µδ2(t−u)du

]

(6.13)

• The following integral formula is applied to solve each of the four integrals de~end in
Eq. (6.13):

∫ t

0

e−µ1ue−µ2(t−u)du = e−µ2t

∫ t

0

e−(µ1−µ2)udu

=
e−µ2t − e−µ1t

µ1 − µ2

(6.14)

Accordingly;

– First Integral Result:

∫ t

0

e−µβ1ue−µδ1(t−u)du =
e−µδ1t − e−µβ1t

µβ1 − µδ1

(6.15)

– Second Integral Result:
∫ t

0

e−µβ1ue−µδ2(t−u)du =
e−µδ2t − e−µβ1t

µβ1 − µδ2

(6.16)

– Third Integral Result:
∫ t

0

e−µβ2ue−µδ1(t−u)du =
e−µδ1t − e−µβ2t

µβ2 − µδ1

(6.17)

– Fourth Integral Result:
∫ t

0

e−µβ2ue−µδ2(t−u)du =
e−µδ2t − e−µβ2t

µβ2 − µδ2

(6.18)

• Solving equations [6.15− 6.18] are substituted into equation (6.13), resulting in:
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h(t) = pα(1− pα)

[
pβ1µβ1pδ1µδ1

e−µδ1t − e−µβ1t

µβ1 − µδ1

+ pβ1µβ1(1− pδ1)µδ2
e−µδ2t − e−µβ1t

µβ1 − µδ2

+ (1− pβ1)µβ2pδ1µδ1
e−µδ1t − e−µβ2t

µβ2 − µδ1

+ (1− pβ1)µβ2(1− pδ1)µδ2
e−µδ2t − e−µβ2t

µβ2 − µδ2

]

(6.19)

Step 3: Solving The Outer Convolution

Given that:

fD(t) = pθpζ

[∫ t

0

(
pθ1µθ1e

−µθ1u + (1− pθ1)µθ2e
−µθ2u

)

· h(t− u) du

] (6.20)

The integral in equation (6.20) is solved in two stages as follows:

1. The ~rst integral is de~ned as:

I1 = pθ1µθ1

∫ t

0

e−µθ1uh(t− u) du (6.21)

2. The second integral is:

I2 = (1− pθ1)µθ2

∫ t

0

e−µθ2uh(t− u) du (6.22)

Step 3.1: Detailed Calculation for I1 term:

The integral I1 can be expressed as follows:

I1 = pθ1µθ1 pα(1− pα) [I1,1 + I1,2 + I1,3 + I1,4] (6.23)

Where;
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I1,1 = pθ1µθ1pβ1µβ1pδ1µδ1

∫ t

0

e−µθ1u
e−µδ1(t−u) − e−µβ1(t−u)

µβ1 − µδ1

du

I1,2 = pθ1µθ1pβ1µβ1(1− pδ1)µδ2

∫ t

0

e−µθ1u
e−µδ2(t−u) − e−µβ1(t−u)

µβ1 − µδ2

du

I1,3 = pθ1µθ1(1− pβ1)µβ2pδ1µδ1

∫ t

0

e−µθ1u
e−µδ1(t−u) − e−µβ2(t−u)

µβ2 − µδ1

du

I1,4 = pθ1µθ1(1− pβ1)µβ2(1− pδ1)µδ2

∫ t

0

e−µθ1u
e−µδ2(t−u) − e−µβ2(t−u)

µβ2 − µδ2

du

(6.24)

Solving I1,1 :

I1,1 = pθ1µθ1pβ1µβ1pδ1µδ1

∫ t

0

e−µθ1u
e−µδ1(t−u) − e−µβ1(t−u)

µβ1 − µδ1

du (6.25)

I1,1 =
pθ1µθ1pβ1µβ1pδ1µδ1

µβ1 − µδ1

[
e−µδ1t · 1− e−(µθ1−µδ1)t

µθ1 − µδ1

−e−µβ1t · 1− e−(µθ1−µβ1)t

µθ1 − µβ1

] (6.26)

Solving I1,2 :

I1,2 = pθ1µθ1pβ1µβ1(1− pδ1)µδ2

∫ t

0

e−µθ1u
e−µδ2(t−u) − e−µβ1(t−u)

µβ1 − µδ2

du (6.27)

I1,2 =
pθ1µθ1pβ1µβ1(1− pδ1)µδ2

µβ1 − µδ2

[
e−µδ2t · 1− e−(µθ1−µδ2)t

µθ1 − µδ2

−e−µβ1t · 1− e−(µθ1−µβ1)t

µθ1 − µβ1

] (6.28)

Solving I1,3 :

I1,3 = pθ1µθ1(1− pβ1)µβ2pδ1µδ1

∫ t

0

e−µθ1u
e−µδ1(t−u) − e−µβ2(t−u)

µβ2 − µδ1

du (6.29)

I1,3 =
pθ1µθ1(1− pβ1)µβ2pδ1µδ1

µβ2 − µδ1

[
e−µδ1t · 1− e−(µθ1−µδ1)t

µθ1 − µδ1

−e−µβ2t · 1− e−(µθ1−µβ2)t

µθ1 − µβ2

] (6.30)

Solving I1,4 :
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I1,4 = pθ1µθ1(1− pβ1)µβ2(1− pδ1)µδ2

∫ t

0

e−µθ1u
e−µδ2(t−u) − e−µβ2(t−u)

µβ2 − µδ2

du (6.31)

I1,4 =
pθ1µθ1(1− pβ1)µβ2(1− pδ1)µδ2

µβ2 − µδ2

[
e−µδ2t · 1− e−(µθ1−µδ2)t

µθ1 − µδ2

−e−µβ2t · 1− e−(µθ1−µβ2)t

µθ1 − µβ2

] (6.32)

Step 3.2: Detailed Calculation for I2 term:

The integral I2 can be expressed as:

I2 = (1− pθ1)µθ2 pα(1− pα) [I2,1 + I2,2 + I2,3 + I2,4] (6.33)

Where;

I2,1 = (1− pθ1)µθ2pβ1µβ1pδ1µδ1

∫ t

0

e−µθ2u
e−µδ1(t−u) − e−µβ1(t−u)

µβ1 − µδ1

du

I2,2 = (1− pθ1)µθ2pβ1µβ1(1− pδ1)µδ2

∫ t

0

e−µθ2u
e−µδ2(t−u) − e−µβ1(t−u)

µβ1 − µδ2

du

I2,3 = (1− pθ1)µθ2(1− pβ1)µβ2pδ1µδ1

∫ t

0

e−µθ2u
e−µδ1(t−u) − e−µβ2(t−u)

µβ2 − µδ1

du

I2,4 = (1− pθ1)µθ2(1− pβ1)µβ2(1− pδ1)µδ2

∫ t

0

e−µθ2u
e−µδ2(t−u) − e−µβ2(t−u)

µβ2 − µδ2

du

(6.34)

Solving I2,1 :

I2,1 = (1− pθ1)µθ2pβ1µβ1pδ1µδ1

∫ t

0

e−µθ2u
e−µδ1(t−u) − e−µβ1(t−u)

µβ1 − µδ1

du (6.35)

I2,1 =
(1− pθ1)µθ2pβ1µβ1pδ1µδ1

µβ1 − µδ1

[
e−µδ1t · 1− e−(µθ2−µδ1)t

µθ2 − µδ1

−e−µβ1t · 1− e−(µθ2−µβ1)t

µθ2 − µβ1

] (6.36)

Solving I2,2 :

I2,2 = (1− pθ1)µθ2pβ1µβ1(1− pδ1)µδ2·∫ t

0

e−µθ2u
e−µδ2(t−u) − e−µβ1(t−u)

µβ1 − µδ2

du
(6.37)
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I2,2 =
(1− pθ1)µθ2pβ1µβ1(1− pδ1)µδ2

µβ1 − µδ2

·
[
e−µδ2t · 1− e−(µθ2−µδ2)t

µθ2 − µδ2

−e−µβ1t · 1− e−(µθ2−µβ1)t

µθ2 − µβ1

]
(6.38)

Solving I2,3 :

I2,3 = (1− pθ1)µθ2(1− pβ1)µβ2pδ1µδ1·∫ t

0

e−µθ2u
e−µδ1(t−u) − e−µβ2(t−u)

µβ2 − µδ1

du
(6.39)

I2,3 =
(1− pθ1)µθ2(1− pβ1)µβ2pδ1µδ1

µβ2 − µδ1

[
e−µδ1t · 1− e−(µθ2−µδ1)t

µθ2 − µδ1

−e−µβ2t · 1− e−(µθ2−µβ2)t

µθ2 − µβ2

] (6.40)

Solving I2,4 :

I2,4 = (1− pθ1)µθ2(1− pβ1)µβ2(1− pδ1)µδ2

∫ t

0

e−µθ2u

· e
−µδ2(t−u) − e−µβ2(t−u)

µβ2 − µδ2

du

(6.41)

I2,4 =
(1− pθ1)µθ2(1− pβ1)µβ2(1− pδ1)µδ2

µβ2 − µδ2[
e−µδ2t · 1− e−(µθ2−µδ2)t

µθ2 − µδ2

− e−µβ2t · 1− e−(µθ2−µβ2)t

µθ2 − µβ2

] (6.42)

Accordingly:

fD(t) = pθpζpα(1− pα)

[
pθ1µθ1

(
pβ1µβ1pδ1µδ1

µβ1 − µδ1

(
e−µδ1t

(
e(µδ1−µθ1)t − 1

)

µδ1 − µθ1

− e−µβ1t
(
e(µβ1−µθ1)t − 1

)

µβ1 − µθ1

)

+
pβ1µβ1(1− pδ1)µδ2

µβ1 − µδ2

(
e−µδ2t

(
e(µδ2−µθ1)t − 1

)

µδ2 − µθ1

− e−µβ1t
(
e(µβ1−µθ1)t − 1

)

µβ1 − µθ1

)

+
(1− pβ1)µβ2pδ1µδ1

µβ2 − µδ1

(
e−µδ1t

(
e(µδ1−µθ1)t − 1

)

µδ1 − µθ1

− e−µβ2t
(
e(µβ2−µθ1)t − 1

)

µβ2 − µθ1

)

+
(1− pβ1)µβ2(1− pδ1)µδ2

µβ2 − µδ2

(
e−µδ2t

(
e(µδ2−µθ1)t − 1

)

µδ2 − µθ1

− e−µβ2t
(
e(µβ2−µθ1)t − 1

)

µβ2 − µθ1

))

+ (1− pθ1)µθ2

(
pβ1µβ1pδ1µδ1

µβ1 − µδ1

(
e−µδ1t

(
e(µδ1−µθ2)t − 1

)

µδ1 − µθ2

− e−µβ1t
(
e(µβ1−µθ2)t − 1

)

µβ1 − µθ2

)

+
pβ1µβ1(1− pδ1)µδ2

µβ1 − µδ2

(
e−µδ2t

(
e(µδ2−µθ2)t − 1

)

µδ2 − µθ2

− e−µβ1t
(
e(µβ1−µθ2)t − 1

)

µβ1 − µθ2

)

+
(1− pβ1)µβ2pδ1µδ1

µβ2 − µδ1

(
e−µδ1t

(
e(µδ1−µθ2)t − 1

)

µδ1 − µθ2

− e−µβ2t
(
e(µβ2−µθ2)t − 1

)

µβ2 − µθ2

)

+
(1− pβ1)µβ2(1− pδ1)µδ2

µβ2 − µδ2

(
e−µδ2t

(
e(µδ2−µθ2)t − 1

)

µδ2 − µθ2

− e−µβ2t
(
e(µβ2−µθ2)t − 1

)

µβ2 − µθ2

))]
.

(6.43)
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6.4.3 Modelling of a P-EVCS

This section is dedicated to analytically model a single-outlet P-EVCS as a single-server
queueing system with general per-EV-service as per the above-described DICT scheme
and limited EV waiting spaces. The purpose of such a model is to capture the di{erent
per-P-EVCS dynamics and characterize its performance in terms of the earlier-mentioned
QoS metrics. While the per-EV charging service has been characterized above to follow an
Erlang-k distribution (i.e., characterized by its general statistical properties relative to the
typical exponential distribution), the EV arrival process to a target P-EVCS is characterized
as follows. As shown in Figure 6.1(a), an arbitrary targetted P-EVCS (indicated with a red
dot) is deployed within a certain area. Following the rationale in [87], EV arrivals to the
entire area follow a Poisson process with a parameter of Λ EV/s. Further, it is assumed
herein, also as per the guidelines of [87], that arriving EVs to the considered area shall se-
lect the closest P-EVCS to their point of arrival to receive charging service from. Without
loss of generality (w.l.o.g.), it is with a probability of p that, from the perspective of any
arriving EV, the target P-EVCS happens to be the closest to that EV and hence the selected
service P-EVCS. The derivation of p is outside the scope of this present work. The reader is,
however, referred to [87] for further details about it. Yet, what is important to this present
work is that, the EV arrivals to the target P-EVCS follows a thinned Poisson process with a
parameter λ = Λp EV/s. Noting the limited EV waiting space by Q = K − 1, the target
P-EVCS can, therefore, be modelled as an M /G/1/K queueing system whose fundamental
QoS metrics have been characterized by Smith and MacGregor in [118] and are presented
hereafter only for completeness purposes. Precisely:

• The blocking probability, denoted by PB, quanti~es the likelihood of an EV being
denied service at the target P-EVCS due to the occupancy of the station’s outlet and the
concurrent non-availability of waiting spaces. It is given by:

PB =
U

√
US2−

√
U+2K

2+
√
US2−

√
U (U − 1)

(U2)
1+

√
US2−

√
U+K

2+
√
US2−

√
U − 1

(6.44)

where U is the P-EVCS utilization, and S2 is the EVs’ service times squared coe|cient
of variation.

• The e{ective EV arrival rate to the target P-EVCS, λeff is:

λeff = λ(1− PB) (6.45)

• The average waiting time in the queue is:

W =
λeffk(k + 1)

2µ2
(
1− λeffk

µ

) (6.46)
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where µ represents the EV service rate.
• The average waiting queue length as computed using Little’s Law is:

L = λeff W (6.47)

The validity and accuracy of the above-listed QoS metrics’ closed-form expressions are
evaluated below in Section 6.5.

6.5 Numerical Analyses and Simulations
In this section, thorough numerical analyses and simulations are performed for the purpose
of verifying the correctness and accuracy of the EV service time characterizations presented
in Section 6.4 and to gauge the merit of the proposed DICT scheme through a direct compar-
ison of the target P-EVCS performance achieved under DICT as well as the two additional
schemes SRS and IRS mentioned in Section 6.2. A custom-built python-based discrete-
event simulator was built for this purpose.

Unless indicated otherwise, the values of the used simulation parameters are extracted
from the available real-world dataset. The EV arrival rates at the target site vary over time
and are determined by analyzing the penetration rate of EVs at the site using timestamps
from recorded charging sessions. To capture unique charging behaviors across daily shifts
and account for seasonal variations, EV arrival rates are aggregated into four-hour time
windows (e.g., 2 : 00 PM to 6 : 00 PM) on a quarterly basis for each site throughout
the analyzed year. Speci~cally, Site D’s EV arrival rates for the year 2023 are calculated
on a per-quarter basis, yielding average arrival rates of 0.0144 EV/min, 0.0126 EV/min,
0.0140 EV/min, and 0.0169 EV/min for quarters 1, 2, 3, and 4, respectively. This data-driven
approach ensures that simulation inputs credibly re�ect real-world EV charging demand
dynamics. In addition, the Coxian-2 distributions F̃λ(τ), F̃α(τ), and F̃γ(τ) have respective
means of 29.33, 25.57, and 48.55minutes, as well as respective standard deviations of 17.26,
16.09, and 26.1 minutes. Finally, to ensure the realization of at least a 95% con~dence
interval, the reported results herein are averaged over multiple simulation runs, each of which
simulates the arrival of 106 EVs. The symbols representing the performance metrics used
in the subsequent analysis, along with their corresponding de~nitions, are summarized in
Tables 6.1 and 6.2.

6.5.1 Theoretical P-EVCS Model Veri~cation and Validation

This section presents a systematic approach to validate the Quality of Service (QoS) metrics
derived from simulation against their closed-form mathematical counterparts. Note that the
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Symbol Meaning
U

′ Mean utilization at 10% NDS
W

′ Mean waiting time at 10% NDS
NB

′ Mean blocked EVs at 10% NDS
NW

′ Mean waiting EVs at 10% NDS
NS

′ Mean served EVs at 10% NDS
U

′′ Mean utilization at 20% NDS
W

′′ Mean waiting time at 20% NDS
NB

′′ Mean blocked EVs at 20% NDS
NW

′′ Mean waiting EVs at 20% NDS
NS

′′ Mean served EVs at 20% NDS
USRS Mean utilization at SRS
W SRS Mean waiting time at SRS
NB

SRS Mean blocked EVs at SRS
NW

SRS Mean waiting EVs at SRS
NS

SRS Mean served EVs at SRS
UDICT Mean utilization at DICT
WDICT Mean waiting time at DICT
NB

DICT Mean blocked EVs at DICT

Table 6.1: List of Performance Metrics Symbols
(Part 1).

Symbol Meaning
NW

DICT Mean waiting EVs at DICT
NS

DICT Mean served EVs at DICT
U

′

DICT Mean utilization at (10% NDS + DICT)
W

′

DICT Mean waiting time at (10% NDS + DICT)
NB

′

DICT Mean blocked EVs at (10% NDS + DICT)
NW

′

DICT Mean waiting EVs at (10% NDS + DICT)
NS

′

DICT Mean served EVs at (10% NDS + DICT)
U

′′

DICT Mean utilization at (20% NDS + DICT)
W

′′

DICT Mean waiting time at (20% NDS + DICT)
NB

′′

DICT Mean blocked EVs at (20% NDS + DICT)
NW

′′

DICT Mean waiting EVs at (20% NDS + DICT)
NS

′′

DICT Mean served EVs at (20% NDS + DICT)
U IRS Mean utilization at IRS
W IRS Mean waiting time at IRS
NB

IRS Mean blocked EVs at IRS
NW

IRS Mean waiting EVs at IRS
NS

IRS Mean served EVs at IRS

Table 6.2: List of Performance Metrics Symbols (Part 2).

above-presented mathematical expressions, once veri~ed to be highly accurate, allow for a
much simpler alternative (as compared to executing complex time-exhaustive simulations)
for computing performance metric values. In what follows, Site D shall be used as a target P-
EVCS. This site’s behavior shall be extensively simulated with simulation input parameters
(i.e., EV arrival rate, EV service times statistical values, etc) extracted from the realistic data
records for this site on a quarterly basis. The number of EV waiting spaces is set to Q = 1.

(a) Avg. Blocking Probability PB (b) Avg. Waiting Queue Length (c) Avg. Waiting Time

Figure 6.5: Site D; Simulation v.s. (Numerical-Theory) validation, Year: 2023.

Figure 6.5(a) illustrates the comparison between simulated and numerically computed
theoretical PB values. Notably, the analysis demonstrated close alignment between the two,
with an average Relative Percentage Error (RPE) of no more than 11.04%. Further analysis
extended to additional sites reveals that, across these sites, the computed RPE values ranged
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from 2.85% to 12.57%, indicating consistent accuracy of the numerical model in various
operational contexts. These results underscore the validity of the proposed expression 6.44
and its potency to accurately substitute extensive simulation complexities through simple
numerical evaluations of the given formula.

Next, the theoretical values of L and W are plotted against their simulated counterparts
in Figures 6.5(b) and 6.5(c), respectively. From these ~gures, it is concluded that an average
RPE of 3.74% is achieved for L and 5.37% is achieved for W . Expanding the analysis to
include additional sites, the computed RPE values for L varied between 2.08% and 5.85%,
while for W , they ranged from 2.48% to 6.45%. These results underscore the high accuracy
of the adopted theoretical expressions in (6.46) and (6.47) and, hence, their capability to
reliably replace time-exhaustive simulations.

In light of the above, the M/G/1/K numerical-mathematical model o{ers a signi~-
cant computational advantage in evaluating the long-term average QoS metrics pertaining
to 3, 280 EVs in just 6.21 seconds on an Intel i7-4510U CPU (4 cores, 2.6 GHz) with 16

GB RAM using Jupyter Notebook 6.5.4. In contrast, simulations for similar datasets con-
sume time intervals that are in the order of hours or days to generate these results. This
e|ciency, coupled with high accuracy indicated by low RPE values, underscores the prac-
ticality of numerically evaluating QoS metrics’ expressions in working around remarkable
computational overhead.

(a) U v.s. pα (b) W v.s. pα

Figure 6.6: Mean utilization/waiting time v.s. incentive adherence.

Now, ~gure 6.6(a), concurrently plots the simulated and theoretically computed average
P-EVCS charger utilization, U as a function of the probability of incentive adherence, pα
for di{erent numbers of EV waiting spaces, Q = {1, 3, 5}. With a relative error of 0.005%,
these ~gures constitute tangible proofs of the validity of [87]’s adopted stochastic queueing
model variant with the only modi~cation consisting of replacing the EV service time distri-
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bution with the highly accurate one corresponding to such service under DICT as derived
herein in Eq. (6.4). A similar joint plot in Figure 6.6(b) of the simulated and theoretically
computed variations of the experienced average waiting time, W , at the target P-EVCS as
a function of pα further asserts the chosen model’s correctness where the achieved relative
error is 0.003%. These two ~gures clearly illustrate the decreasing trends of U and W as
a function of pα regardless of Q. Indeed, the more EV users abide by the operator’s provi-
sioned incentives, the more rapidly the P-EVCS will clear out such EVs resulting in a shorter
queue size and, hence, by Little’s Theorem, a reduced waiting time. Moreover, the faster EV
clearance emulates a higher service rate and, thus, a smaller load (i.e., utilization). Needless
to mention here that a higher Q allows for more EVs to wait in line and hence increases U
and W . Yet, for a ~xed EV arrival rate to the P-EVCS, adding more waiting spaces results
in only marginal variations of these two metrics.

6.5.2 Further Discussions

The study evaluates the impact of three key Quality of Service (QoS) performance improve-
ment techniques for P-EVCS: New Site Deployment (NDS), Site Resizing (SRS), and the
Incentive-Augmented Resizing Scheme (IRS). Under NDS, the e{ects of increasing the
number of city-wide deployed sites by 10% and 20% are analyzed, with the resulting uti-
lization and mean waiting times represented as U

′, U ′′, W ′, and W
′′. The SRS approach

examines the impact of adding an additional charging outlet at the target site, with the cor-
responding utilization and mean waiting time denoted as USRS and W SRS. Finally, IRS
evaluates the combined e{ect of deploying new outlets and incentivizing EVs through the
DICT scheme, with the achieved utilization and mean waiting time expressed as U IRS and
W IRS.

6.5.2.1 QoS Under Base line Waiting Queue Length (BWQL)

Assuming (BWQL) equal to the actual number of installed charging outlets at the P-EVCS
as shown in Table 6.3, Figure (6.7) illustrates the numerical values of P-EVCS utilization
and compares the average utilization levels under various operational strategies from 2023
through mid-2026. The baseline analysis reveals that, without interventions such as NDS,
DICT, or SRS, the average utilization (U ) at the examined EVCS B steadily increases, re-
�ecting a growing EV load. Speci~cally, utilization is projected to rise from 0.66 in 2023
to 0.88 by mid-2026, indicating signi~cant infrastructure strain driven by the increasing EV
penetration rate (λ) near the EVCS, as detailed in Table 6.3.

This analysis employs a SARIMAX-based forecasting model to predict EV arrivals in
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Figure 6.7: Average utilization under NDS, SRS, and DICT.

the vicinity of the examined EVCSs. This forecasting approach provides a comprehensive
understanding of future increasing EV charging demands; hence, it contributes to reducing
the P-EVCS load and, as a consequence, improving its performance in terms of critical QoS
metrics. The projected growth trajectory highlights a potential risk of overloaded service,
with signi~cant implications for user QoS, including longer waiting times and potential ser-
vice denials during peak hours. Without proactive infrastructure enhancements, the ~ndings
re�ect a decline in QoS across similar EVCS locations, emphasizing the need for operational
interventions to address the challenges posed by rising EV demands.

Applying NDS demonstrates notable improvements in outlet utilization across all ex-
amined sites (A through F). For instance, following Figure (6.7), at EVCS B in 2023, im-
plementing 10% and 20% NDS results in utilization reductions (U ′, U ′′) of approximately
4.66% and 9.98%, respectively. These decreases correspond to reductions in average wait-
ing times (W ′, W ′′) by 4.83% and 10.22%, as shown in Figure (6.8). Additionally, the
volume of EVs experiencing blocked or delayed service signi~cantly declines, as illustrated
in Figure (6.9).

Figure 6.8: Avg. Waiting Time under NDS, SRS, and DICT.
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Table 6.3: BWQL, EVs Penetration Rate (λ)

EV CS BWQL λ λ′ λ′′ Year
A 2 5.09 4.58 4.07 2023

A 2 13.62 12.26 10.89 2026

B 1 2.96 2.66 2.36 2023

B 1 7.59 6.82 6.06 2026

C 1 2.33 2.1 1.86 2023

C 1 5.64 5.07 4.51 2026

D 1 3.48 3.12 2.78 2023

D 1 7.37 6.63 5.89 2026

E 1 2.3 2.07 1.84 2023

E 1 4.91 4.41 3.92 2026

F 1 2.62 2.36 2.09 2023

F 1 6.82 6.13 5.45 2026

The number of blocked EVs (NB
′, NB

′′) at EVCS (B) under NDS demonstrates notable
reductions, reaching 16.89% and 32.95% for 10% and 20% NDS, respectively. These im-
provements extend to decreases in the average number of EVs that had to wait to receive
service (NW

′, NW
′′) and served EVs (NS

′, NS
′′), as shown in Figures (6.10) and (6.11),

respectively. Speci~cally, the number of EVs that waited declined by 8.66% to 17.93%,
and served EVs decreased by 4.65% to 9.92% for 10% and 20% NDS, respectively. These
results underscore the e{ectiveness of NDS in mitigating demand pressure and enhancing
service quality at high-demand EVCS locations by reducing utilization, waiting times, and
blocked EVs.
Across a broader range of EVCSs, the NDS strategy proves equally e{ective. Under a 10%
NDS, utilization (U ′) decreases range from 3.92% to 7.54%, with the most signi~cant im-
pact observed at EVCS (A). At 20% NDS, the utilization (U ′′) decreases, expanding to a
range of 8.44% to 16.29%. Similarly, waiting time reductions (W ′, W ′′) range from 4.27%
to 8.97% at 10% NDS and 8.82% to 19.09% at 20% NDS. The most pronounced impact is
seen in blocked EVs (NB

′, NB
′′), with reductions of 16.20% to 22.23% for 10% NDS and

31.46% to 42.43% for 20% NDS, depending on site-speci~c factors such as service times
and EV arrival rates. These ~ndings demonstrate that NDS e{ectively redistributes load,
preventing service overload in high-demand urban areas and improving QoS for EV users
across the network.

Further enhancements in QoS can be achieved by implementing additional infrastructure
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Figure 6.9: Avg. Number of Blocked EVs under NDS, SRS, and DICT.

strategies, such as the SRS approach, which involves adding an additional charging outlet
with a 50 kW rate at P-EVCS, signi~cantly enhances QoS by reducing utilization (USRS)
and average waiting time (W SRS), as demonstrated in Figures (6.7) and (6.8), respectively.
This approach e{ectively distributes charging demand across a greater number of outlets,
resulting in approximately a 50% reduction in load per charger. The alleviated infrastructure
pressure minimizes waiting time, improves service availability, and fosters higher user satis-
faction, contributing to a more e|cient public EV charging network. By balancing charging
demand, SRS enhances the resilience of EVCS (B) against peak-time demands, ensuring a
smoother and more consistent service experience.

For example, in 2023, applying SRS scenario to the existing infrastructure with baseline
waiting queues leads to remarkable improvements: utilization decreases by 51.12%, waiting
time by 77.18%, and blocked EVs (NB

SRS) and waited EVs (NW
SRS) are reduced by 57.66%

and 24.57%, respectively, as shown in Figures (6.7)–(6.10).
Additionally, the number of served EVs (NS

SRS) increases by 46.17% as shown in Fig-
ure (6.11). These results highlight SRS as an e{ective strategy to optimize service delivery
and improve throughput at high-demand EVCS locations.These improvements underscore
the e{ectiveness of SRS approach in enhancing operational e|ciency and overall user sat-
isfaction at the EVCSs.

Moreover, the DICT scheme emerges as a cost-e{ective solution for EV charging sta-
tions, requiring no additional infrastructure while o{ering substantial operational bene~ts.
As a ”quick win” strategy, the DICT scheme e{ectively reduces session times and acceler-
ates queue clearance. This e|ciency is evident when examining the performance of EVCSs
(A through F).

As shown in Figures (6.7)-(6.9), during the analyzed period from 2023 to mid-2026, the
DICT scheme led to average reductions in utilization (UDICT ), waiting times (WDICT ), and
the number of blocked EVs (NB

DICT ) across these sites. For instance, (UDICT ) dropped by
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Figure 6.10: Avg. Number of Waited EVs under NDS, SRS, and DICT.

Figure 6.11: Avg. Number of Served EVs under NDS, SRS, and DICT.

ranges from 3.25% to 20.75%, (WDICT ) reduced by 20.68% to 46.90%, and (NB
DICT ) de-

clined by 6.34% to 32.90%. These results underline DICT’s e|ciency in easing congestion
without adding costs.

Simultaneously, the number of served EVs (NS
DICT ) per site increased signi~cantly, as

shown in Figure (6.11), with a rise between 10.69% and 44.25% across the stations. This
increase in served EVs highlights DICT’s e{ectiveness in boosting throughput and reducing
delays.

By mid-2026, a moderate uptick is expected in the number of EVs that have to wait
before receiving service (NW

DICT ), as shown in Figure (6.10), with percentages such as
11.29%, 13.08%, and up to 32.10% across EVCSs, re�ecting both an increase in demand
and the system’s enhanced capacity to manage it more e{ectively. Overall, the DICT scheme
proves to be a highly e{ective, low-cost method to enhance service e|ciency and queue
management.

Generally, lowering the utilization metric at public EVCSs, without compromising QoS,
can mitigate electrical stress by reducing sustained high voltage and current demands, which
otherwise strain connectors, wiring, and power electronics. This reduction in stress helps
extend the lifespan of critical components and subsystems at the charging station, such as
the Electric Vehicle Supply Equipment (EVSE). Ultimately, this approach decreases opera-
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tional and maintenance costs, particularly in soft costs like labor and administrative expenses
associated with repairs and replacements.

In addition, by examining the results presented in Figures (6.7)-(6.9), integrating the
DICT scheme with NDS results in a notable boost in the QoS at each EVCS throughout the
period from 2023 to mid-2026.

This improvement is evidenced by the variations observed in key performance metrics for
each EVCS. For NDS at 10% combined with DICT, the enhancement in utilization (U ′

DICT ),
waiting times (W ′

DICT ), and blocked EVs (NB
′

DICT ) showed respective decreases across
EVCS sites: for example, the utilization dropped between 8.43% and 3.73%, waiting times
reduced by ranges such as 24.70% to 21.36%, and blocked EVs declined from 14.29% to
7.09%. This combined approach also led to an average increase in the number of EVs that
waited to receive service (NW

′

DICT ), ranging from 2.50% to 30.16%, and an increase in the
number of served EVs (NS

′

DICT ), with increments between 9.97% and 43.02%, as shown
in Figures (6.10) and (6.11), respectively.

Similarly, the NDS+DICT approach at 20% ampli~ed these positive trends. For instance,
utilization (U ′′

DICT ), waiting times (W ′′

DICT ), and blocked EVs (NB
′′

DICT ) decreased further,
with ranges such as 9.07% to 4.16% in utilization, 25.12% to 21.55% in waiting times,
and 15.44% to 7.77% in blocked EVs. The average number of served EVs (NS

′′

DICT ) rose
across sites by as much as 24.45%, while waited EVs (NW

′′

DICT ) also increased slightly,
showing a range between 1.40% and 28.00%. These results indicate that NDS+DICT is an
e{ective strategy for improving operational metrics and user experience across EV charging
stations. The strategy demonstrates the system’s adaptability to higher demand and suggests
a balanced approach to managing both served and queued EVs as penetration rates grow.

Building on the gains achieved with SRS alone, combining the SRS approach with the
DICT scheme results in IRS, where both the waiting queue capacity and outlet count are set
to n = NOrig_outlets + 1, yielding substantially greater improvements than using SRS alone.
This is re�ected in several key performance metrics at each EVCS from 2023 to mid-2026.

As shown in Figures (6.12)-(6.14), applying SRS alone resulted in average reductions in
utilization (USRS), waiting times (W SRS), and blocked EVs (NB

SRS) as follows: utilization
decreased by ranges between 44.25% and 14.93% across di{erent EVCSs, waiting times
saw reductions between 54.82% and 25.35%, and blocked EVs decreased by 69.55% to
35.92%. Additionally, Figure (6.14) shows the average increases in the number of served
EVs (NS

SRS), which ranged between 55.69% and 88.14%, while the number of waited EVs
(NW

SRS) grew by a slight increase to a moderate rise of up to 82.86%.
However, with the IRS approach, these metrics improved even further. For example,

utilization (U IRS) decreased by a more signi~cant range, from 54.80% to 27.43%, waiting
times (W IRS) dropped further, from 70.40% to 44.66%, and the number of blocked EVs
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(NB
IRS) decreased by as much as 88.59% to 65.27%. The average increases in served EVs

(NS
IRS) were particularly notable, ranging from 63.53% to 111.93%, while the number of

EVs that had to wait to recieve service (NW
IRS) also witnessed increases, with some sites

experiencing decreases, but most sites showing an increase.
Overall, these results demonstrate that the IRS approach is an e{ective strategy for en-

hancing system e|ciency, accommodating higher EV tra|c, reducing congestion, and im-
proving service availability at charging stations.

Figure 6.12: Avg. Utilization under SRS, and IRS.

Figure 6.13: Avg. Waiting Time under SRS, and IRS.

6.5.2.2 QoS Under Extended Waiting Queue Length (EWQL)

The analysis also extends to evaluate the e|ciency of the applied approaches by consid-
ering the impact of increasing the waiting queue capacity at the EVCSs. This evaluation
incorporates both actual and predicted charging requests for the period from 2023 to mid-
2026.
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Figure 6.14: Avg. Number of Blocked/Served/Waited EVs under SRS, and IRS.

As EV arrivals continue to rise, driven by operators’ expansion and deployment plans
in the EVCS vicinities, the projected reductions in utilization, waiting times, and blockage
rates are expected to gradually decrease over time. This forward-looking analysis provides a
more comprehensive understanding of future demand, aiding in strategic capacity planning
to maintain service quality amidst the increasing pressures of EV adoption.

Considering the expanded waiting queue capacity from 2023 to mid-2026, applying the
NDS approach with 10% and 20% across the EVCSs (A through F) resulted in signi~-
cant improvements in system performance, even as charging requests increased. By scaling
the waiting queue capacity to ~ve, which accommodates a broader range of performance
changes as EV reliance on public charging grows, with room for further expansion as de-
mand increases, each EVCS witnessed varying improvements in QoS.

For instance, under the 10% NDS scenario, the average utilization (U ′) decreased by
0.82% to 7.21%, helping to reduce system strain. Waiting times (W ′) dropped by 2.90%
to 11.76%, providing a smoother experience for users, while the number of blocked EVs
(NB

′) decreased by 13.42% to 22.05%, improving service availability during peak times.
Additionally, the number of served EVs (NS

′) decreased slightly by 0.81% to 5.23%, while
the number of EVs that have to wait to receive service (NW

′) reduced by 0.69% to 10.54%.
The impacts were even more pronounced under the 20% NDS setting, where the av-

erage utilization (U ′′) decreased by 1.44% to as much as 15.97%, and waiting times (W ′′)
dropped between 6.89% and 24.87%. The number of blocked EVs (NB

′′) showed signi~-
cant reductions, ranging from 28.84% to an impressive 51.01%, highlighting the strategy’s
e{ectiveness in managing higher demand with the applied scalability in the waiting queue.
Moreover, the average number of served EVs (NS

′′) decreased by 1.76% to 11.12%, and the
number of waiting EVs (NW

′′) reduced by 3.04% to 22.81%. These ~ndings illustrate the
reliability of the NDS approach in improving QoS by stabilizing utilization and reducing
waiting times, even across EVCSs with varying charging behavior and increased waiting
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queue capacities.
Further, to assess the reliability of the SRS approach over the period from 2023 to mid-

2026. In 2023, substantial decreases were observed in average utilization, waiting times,
and the number of blocked EVs across all EVCSs, re�ecting the initial bene~ts of increased
capacity. These improvements indicate a positive impact on QoS, particularly during the
early stages of implementation. However, by mid-2026, these metrics are expected to rise
again, largely driven by the anticipated increase in EV penetration. The initial reductions,
especially in 2023, demonstrate signi~cant improvements in system performance. Still, from
mid-2026 onwards, a slight upward trend in utilization, waiting times, and blocked EVs is
anticipated, primarily due to the projected increase in EV penetration rates, signaling the
ongoing pressure on the infrastructure despite the expanded capacity.

Therefore, tracing the changes in performance metrics for speci~c EVCSs from 2023 to
mid-2026 reveals distinct yet consistent patterns, considering the expanded waiting queue
capacity to ~ve EVs under the SRS approach. For instance, EVCS (B) experienced reduc-
tions in utilization (USRS), waiting time (W SRS), and blocked EVs (NB

SRS) ranging from
47.27% to 14.54%, 80.34% to 63.89%, and 77.90% to 38.23%, respectively.

Similarly, EVCS (C) exhibited declines in these metrics within the ranges of 54.37%-
19.85%, 82.80%-67.66%, and 81.25%-48.80%. Other stations (A through F) demonstrated
comparable trends, with utilization, waiting times, and blockage percentages signi~cantly
decreasing over this period. In contrast, the number of served EVs (NS

SRS) steadily in-
creased across all stations. For example, EVCS (B)’s served EV count rose by 37.77%-
80.92%, while EVCS (C) saw an increase from 28.43%-74.11%.

By mid-2026, this trend culminated in higher service capacity across the board, driven
by elevated EV penetration rates. Consequently, the number of EVs in waiting (NW

SRS)
also increased by mid-2026, climbing by 37.89%, 59.45%, 45.09%, 61.35%, 35.21%, and
77.4% for EVCSs (A through F), respectively. These results underscore the ability of the
SRS scheme to e{ectively accommodate growing EV demand, with notable enhancements
in service levels despite the rising EV arrivals.

6.6 Conclusion
This chapter addressed the ad hoc public charging infrastructure expansion strategies cur-
rently adopted by operators with particular focus turned towards EV-user-perceived QoS.
Inspired by a real-world case study of an urban P-EVCS experiencing continuous perfor-
mance deterioration over time regardless of new city-wide charging site deployments, a
novel scheme, namely, DICT, is proposed herein to encourage EV users to limit charging
their EVs’ batteries beyond an χ = 80% SoC threshold; this being motivated by the steeply
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declining battery charging rate beyond χ resulting in incremental energy charges during
very large time periods. The study numerically demonstrated that the Erlang-k distribution
is a reliable and highly accurate mathematical model for characterizing simulator-derived
service time values and the closed-form expression of the DICT scheme. Moreover, the val-
idation of Quality of Service (QoS) metrics derived from simulation against those obtained
numerically using the mathematical M/G/1/K queuing model reinforces the robustness of
the proposed approach. The validation utilizes the DICT scheme, with Erlang-k selected
as the service time distribution. Accordingly, the average Relative Percentage Error (RPE)
between simulation and numerical trends of the Blocking Probability metric from 2.85%
to 12.57%, con~rming the accuracy of the numerical-theoretical approach. Similarly, RPE
values ranging from 2.08% to 5.85% for the waiting queue length and 2.48% to 6.45% for
the waiting time further validate the reliability of the convolutional closed-form expression.
Finally, the EV charging service time under DICT is characterized and fed as input to a
custom-built simulator developed for the purpose of assessing the target P-EVCS’s perfor-
mance under DICT and benchmarking it with other schemes.



Chapter 7
A Data-Driven Framework for Improving
Public EV Charging Infrastructure Deploy-
ment: Quantifying EV Demand Shifting Via
Machine Learning

7.1 Problem Statement and Motivation
This work leverages operational data from Québec’s foremost EV charging operators to ex-
amine the temporal dynamics of the Public-EV Charging Station (P-EVCS) deployments
in major and vital cities of the povince. The primary objective is twofold: i) character-
ize how deployment strategies of new Level-3 (L3) charging sites have evolved over time
and, ii) quantify the resulting e{ects of these deployments on the EV demands, congestion
levels and users’ Quality of Experience (QoE) pertaining to a selection of observed tar-
get sites as these new L3 fast charging sites come online. Such objectives are set in view
of the fact that Québec’s main cities exhibit pronounced heterogeneity in both deployment
scale and EV adoption. Some cities have undergone rapid network expansion, while others
have grown more incrementally. These divergent patterns re�ect local factors such as urban
form, EV communities, penetration rates and mobility behaviors, which collectively shape
station‐level outcomes such as the average EV queueing delays and overall user experience
(i.e., EV blocking probability, site utilization and occupancy).

To quantify the long-term QoE performance in terms of the above mentioned metrics,
a set of P-EVCSs are strategically selected based on capacity characteristics, proximity to
high-tra|c districts, temporal usage patterns and geographic diversity to establish a con-
trolled baseline for quantifying site level congestion relief in each examined city. These ref-
erence sites serve as benchmarks for infrastructure planning, exerting primary in�uence on
empirical observations and network wide load conditions (underloaded, moderately loaded
or overloaded). Analysis of resulting network impacts quanti~es service performance im-
provements and the redistribution of EV demands to alleviate congestion during peak/rush

137
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hours.
After estimating the congestion relief attributed to the newly deployed site, the analysis

turns to uncovering and exploring the principal drivers of that relief at the examined sites. At
the heart of this phase lies the connection between the congestion decrease in EV demand
and factors (e.g., the spatial distance to the newly deployed site), alongside the proximity
and concentration of nearby high-tra|c amenities (e.g., restaurants, cafés, parking facilities,
and other social hubs). Examining these resulting correlations helps service providers better
understand how public EV charging behavior dynamically shifts in response to the analyzed
public charging infrastructure and its surrounding EV communities. Respectively, these
contextual variables are fed into a modeling framework designed to simulate and evaluate
these deployment scenarios. In particular, the model explores the location of new/recent
L3 site deployments to gauge how the related shifts in EV demand a{ect congestion at the
existing network of L3 sites.

Accordingly, the calibrated model estimates congestion relief outcomes across varied
spatial con~gurations. Service providers can then compare projected shifts in EV demand,
quantify the impact of new deployments on QoE by combining historical demand data with
counterfactual session forecasts, and derive evidence-based recommendations for infrastruc-
ture deployment.

Given the pronounced heterogeneity in deployment pace and scale among Québec’s
cities, a key challenge is to disentangle true e{ects of new station installations from coinci-
dent trends (for instance, rising EV adoption rates or seasonal load variations). Traditional
time series forecasting approaches, particularly Deep Neural Networks (DNNs) (e.g., Re-
current Neural Networks (RNNs) and Long Short Term Memory (LSTM) models) excel
at capturing complex non-linear dependencies in high dimensional datasets and often out-
perform simpler benchmarks when properly tuned. Yet, their largely correlational nature,
coupled with intensive data pre-processing and computational resource demands, can limit
useful insight into the causal e{ects of the deployment strategies being examined.

Conversely, classical causal inference techniques, such as Instrumental Variables (IVs),
Regression Discontinuity (RD), and Di{erence-in-Di{erences (DiD) rely on strong para-
metric assumptions and may falter amid intricate co-variate interactions and high dimen-
sionality. In the context of EV charging, operators need robust estimates of how a newly
commissioned fast charging site will contribute to attracting demands and, hence, alleviate
congestion at adjacent hubs, and thereby, elevate EV drivers’ QoE.

To meet these needs, this work proposes a data-driven framework that integrates the pre-
dictive capabilities of modern machine learning algorithms with explicit causal estimation.
At the core of this framework is a novel technique designed to isolate the incremental ef-
fects of real world new/recent fast-chargers’ deployments on EV charging request volumes at
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P-EVCSs, while systematically controlling for confounders such as seasonal demand �uc-
tuations, outlet availability, charging rates, and estimated EV growth on the roads of the
province.

By simulating unobserved and validated “what if” scenarios, the developed approaches
herein quantify how variations in P-EVCS locations, charging rates, charging outlet count,
and proximity to di{erent amenities would alter utilization trends and the number of charg-
ing requests; thus, providing operators and service providers with prescriptive insights into
optimal P-EVCS deployments/resizing rather than mere descriptive associative counterparts
(e.g., more chargers ⇒ shorter queues).

Building upon this inference engine, the study herein presents an end-to-end approach
that maps estimated impacts into prescriptive plans. Moreover, this work adopts existing
queueing models (i.e., in [119]) to evaluate the resulting QoE improvements at select P-
EVCSs and, accordingly, compare/rank potential deployment strategies. Together, these
components empower service providers to move from retrospective analysis to evidence-
based, forward-looking capacity planning to optimize infrastructure investments and policy
decisions for Québec’s rapidly evolving public EV ecosystem.

Beyond spatial impact analysis, a further research direction in this work is to monitor
how EV demand at each new deployment evolves over time and to evaluate its e{ect on the
site-level QoE. Such an assessment would reveal whether a new station truly eases pressure
on existing L3 sites or, over time, becomes, by itself, a congestion hotspot. Incorporating
this temporal dimension would yield a more comprehensive, forward-looking perspective
on public EV charging network performance and planning e{ectiveness.

7.2 Novel Contributions
This chapter’s main contributions are summarized as follows:

1) Proposing a novel causal inference approach that isolates the true e{ect of a new fast
charging station’s deployment on EV charging demand at neighboring stations, which goes
beyond simple existing correlational analyses.

2) Ensuring that the estimated deployment e{ects account for critical confounders (e.g.,
spatial proximity, dynamic outlet capacities (ports and power ratings) and local amenity ac-
cess); hence, leading to reliable/credible impact quanti~cation and measurements, which are
obtained through exhaustive simulations of various deployment con~gurations/scenarios.

3) Tracking the temporal evolution of EV demand at new deployments to assess sus-
tained site-level QoE impacts and detect emerging congestion hotspots; hence, providing
guidelines for optimal infrastructure placement.

4) Feeding the herein-generated EV demand forecasts into accurate queueing models to
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evaluate end-user QoE metrics with the objective of facilitating the selection of deployment
parameters within operational and budgetary constraints; thus, empowering operators to
transition from descriptive diagnostics to prescriptive investment grade decision-making
and, so, cope with the rapidly evolving EV ecosystem.

7.3 Dataset Overview and Preprocessing
The dataset comprises approximately 9 million public EV charging sessions captured at
5, 051 individual charging sites across 10, 285 EV charging stations over a six year period
(January 2018–June 2024). Both slow and fast charging events at varying power levels are
included. Each session record provides energy delivered, start and end timestamps, site
identi~ers, and station address details (including postal codes). However, the dataset does
not record EV arrival times or waiting durations, both of which are essential for computing
QoE. This omission poses a signi~cant challenge for QoE assessment, which is addressed
in later sections. To ensure data integrity, sessions shorter than three minutes or longer than
two hours, records with zero energy transfer, and entries lacking payment information are
excluded. The remaining valid sessions are then sorted in ascending chronological order for
each EV charging site. Sites sharing a postal code are grouped under a single site identi~er
to maintain consistent temporal sequencing of charging activity.

7.4 Methodology
This study develops a structured Machine Learning (ML) framework to quantify the in�u-
ence of newly deployed L3 charging sites on EV demands arriving at existing public EV
charging infrastructure. The adopted approach comprises three interlinked phases, namely:
i) Data Assembly and Cleaning, ii) Feature Engineering, and, iii) Modeling and Evaluation.

7.4.1 Data Assembly and Cleaning

In this study, a comprehensive panel dataset is assembled comprising the weekly observa-
tions from all L3 charging sites in the target city, spanning 2018 through 2024. For each
charging site, operational metrics, such as session counts, geographic coordinates, and out-
let capacity by power rating (kW) are recorded and merged with external covariates such
as Québec’s EV penetration rate (sourced from the latest Statistics Canada releases [120]).
Malformed entries are corrected, duplicates removed, and missing values addressed through
imputation or exclusion to generate a clean, consistent dataset ready for analysis and mod-
eling.
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7.4.2 Feature Engineering

A compact yet rich set of temporal features is engineered to empower the developed frame-
work in this study. For instance, features such as the auto-regressive lags 1–3 capture the
inherent autocorrelation within the weekly session series, and a three‑week rolling mean
smooths out short‑term spikes while emphasizing longer‑term trends. The seasonality is rep-
resented continuously by applying sine and cosine transforms to the monthly index, thereby
encoding the annual cycles without arti~cial discontinuities. Also, a COVID-19 dummy
variable is activated from March 2020 through June 2021 to isolate pandemic-related de-
mand shifts, and a station-speci~c time index models each site’s long-term trend. Together,
these temporal features furnish the models with direct access to the dependencies, autocor-
relation, trend, seasonality, and exogenous shocks, that drive public EV charging demand.

In addition, spatial predictors are applied uniformly across all phases of the framework.
The Pairwise Haversine distances between stations are calculated. Accordingly, local net-
work e{ects are modeled by computing, for each station, an inverse-distance weighted av-
erage of neighboring stations’ weekly session counts. To capture richer dynamics, the uti-
lization metric is computed from the site’s empirical charging records, this metric primar-
ily measures the proportion of the site’s charging capacity that is actually used over time,
thereby, re�ecting usage intensity relative to maximum throughput. As a result, this metric
enables the framework to distinguish a small station operating near capacity from a larger
station with idle ports, thereby enhancing both fairness and interpretability of predictions
across heterogeneous public EV charging sites.

7.4.3 Estimating Counterfactual Sessions via Gradient Boosting

Estimating the counterfactual charging session volumes at incumbent stations in the absence
of the new L3 deployments requires pooling all pre-deployment weekly observations and
~tting a gradient boosted tree regressor within a uni~ed scikit-learn pipeline. The predic-
tor variables, including weekly session counts, station capacity metrics, spatial proximity
indices, and contextual covariates are standardized using Standard Scaler to ensure compa-
rability across the selected features. The temporal cross-validation is conducted via a 5-fold
Time Series Split, with each fold’s training set comprising the earliest 4 segments and its
validation set comprising the subsequent segment. The prediction performance is assessed
using the Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE), thus es-
tablishing robust baseline forecasts for comparison against the post deployment period. For
clarity, each cross-validation fold is evaluated on a pooled test set comprising all examined
sites. Accordingly, the per-fold metric is the error averaged over all test rows in that fold.
Pooling increases the e{ective test-set size per fold, yielding more stable, interpretable er-
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ror estimates and better re�ecting population-level public EV charging behavior associated
with the new deployment. The pooled fold-level evaluation explicitly accounts for cross-site
interactions and reduces the in�uence of a small number of anomalous sites on the overall
results.

The HistGradient Boosting Regressor algorithm is then applied to each training subset,
generating out-of-sample forecasts for the held-out periods. The trained gradient boosted
regressor is then executed for generating baseline counterfactual forecasts of the weekly
session counts at incumbent charging sites, these counterfactuals represent the hypotheti-
cal usage had the new deployed sites not commenced operations. The comparison of these
counterfactual estimates with the actual post deployment session data yields the number of
“averted” or “spillover” sessions caused by each new L3 site. The spillover rates for each
site‑deployment pair are then derived and learned by the regression model. This enables
precise quanti~cation and ongoing monitoring of EV demand redistribution and resulting
congestion relief outcomes across the public EV charging network after each fast charging
site installation, while explicitly incorporating the empirical measures of EV users adapta-
tion to the enhanced infrastructure.

Importantly, the hyperparameter optimization is carried out with GridSearchCV using
a GroupKFold cross‑validation scheme. The tuning grid primarily covers the learning rate,
the number of boosting iterations (n_estimators), and maximum tree depth (max_depth).
The negative MSE serves as the scoring metric, thereby converting the minimization of true
MSE into a maximization objective. Consequently, the parameter combination yielding the
lowest MSE across the validation folds is selected to train the applied regressor.

7.4.4 Quantifying Site-Level Congestion Relief

To quantify congestion relief at a speci~ed L3 site after a new site deployment during a time
window t, it involves comparing the actual session count with the predicted sessions of the
model in a hypothetical scenario that omits any new site deployment; this scenario referred
to, in the sequel, as ”Without Deployment”. The following variables are de~ned:

So,i≡Total sessions o}oaded from site i,

S
(a)
t,i ≡Actual total sessions at site i,

S̄
(f)
t,i ≡ Forecasted total sessions at site i,

(7.1)

Thus,
So,i = S̄

(f)
t,i − S

(a)
t,i .

Therefore, at the newly deployed site, say site x, the total actual sessions S(a)
t,x during the post-
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deployment time window t, accounting for k pre–existing L3 sites, are given by:

S
(a)
t,x =

∑

k

(
S̄
(f)
t,k − S

(a)
t,k

)
.

If
S
(a)
t,x >

∑

k

(
S̄
(f)
t,k − S

(a)
t,k

)
,

The “mis-traced” public EV demand, Dx, is computed by:

Dx = S
(a)
t,x −

∑

k

(
S̄
(f)
t,k − S

(a)
t,k

)
,

And the computed error percentage Et,x is given by:

Et,x =
S
(a)
t,x −∑

k(S̄
(f)
t,k − S

(a)
t,k )

S
(a)
t,x

× 100%.

During each period t, the model calibrates its parameters to minimize the error Et,x as
∑

k So,k evolves. Although Et,x may initially rise, it converges to low values over time as
the model adapts to the redistributed EV demand.

7.4.5 EV Public Charging Discrete-Event Simulator

A custom-built, python-based discrete event simulator is developed to characterize the pub-
lic EV charging service at a given charging site and to evaluate the resulting QoE. The sim-
ulator implements an M/G/C/K queuing model and incorporates key performance metrics
observed during the charging service. The simulator’s input parameters are derived directly
from real-world charging records for the targeted site. These parameters include the EV
arrival process, the ~tted general service time distribution G, the number of active charging
outlets C, and the total charging site capacity (i.e., ~nite waiting spaces) K. EV arrivals are
modeled as a Poisson process with rate:

λ =
Narr

Twin
[EV/s],

where Narr denotes the number of EV arrivals within the speci~ed time window Twin (e.g.,
14 : 00–18 : 00). The service time distribution is modeled using an Erlang-k distribution,
~tted and validated against empirical charging session data from the examined charging
site, ensuring that simulated charging durations accurately re�ect real-world conditions. To
achieve statistically accurate results, each simulation round generates 104 EV arrivals based
on the determined arrival rates. The simulator outputs key performance metrics, including
the waiting time, the number of queueing or delayed EVs according to [121], the utilization
(i.e., the fraction of time the site is busy), and the numbers of blocked EVs (i.e., those EVs
that were denied service) and served EVs during the simulated charging process.
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Table 7.1: Level-3 Sites Capacities (City A & B)

SiteID Capacity Total (kW)

City A
A1 (1×50 kW, 2×100 kW, 1×120 kW) 370

A2 (1×50 kW, 1×100 kW, 2×180 kW) 510

A3 (2×50 kW, 2×100 kW) 300

A4 (1×50 kW) 50

A5 (2×50 kW) 100

A6 (1×50 kW, 1×100 kW) 150

A7 (2×50 kW) 100

A8 (2×50 kW) 100

City B
B1 (2×100 kW, 2×180 kW) 560

B2 (1×180 kW) 180

7.5 Analysis and Forecast Results Case Studies
Driven by empirical records from Québec’s leading EV charging station providers, this sec-
tion provides a detailed, time sequenced evaluation of recent fast charging P-EVCS deploy-
ments in two major Québec cities. Table 7.1 characterizes the recently installed L3 P-EVCSs
in City A and City B alongside the existing L3 sites analyzed herein.

7.5.1 Averted vs. New Deployment Total Sessions

This section examines several recently deployed L3 charging sites selected for their high
capacities and anticipated impact on the public EV charging network relative to earlier in-
stallations in the province’s two principal cities. Figure 7.1 displays both the actual versus
averted session counts and the corresponding Et,x for the recent deployments examined of
both cities. In City A, two new L3 sites were deployed sequentially: Site A1 on October 10,
2022, and Site A2 on June 19, 2023. Figure 7.1(a) shows Site A1’s observed sessions S(a)

t,A1

against the o}oaded session sum So,k over 36 weekly intervals (October 16, 2022–June 18,
2023). The resulted forecasted error Et,A1 falls from 17% to 6% by week 2, demonstrating
rapid model recalibration. During December 2022–February 2023, the error oscillations be-
tween 3% and 9% re�ects the seasonal and unexpected travel patterns and ice-related public
EV charging behavior, yet remained within a ±8% bound. By spring 2023, Et,A1 stabilized
at 4%–6%, indicating that the cumulative o}oaded-session sum

∑
k So,k to closely align
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(a) Site A1:S(a)
t,A1 vs.

So,k

(b) Site A2:S(a)
t,A2 vs.

So,k

(c) Site B1:S(a)
t,B1 vs.

So,k

(d) Site B2:S(a)
t,B2 vs.

So,k

(e) Site A1: Et,A1 (f) Site A2: Et,A2 (g) Site B1: Et,B1 (h) Site B2: Et,B2

Figure 7.1: Actual vs. Averted EV Demand and Error Percentage for Deployed Sites in City A:(A1, A2), and City
B:(B1, B2). Top row (a)–(d): S(a)

t,x vs. So,k; Bottom row (e)–(h): Corresponding Et,x.

with the observed sessions S(a)
t,A1.

In Figure 7.1(b), Site A2’s actual versus averted sessions illustrate how the model imme-
diately improves upon Site A1’s baseline: the ~rst week forecasted error in Figure 7.1(f), is
14%, already below Site A1’s initial 17%. Throughout the summer, Et,A2 remains between
6% and 8%, e{ectively capturing tourism-driven peaks and high-activity �uctuations. By
early winter it falls under 4% and reaches a low of 2% just before the frozen season. This
rapid convergence underscores the bene~t of sequential deployments in re~ning parameter
estimates and enhancing predictive accuracy by the model over time.

In the dense urban core of City B, Figure 7.1 (c) and (g) present Site B1: an initial error of
28% reduced to 11% by week 4 after incorporating o}oaded demand, with a minor summer
rebound to 13% and eventual stabilization at 9%–11%. Figure 7.1 (d) and (h) portray Site
B2, introduced in October 2023: a ~rst week error of 100%, halving to 56% by week 3 and
falling to 22% by week 7, demonstrating the model’s rapid adjustment to exceptional events.

In both cities, large initial errors led to steady state bands of 2%–8% within four to six
weeks. The suburban context of City A yielded smaller calibration gaps and faster stabiliza-
tion, while complex demand dynamics of City B generated larger initial discrepancies and
event linked oscillations.

These results validate the ability of the applied framework to track public EV demand
shifts and converge on reliable forecasts as the interval between deployments expands in
di{erent cities serving variant EV communities.
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(a) Site A3 (b) Site A4 (c) Site A5

(d) Site A6 (e) Site A7 (f) Site A8

Figure 7.2: City A; Actual vs. counterfactual comparison for Sites A3–A8. Top row (a)–(c): Sites A3–A5 (within
3 km of the new Site A2, showing the strongest impact); Bottom row (d)–(f): Sites A6–A8 (beyond 3 km, where
e{ects attenuate rapidly).

7.5.2 Estimating Counterfactual Sessions

Over the analyzed period June 2023 - December 2023 (i.e., prior to the new deployment de-
tected in Jan. 2024), in City A, the deployment of a new L3 Site A2 triggered a clear, distance
and capacity dependent redistribution of public EV charging demand among neighboring
L3 Sites. From the week of June 25, 2023, through December 31, 2023, the actual weekly
session counts at each incumbent L3 site are compared to the counterfactual forecasts gen-
erated by the gradient boosted model discussed in section 7.4.3. Figure 7.2 presents these
comparisons for sites A3–A8.

At Site A3 (Fig. 7.2(a)), situated just 1.4 kilometers (km) from Site A2 and providing
300 kilowatts (kW ) charging rate total capacity, the forecasted sessions count exceeded the
actual sessions by an average of 43.8 per week (approximately 14.6% of capacity). This
pronounced reduction con~rms that a nearby and high capacity new deployed site (i.e., Site
A2) diverted a substantial portion of historic EV demand, thereby alleviating congestion at
Site A3. An even larger proportional e{ect appeared at Site A4 (Fig. 7.2(b)), a 50 kW Site
located 1.6 km from Site A2, where mean weekly averted sessions reached 11.5 (nearly 23%
of capacity).

Beyond a radius of roughly 3 km from the new Site A2, the EV demand shifts attenuated
rapidly. As shown in (Fig. 7.2(c)), Site A5 (100 kW at 3.2 km) experienced a moderate
average decline of 7.9 sessions per week (7.9% of capacity), while more distant stations,
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such Site A6 (Fig. 7.2(d)) (350 kW at 6.0 km), Site A7 (Fig. 7.2(e)) (100 kW at 8.4 km),
and Site A8 (Fig. 7.2(f)) (100 kW at 9.1 km) exhibited minimal redistribution, with averted
sessions of 7.8, 2.3, and 2.1 respectively (each under 3% of capacity). The spatial layout
and capacities of the sites discussed above are shown in Fig. 7.3.

Figure 7.3: City A Map: Capacity and Spatial Proximity of Sites A3–A8 to A2.

These results demonstrate that high power sites’ installations indeed relieve local con-
gestion within a 3 km radius in the examined City A, with sharply diminishing bene~ts be-
yond that threshold. Moreover, the incumbent capacity modulates this spatial e{ect: smaller
stations relinquish a larger share of their demand at comparable distances, whereas larger
depots di{use redistributed volume more broadly. Combined, the capacity normalized and
absolute session count metrics indeed provide empirically grounded, spatially explicit guid-
ance for optimizing the siting of future public EV fast charging infrastructure.

7.5.3 Simulation and QoE Evaluation: Discussion

The site-level analysis discussed in this section is mainly generated using the discrete-event
simulator described in Section 7.4.5. For each studied charging site, two scenarios (Actual
vs. Counterfactual (CF)) are executed and key QoE metrics are computed.

CF vs. Actual di{erences examined below isolate the marginal congestion e{ect of the
high-power deployment at Site A2 discussed in Sections 7.5.1 and 7.5.2 respectively. Statis-
tical summaries are reported in the following analysis where relevant to make the magnitude
and variability of e{ects explicit.

Across the June to December 2023 period, the CF forecasts indicate systematically
higher EV arrivals, utilization, and waiting time compared with observed (actual) values
at the studied incumbents. The (CF vs. Actual) divergence is most pronounced during the
late autumn peak (October to December), indicating that the presence of the high-power
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deployment (i.e., Site A2) delivered its largest marginal congestion relief gains when EV
demand is highest. Conveniently, used QoE metrics’ symbols are listed in Table 7.2.

Table 7.2: QoE metric symbols

Symbol De~nition

NA
AC Number of EV arrivals for actual sessions.

WAC Waiting time for actual sessions.

UAC Utilization for actual sessions.

NW
AC Number of waiting EVs for actual sessions.

NS
AC Number of served EVs for actual sessions.

NB
AC Number of blocked EVs for actual sessions.

NA
CF Number of EV arrivals for counterfactual sessions.

WCF Waiting time for counterfactual sessions.

UCF Utilization for counterfactual sessions.

NW
CF Number of waiting EVs for counterfactual sessions.

NS
CF Number of served EVs for counterfactual sessions.

NB
CF Number of blocked EVs for counterfactual sessions.

Site A3 (300 kW) shows the largest and most persistent CF vs. Actual gap among incum-
bents. Arrival volumes increase substantially under CF: weekly average arrivals rise from
NA

AC = 8.74 EV/week to NA
CF = 10.84 EV/week, an absolute increase of ∆NA = +2.09

EV/week (+23.9%). Served EVs increase in lockstep (∆NS = NS
CF − NS

AC ≈ +2.04

EV/week, ≈ +23%), but these higher service counts accompany materially degraded QoE:
mean queued vehicles rise from NW

AC = 0.63 to NW
CF = 1.35, blocked events become more

frequent during peak weeks. These aggregate counts align with the distributional shifts in
waiting time and utilization: WAC at A3: minimum of 0.1138 minutes; median of 0.1745
minutes; mean of 0.4489 minutes; maximum of 1.4862 minutes. WCF shifts markedly (min-
imum of 0.1311; median of 0.3628; mean of 0.8648; maximum of 3.0969), generating
an approximate mean increase of 92.6% under CF (as shown in Fig. 7.4(a)). UAC at A3:
minimum of 0.00983; median of 0.02033; mean of 0.02565; maximum of 0.12945 (mean
≈ 2.57%). Under CF scenario, UCF becomes minimum of 0.01976; median of 0.04134;
mean of 0.09082; maximum of 0.26038 (mean ≈ 9.08%), a large relative rise (as shown
in Fig. 7.5(a)). These shifts indicate a pronounced escalation in queuing and substantially
higher utilization at A3 in the absence of Site A2, with the largest absolute di{erences con-
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centrated between mid-November and December 2023.

(a) Site A3 (b) Site A4 (c) Site A5

(d) Site A6 (e) Site A7 (f) Site A8

Figure 7.4: City A; Actual vs. counterfactual comparison of waiting time (W) for Sites A3–A8 (time window
14 : 00–18 : 00). Top row (a)–(c): Sites A3–A5 (within 3 km of the new Site A2, showing the strongest impact);
Bottom row (d)–(f): Sites A6–A8 (beyond 3 km, where e{ects attenuate).

Site A4 (the smallest incumbent) is the most sensitive in proportional terms to redis-
tributed EV demand. Weekly mean arrivals increase from NA

AC = 2.24 EV/week to NA
CF =

2.81 EV/week, an absolute change of ∆NA = +0.57 EV/week (+25.3%). Because capac-
ity is constrained, these modest arrival increases translate into severe blocking and queuing:
blocked EVs nearly double (NB

CF ≫ NB
AC, +93.7%), and queued EVs rise from NW

AC = 0.66

to NW
CF = 0.92 (+40.1%). These count level e{ects are mirrored in the waiting time and

utilization distributions. WAC at A4: minimum of 3.209 minutes; median of 9.235 minutes;
mean of 8.521 minutes; maximum of 13.554 minutes. WCF increases throughout the distri-
bution of EV demand (minimum of 6.220; median of 9.695; mean of 10.025; maximum of
16.379), yielding a mean increase ≈ 17.7% (as shown in Fig. 7.4(b)). UAC at A4: minimum
of 0.1449; median of 0.3077; mean of 0.3570; maximum of 0.5350 (mean ≈ 35.70%) rises
under CF to minimum of 0.3013; median of 0.3866; mean of 0.4153; maximum of 0.6352
(mean ≈ 41.53%), an approximate mean uplift of 16.3% (as shown in Fig. 7.5(b)). Because
A4’s capacity is limited, modest arrival increases generate pronounced queuing and blocked
events during the late season period; this con~rms that small, capacity constrained incum-
bents obtain the largest proportional QoE gains when a nearby high-power node intercepts
diverted demand.

Site A5 experiences moderate EV redistribution concentrated in late autumn. Weekly
average arrivals increase from NA

AC = 2.84 EV/week to NA
CF = 3.18 EV/week, a rise of

∆NA = NA
CF − NA

AC = +0.34 EV/week (+12.1%). Queueing and blocking grow ac-
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(a) Site A3 (b) Site A4 (c) Site A5

(d) Site A6 (e) Site A7 (f) Site A8

Figure 7.5: City A; Actual vs. counterfactual comparison of utilization for Sites A3–A8 (time window 14 : 00–
18 : 00). Top row (a)–(c): Sites A3–A5 (within 3 km of the new Site A2, showing the strongest impact); Bottom
row (d)–(f): Sites A6–A8 (beyond 3 km, where e{ects attenuate rapidly).

cordingly: queued EVs increase from NW
AC = 0.30 to NW

CF = 0.48 and blocked EVs from
NB

AC = 0.018 to NB
CF = 0.050, while served EVs increase from NS

AC = 2.82 to NS
CF = 3.13

on average. These count-level changes are consistent with the modest shifts in waiting and
utilization: WAC at A5: minimum of 0.1127 minutes; median of 0.5279 minutes; mean of
0.7962minutes; maximum of 2.7386minutes. WCF: minimum of 0.0687; median of 0.5276;
mean of 0.8542; maximum of 4.6567, resulting the waiting time increases of about 7.3%
under CF (as shown in Fig. 7.4(c)). UAC at A5: minimum of 0.01037; median of 0.04160;
mean of 0.04847; maximum of 0.20236 (mean ≈ 4.85%) increases in CF to minimum of
0.01796; median of 0.04885; mean of 0.05348; maximum of 0.30144 (mean ≈ 5.35%), an
approximate mean uplift of 10.4% (as shown in Fig. 7.5(c)). Situated near the attenuation
threshold (3 km from A2) and possessing intermediate capacity, A5 receives partial diverted
EV demand: measurable QoE degradation appears in peak period but severe congestion is
not observed on average.

Site A6 (a larger incumbent) shows modest absolute and proportional changes.
Weekly arrivals shift fromNA

AC = 3.18 EV/week toNA
CF = 3.41 EV/week, an increase of

∆NA = NA
CF −NA

AC = +0.23 EV/week (+7.3%). Queued EVs increase from NW
AC = 0.33

to NW
CF = 0.42 (+26.3%) and blocked EVs from NB

AC = 0.017 to NB
CF = 0.027 (+55.1%).

Overall, these changes indicate only modest demand redistribution impacts at A6 in both
absolute and proportional terms. Although absolute blocking counts remain small. These
count changes are re�ected in narrow shifts in waiting time and utilization: WAC at A6: min-
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imum of 0.1356 minutes; median of 0.5953 minutes; mean of 0.9906 minutes; maximum of
2.2377 minutes. Under CF, WCF increases slightly (CF mean ≈ 1.0177 minutes; ≈ +2.7%
relative to Actual mean), as shown in Fig. 7.4(d). UAC at A6: minimum of 0.01312; median
of 0.04331; mean of 0.06184; maximum of 0.17102 (mean ≈ 6.18%) increases in CF to
minimum of 0.01323; median of 0.04768; mean of 0.07091; maximum of 0.21030 (mean
≈ 7.09%), an approximate mean uplift of 14.7% (as shown in Fig. 7.5(d)). The larger ca-
pacity at A6 cushions the site: incremental arrivals are absorbed with smaller QoE impacts
relative to smaller incumbents.

Sites A7 and A8 (the more distant incumbents) exhibit marginal CF vs. Actual dif-
ferences and rapid attenuation of redistributed EV demand beyond 3 km. Site A7 experi-
ences only marginal redistribution e{ects. Weekly mean arrivals change from NA

AC = 2.06

EV/week to NA
CF = 2.10 EV/week (∆NA = +0.04, +1.7%). Queued EVs increase from

NW
AC = 0.17 to NW

CF = 0.19 (+9.3%), and blocked EVs from NB
AC = 0.009 to NB

CF = 0.011

(+15.4%).
Broadly, these small absolute changes correspond to minimal QoE degradation at A7.

Waiting time and utilization are nearly unchanged in practical terms: WAC: min = 0.2204

minutes; median = 0.4406 minutes; mean = 0.7962 minutes; max = 2.5454 minutes. WCF

≈ 0.8462 minutes (≈ +6.3% mean increase), as shown in Fig. 7.4(e). A7’s UAC mean ≈
0.0411 (min = 0.01706; median = 0.03146; max = 0.14041) increases under CF to mean ≈
0.0439 (≈ +6.8% relative change) (as shown in Fig. 7.5(e)). Consequently, the di{erences
at A7 are con~ned to isolated weeks and are of limited operational signi~cance. Site A8

experiences only minor redistribution e{ects. Weekly mean arrivals increase from NA
AC =

2.10 EV/week to NA
CF = 2.16 EV/week (∆NA = +0.06, +3.0%). Queued EVs increase

from NW
AC = 0.176 to NW

CF = 0.210 (+0.034, +19.3%), and blocked EVs from NB
AC =

0.008 to NB
CF = 0.013 (+0.005, i.e., still rare). Overall, these changes represent absolute

increases in arrivals and queueing at A8. Correspondingly, WAC: minimum of 0.17596

minutes; median of 1.0552 minutes; mean of 0.9541 minutes; maximum of 2.5163 minutes,
WCF mean ≈ 1.0754 minutes (≈ +12.7% mean increase), as shown in Fig. 7.4(f). A8’s UAC

mean ≈ 0.0562 (minimum of 0.01361; median of 0.02568; maximum of 0.12927) increases
under CF to mean ≈ 0.0627 (≈ +11.5% relative change), as shown in Fig. 7.5(f). Blocked
events at these sites remain rare and served EV counts are largely unchanged on average.

Taken together, CF forecasts systematically estimate higher congestion state than the
observed state; however, operational signi~cance depends strongly on incumbent capacity
and proximity to the newly deployed site (e.g., Site A2). Small incumbents (A4) obtain the
largest proportional QoE improvements from proximate high-power diversion; mid-sized,
nearby sites (A3, A5) obtain the largest absolute congestion relief concentrated in peak
weeks; and larger or more distant stations (A6–A8) either absorb redistributed volume or
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receive negligible diverted �ows with modest QoE impact. Also, seasonality ampli~es CF
vs. Actual divergence, for instance, the October to December 2023 period witnessed the
largest absolute di{erences in waiting time and utilization across the examined sites.

Finally, Site A2 operated primarily as an absorptive high-power site throughout the
examined period, with weekly NA

AC rising from low single digits in summer to a late au-
tumn/early winter peak (mean of 6.07 EV/week; median of 5.15; maximum of 12.0), and
NS

AC EVs closely tracking demand (maximum of 11.94). The simulation results show mini-
mal QoE degradation for most weeks: WAC remained very low (minimum of 0.0017minutes;
median of 0.063 minutes; mean of 0.174 minutes; maximum of 0.80 minutes; as shown in
Fig. 7.6(a)), UAC is modest (mean ≈ 2.2% with peaks ≈ 9.4%; as shown in Fig. 7.6(b)), and
NB

AC EVs is negligible (≈ 0.04 total). Late season weeks exhibited localized stress, withNW
AC

EVs peaking at 1.38 and short episodes of queuing under seasonal demand spikes. These
~ndings con~rm that A2 e{ectively intercepted and absorbed diverted demand during peak
weeks, relieving smaller nearby sites, while maintaining ample headroom for most of the
period. Operationally, A2’s pro~le supports its role as an e{ective congestion mitigation
deployment but suggests value in monitoring the peak periods (e.g., late autumn), consid-
ering EV demand-aware operational measures to prevent transient queuing as seasonal load
intensi~es.

Accordingly, the policy and operational implications follow directly from these out-
comes: (1) siting high-power L3 capacity where it can intercept dense, high variance demand
within roughly a 3 km radius threshold (adjusted regionally to re�ect local EV community
characteristics) results the greatest marginal QoE improvements; (2) small, capacity con-
strained incumbents obtain the largest proportional bene~ts, while mid-sized nearby incum-
bents obtain the largest absolute congestion relief during peak demand; and, (3) absorptive
Sites such as A2 should be closely monitored during peak EV demand periods (e.g., late
autumn), as the observed maxima in waiting time and utilization indicate short episodes of
queuing that could be mitigated through demand-aware operational measures (e.g., dynamic
pricing windows, temporary or backup capacity, or rerouting of EV requests).

(a) Waiting time (b) Utilization

Figure 7.6: Site A2. (a) Waiting time, (b) utilization; Analysis window: 14 : 00–18 : 00.
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7.6 Conclusion
This study develops a data-driven framework for quantifying the site level impacts of L3
public fast charger deployments and for translating those impacts into practical and applica-
ble useful QoE metrics. The core contributions are a causal inference pipeline that isolates
the deployment e{ect of a new high-power sites from confounding in�uences (e.g., spa-
tial proximity, dynamic outlet capacity, and local amenity access), a scenario based spatial
model that simulates alternative relocation/deployment con~gurations, and a temporal mon-
itoring component that detects evolving congestion hotspots following each deployment.
Forecasts of counterfactual session counts are generated by a gradient boosted model and
are then fed into an accurate M/G/C/K queueing model with with realistic empirically ~tted
service times. Exhaustive simulations were conducted to evaluate the EV user-perceived
QoE performance in terms of blocking probability, average waiting time, utilization and
queue length. Using a case study of two major cities, this work shows that high power L3
installations principally relieve local congestion within roughly a 3 km radius, with capacity
normalized e{ects larger for small incumbent public EV charging sites and more di{use
reductions for large depots. Sequential deployments also improved model calibration and
forecasting accuracy: the forecasted error converged rapidly after each deployment, and the
framework successfully captured seasonal and event driven demand �uctuations. Overall,
the methodology transforms descriptive diagnostics into prescriptive, investment-grade de-
cision support: operators can use the proposed pipeline to compare deployment options,
estimate congestion relief bene~ts, and select site and capacity parameters that balance per-
formance and budgetary constraints.



Chapter 8
Conclusion and Next Steps for Research

The accelerating global shift from fossil-fuel transport to electric mobility, driven by mount-
ing urgency to address climate change, places EVs and public charging infrastructure at the
center of modern urban mobility and power-system planning. This thesis presents a coher-
ent, data-driven program of work that improves how operators and infrastructure planners
model, monitor, and manage public EV charging to optimize and maintain EV users Quality
of Experience (QoE) during the service. Our contributions are ~vefold, each corresponding
to a major work in this thesis.

First, we perform an accurate empirical and analytical study of real-world charging-
session records and use the resulting insights to construct more accurate queueing models
for public EV charging sites. Contrary to common assumptions, per-site EV arrivals do not
always follow Poisson processes. Second, we develop a site-level, data-driven framework
for novel QoE performance metrics and EV demand forecasting for the Public Charging
Infrastructure (PCI). We design a forecast model that accurately predicts the evolution of
EV charging requests at each site and apply it to 14 representative locations to examine
trends in occupancy, utilization, blocking probability, and queue length.

Third, we present an interactive, operator-focused mapping and analysis tool that con-
verts empirical charging session records into spatio-temporal intelligence to support QoE
assessment and guide infrastructure planning. The tool supports con~gurable temporal
granularity (monthly, quarterly, daily), per-site QoE metrics (utilization, blocking proba-
bility, waiting time, EV battery state-of-charge statistics, peak load factor, etc.), amenity
and competitor overlays, and a hexagonal choropleth view that highlights congestion hot
spots. Fourth, we introduce DICT, a novel demand-informed charging threshold scheme
that discourages EV users from charging beyond an (χ = 80%) State of Charge (SoC)
threshold to reduce long, low-power tail charging sessions that in�ate service times and
degrade QoE. Fifth, we develop a causal, data-driven pipeline machine learning model to
quantify site-level impacts of L3 fast-charger deployments and translate those impacts into
practical QoE metrics. The core contributions are: (a) a causal-inference model that isolates
the deployment e{ect from confounders (spatial proximity, dynamic outlet capacity, local
amenity access), and (b) a temporal monitoring component that detects evolving congestion
hot spots after each deployment.
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Taken together, these contributions represent a tightly coupled set of theory, simulation,
forecasting, modeling, and operator tools that advance both the science and practice of public
EV charging planning. They demonstrate how empirical session data, when combined with
appropriate statistical characterization, validated queueing models, and causal-spatial analy-
ses can meaningfully improve forecasting, investment prioritization, and demand-management
strategies.

Future research should systematically extend and address the empirical and modeling
limitations and capabilities identi~ed in this thesis to improve the reliability and accuracy of
waiting-time estimates, planning tools, and EV demand and QoE analysis. Priority should
be given to collecting high-~delity ~eld data (precise arrival timestamps) and running vali-
dation studies that compare modeled versus observed queueing outcomes; complementary
work must develop scenario-driven arrival and service-time models that capture realistic per-
turbations such as planned/unplanned station outages, temporary decommissioning, munici-
pal rerouting, special events, and seasonal or weather-driven variability. To implement these
scenarios, embed them in stress tests and sensitivity analyses to quantify how surrounding
EV charging capacity absorbs redirected EV demands, how quickly stations queues grow,
and which investments or short-term measures (e.g., time limits, reservation enforcement,
targeted dynamic pricing) best maintain user QoE during disruptions.

Methods and models should progress from retrospective analysis to near-real-time per-
formance support and assessment, and incorporate behavioral factors such as balking prob-
ability, the probability that an arriving driver, after seeing a station’s current queue length
or estimated waiting time, decides not to enter that station’s queue (in this thesis, balking
was represented as the number of blocked EVs, i.e., arrivals denied service when no wait-
ing slots were available; future work should extend this treatment to other balking mecha-
nisms such as drivers deterred by long expected waits or partial-capacity conditions), and
reneging probability, the hazard that a driver who has joined the queue abandons before ser-
vice. Because balking hides latent demand across the network and reneging reduces realized
throughput and skews waiting time and reliability metrics, jointly modelling both yields cor-
rected wait and blocking estimates, quanti~es lost versus recoverable demand, and enables
planners to evaluate policy levers (reservations, pricing, real-time information) that reduce
abandonment and improve QoE. Future work should also extend the interactive mapping and
analytics tool to ingest periodic, processed session feeds from studied cities and additional
Quebec municipalities so operators and planners have province-wide, up-to-date statistics.

Additionally, incorporate two contextual data layers into the QoE analysis discussed in
this thesis. The ~rst, an electrical constraint layer, encodes smart grid and site topology
and explicit equipment limits, transformer nameplate ratings and measured loading, feeder
ampacity, spare capacity, distributed generation ties, voltage/phase constraints, and protec-
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tion settings to evaluate the physical feasibility of proposed chargers and incremental public
EV loads. The second, a utility-telemetry layer, supplies time-series Supervisory Control
and Data Acquisition (SCADA), Advanced Metering Infrastructure (AMI), and Phasor Mea-
surement Unit (PMU) style measures (feeder and transformer loading, substation demand
curves, voltage pro~les, and event �ags for faults, outages, and EV demand response). To-
gether these streams enable planners to correlate EV charging demand with grid stress, run
realistic what-if scenarios, and support near-real-time alerting, while ensuring appropriate
privacy, security, and access controls.

Moreover, integrate Distributed Energy Resources (DERs) and grid �exibility models
into the expansion and deployment work�ows by extending the queueing models and fore-
casting frameworks discussed in this thesis to represent on-site generation (solar, wind),
behind the meter and centralized storage, and Vehicle-to-Grid (V2G) interactions, includ-
ing their intermittency and state-of-charge dynamics. Speci~cally, co-optimize the public
charging outlets siting and sizing with storage/DER capacity under stochastic demand and
renewable supply to evaluate hybrid solutions that trade capital for operational �exibility and
to quantify local hosting capacity, energy peak-demand relief, and resilience under outages
or surges. In addition, future work should study �eet management, including monitoring,
scheduling, routing, and State-of-Charge (SoC) management of commercial, shared, or mu-
nicipal vehicle �eets, and embed these �eet controls into the deployment and QoE analysis
to optimize and extend the capabilities of the public EV charging and better accommodate
the growing EV communities into the public network more e|ciently.

On the policy and market front, broaden the public EV demand management beyond the
DICT scheme studied here to include dynamic pricing, time-window incentives, reservation-
aware scheduling, EV SoC/distance-aware prioritization, and targeted incentives to draw
EVs to underutilized sites. Accurately design and ~eld-test these instruments, evaluating
not only QoE (blocking, waiting, utilization) but also economic outcomes (revenue, cost-
e{ectiveness) and behavioral acceptance through controlled and implemented models. Fi-
nally, implement and compare new, competitive, coherent, and robust machine-learning
(ML)/Arti~cial Intelligence (AI) models to perform causal inference of EV fast-charging
deployments; evaluate each model’s accuracy and select the most reliable for downstream
charging-session causal estimates. Building on these selected causal estimates, tightly cou-
ple the causal-inference and forecasting outputs with modern ML optimization: apply the
causal estimates of deployment impacts as inputs to constrained optimization algorithms
that recommend site locations, capacities, and sequencing to meet con~gured QoE thresh-
olds (e.g., utilization, average waiting time, peak-load factor) while respecting smart-grid
constraints and budget limits.
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